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Background
The human gut microbiome is a highly complex and diverse ecosystem composed of 
bacteria, archaea, fungi, and viruses living in our gastrointestinal tract. Its composition 
is determined via high-throughput sequencing technologies [1], and varies depend-
ing on numerous factors such as host genetics, diet, environmental exposure, lifestyle 
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Abstract
Background  The gut microbiome plays a crucial role in human health, making it 
a cornerstone of modern biomedical research. To study its structure and dynamics, 
machine learning models are increasingly used to identify key microbial patterns 
associated with disease and environmental factors, but their performance is often 
limited by the intrinsic complexity of microbiome data and the small size of available 
cohorts. In this context, data augmentation has emerged as a promising strategy to 
overcome these challenges by generating artificial microbiome profiles.

Results  We introduce TaxaPLN, a data augmentation method based on PLN-Tree 
generative models, which leverages the taxonomy and a data-driven sampler to 
generate realistic synthetic microbiome compositions. Additionally, we propose a 
conditional extension based on feature-wise linear modulation, enabling covariate-
aware generation. Experiments on diverse curated microbiome datasets show 
that TaxaPLN preserves ecological properties and generally improves or maintains 
predictive performances, outperforming state-of-the-art baselines on most tasks. 
Furthermore, the conditional variant of TaxaPLN establishes a new benchmark for 
metadata-aware microbiome augmentation.

Conclusion  TaxaPLN provides a model-based framework for augmenting microbiome 
datasets while preserving their ecological and clinical relevance. By integrating 
taxonomic structure and host metadata, it enhances predictive modeling across 
diverse real-world settings. To facilitate reproducible and scalable microbiome analysis 
using our method, TaxaPLN is released as an open-source Python package available on 
PyPI (plntree), with MIT-licensed source code hosted at ​h​t​t​p​s​:​​/​/​g​i​t​​h​u​b​.​c​o​​m​/​A​l​​e​x​a​n​d​​r​
e​C​h​a​​u​s​s​a​r​d​​/​P​L​N​​T​r​e​e​-​p​a​c​k​a​g​e.
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habits, and health condition [2]. Despite the unique signature of each individual’s micro-
biome, growing evidence suggests that microbial composition can serve as a biomarker 
for various diseases, including inflammatory bowel disease (IBD), type 1 diabetes (T1D), 
colorectal cancer (CRC), or psychiatric disorders such as schizophrenia [3–6]. These 
insights have led to the integration of gut microbiome data into machine learning mod-
els for disease classification, prognosis, biomarker discovery, and bacterial interaction 
network inference [7, 8]. However, leveraging microbiome data for predictive modeling 
remains challenging due to host-specific variability, high dimensionality, sparsity, and 
compositional constraints which raise challenges for model generalization [9]. Addi-
tionally, thousands of microbial species inhabit the gut microbiome, often distributed 
in vastly different proportions across individuals. This inherent complexity aggravates 
the risk of overfitting in machine learning models, particularly when the cohort size is 
limited, yielding poor generalization.

To mitigate these challenges, data augmentation has emerged as a promising approach 
to enrich training sets with synthetic samples [10]. Adapting traditional techniques such 
as synthetic minority oversampling (SMOTE) [11], Mixup [12], and generative adver-
sarial networks (GAN), recent methods have focused on microbiome-specific aug-
mentation, notably Compositional Cutmix and Aitchison Mixup [13] which tackle the 
compositional nature of microbiome data, or TADA [14], PhyloMix [15] and PhylaGAN 
[16] which incorporate taxonomic and phylogenetic information in microbiome genera-
tion. However, none of these augmentation methods explicitly support the integration 
of clinical metadata into the generation process, preventing the association of relevant 
covariates with synthetic microbiome samples (e.g., age, BMI, sex). This limitation ulti-
mately restricts their use in predictive analyses that rely on both microbiome and meta-
data information, which is a common setting in clinical applications.

Following these advances, we introduce TaxaPLN, a novel data augmentation strategy 
tailored to microbiome data that aims at improving predictive analysis. In contrast with 
prior approaches, TaxaPLN is a variational autoencoder (VAE) based on the Poisson 
Log-Normal Tree (PLN-Tree) generative model [17]. By incorporating the microbial tax-
onomy as a structured prior on taxa distribution, TaxaPLN generates biologically faith-
ful synthetic microbiome profiles using a post-hoc variational mixture of posteriors [18] 
(VAMP) sampler. Additionally, TaxaPLN incorporates clinical metadata using a condi-
tional deep architecture based on Feature-wise Linear Modulation (FiLM) [19], enabling 
the generation of microbiome samples that are associated with patient-level metadata, 
thus allowing covariate-aware data augmentation in microbiome studies.

We conduct a comprehensive evaluation of TaxaPLN on nine high-quality curated 
datasets from the curatedMetagenomicData database [20]. First, we evaluate the fidel-
ity of TaxaPLN-generated samples regarding the original cohorts using standard ecology 
diversity metrics [21], asserting valid downstream analysis. We then assess the practical 
utility of TaxaPLN in supervised learning tasks against several baseline augmentation 
methods. Our benchmark includes four widely used classifiers in microbiome research: 
Logistic Regression, Random Forest, XGBoost, and deep neural networks. Overall, we 
find that TaxaPLN preserves key biological properties of the cohorts while enhancing 
predictive performance, with notable gains on non-linear classifiers against baseline 
methods. In particular, TaxaPLN outperforms the standard PLN baseline, showing the 
interest of the taxonomy in microbiome modeling. Furthermore, performance increases 
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in covariate-aware data augmentation establish a first baseline in metadata-aware micro-
biome predictive analysis.

Methods
Framework
Consider a supervised learning setting with n microbiome samples. Let X ∈ Rn×KL

+  the 
abundance matrix for the KL taxa observed at the finest taxonomic level L, such that the 
i-th row Xi ∈ RKL

+  indicates the abundance of each taxon in the i-th sample. Each sam-
ple is paired with a binary or multiclass label Y ∈ {0, . . . , M}n describing the host trait 
of interest (e.g. disease status), and when available, the abundance can be joined with 
exogenous covariates C ∈ Rn×d (e.g. age, body mass index, sex) to be used as predictors.

Upon sequencing microbial data, genome-resolved features are aggregated along a 
curated taxonomic hierarchy up to a level L of interest, typically the genus in 16 S rRNA 
or the species in shotgun sequencing, offering an increasing resolution on the microbi-
ome features as L grows. Thus, the obtained microbial counts are related through the 
taxonomy to form taxa-abundance data, establishing hierarchical compositional rela-
tionships along the taxonomy, as illustrated in Fig. 1 and further detailed in Supple-
mentary Material–Section A. Although sequencing pipelines output integer count for 
each taxon, the abundance is often normalized to assert the compositionality property 
of microbial samples [9], from which counts can be recovered through multinomial 
sampling.

Given microbial samples X with corresponding traits labels Y, the objective of 
data augmentation is to generate ñ synthetic microbiomes X̃ ∈ Rñ×KL  and labels 
Ỹ ∈ {0, . . . , M}ñ such that ñ + n = βn, where β ⩾ 1 is the augmentation ratio. 
Then, defining the augmented training dataset {X, X̃} ∈ R(n+ñ)×KL  with labels 
{Y, Ỹ} ∈ {0, . . . , M}n+ñ, we aim to improve the performances of a classifier by using 

Fig. 1  Taxonomy and taxa-abundance sample illustrations from two studies of the curatedMetagenomicData da-
tabase [20] with prevalence filtering at 15%. First column displays the taxonomic tree used in our experiments 
for the considered dataset, spanning from the class to the species level. Second and third columns show taxa-
abundance profile for a control and a disease-associated sample respectively. In the taxonomy, colors indicate taxa 
belonging to the same class, coloring in abundance profiles represent relative abundances
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the augmented training set over the raw data, evaluating on real microbiomes only. Sim-
ilarly, conditional data augmentation involves generating covariates C̃ ∈ Rñ×d, yielding 
the augmented training set {X, X̃, C, C̃} with labels {Y, Ỹ}.

TaxaPLN generative models

Poisson Log-Normal (PLN) models have become a standard approach for modeling 
count data in ecological studies thanks to their probabilistic framework and ability to 
capture overdispersion [22]. As specialized variational auto-encoders (VAEs) adapted to 
abundance data, they offer interpretable latent representations and stable training pro-
cedures. These properties make PLN-based models preferable to GANs in clinical appli-
cations, as microbiome datasets are often limited in size, while GANs typically require 
large sample sizes and offer less stability and interpretability.

Building on recent developments that incorporate hierarchical dependencies into PLN 
models, TaxaPLN extends the Poisson Log-Normal Tree (PLN-Tree) framework [17] to 
enable metadata-aware microbiome generation while leveraging taxonomic structures. 
At its core, TaxaPLN preserves the hierarchical probabilistic prior of PLN-Tree, and uses 
the taxonomy as a guide: latent microbial abundances are propagated through the taxo-
nomic levels via an unconstrained Gaussian Markov chain, and observed counts are gen-
erated through parent-sum constrained PLN blocks within taxonomic clades, preserving 
the compositional nature of taxa-abundance microbiome data. Formally, given covari-
ates C, the microbial counts X and their latent representations Z are modeled such that 
{(Zi, Xi, Ci)}1⩽i⩽n are independent and distributed according to the following hierar-
chical process.

 	• The latent Gaussian Markov process 

Z1
i ∼ N (CiB, Σ1) ,

∀ℓ < L, Zℓ+1
i | Zℓ

i ∼ N
(

µθℓ+1(Zℓ
i , Ci), Σθℓ+1(Zℓ

i , Ci)
)

,
� (1)

 is such that Zℓ
i ∈ RKℓ  where Kℓ is the number of taxa at the level ℓ of the taxonomy, 

B ∈ Rd×K1  are the metadata weights at the first taxonomic level, and µθℓ
, Σθℓ  are func-

tions parameterized by θℓ outputting respectively the mean and covariance matrix of a 
Gaussian distribution of dimension Kℓ, the number of taxa at level ℓ of the taxonomy.

 	• Conditionally on the latent process, the count emission process is defined as 

X1
ik | Z1

ik ∼ P(exp (Z1
ik)) ,

∀ℓ < L, k ⩽ Kℓ, X̌
ℓ

ik | Xℓ
ik, Ž

ℓ

ik ∼ M
(
Xℓ

ik, σ(Ž
ℓ

ik)
)

,
� (2)

 such that σ(x) = {exp (xk)/
∑d

j=1 exp (xj)}1⩽k⩽d is the softmax transform, M (N, p) 

is the multinomial distribution with total count N and probabilities p, and for any ran-

dom variable V, V̌
ℓ

ik refers to the vector of children variables of node k at layer ℓ for 
sample i along the taxonomy.
In particular, TaxaPLN inherits the identifiability guarantees established by Chaussard 
et al. [17], ensuring that the model’s parameters and latent representations admit mean-
ingful interpretation, which is a crucial feature in clinical applications where biological 
insight and reproducibility are essential.
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Additionally, a key novelty of TaxaPLN is the integration of clinical metadata in the 
dynamic, enabling covariate-aware microbiome generation through feature-wise linear 
modulation (FiLM) [19]. For a given sample i and taxonomic level ℓ, the FiLM module 
takes the metadata vector Ci ∈ Rd as input to two neural networks, αℓ, γℓ, that return 
two vectors with dimensionality matching the regular input Ai in the original archi-
tectures of Chaussard et al. [17]. The FiLM block then applies a feature-wise affine 
transformation

AFiLM
i = αℓ(Ci) ⊙ Ai + γℓ(Ci) ,� (3)

where ⊙ is the Hadamard product. Fig.  2 depicts the FiLM insertions into the mean 
parameter of the TaxaPLN prior dynamic. Empirically, FiLM has shown similar benefits 
as attention mechanisms while being much less parameter-heavy, which can be critical 
in microbiome studies where n is often small compared to the amount of taxa.

Parameter inference for TaxaPLN models is carried out within the conditional vari-
ational framework described in [17]. This approach relies on the optimization of a 
surrogate objective known as the evidence lower bound (ELBO), which entails a varia-
tional proxy qφ(Z | X, C) of the model’s posterior pθ(Z | X, C). For TaxaPLN models, 
we extend the specialized residual backward amortized variational approximation of 
Chaussard et al. [17] to encode the taxonomic structure of microbial data while includ-
ing metadata through the FiLM module. An illustration of the encoding parameters is 
provided in Fig. 3. During training, model fitness to the original data is then monitored 
by the ELBO maximization, where higher values indicate a better fit.

Generating microbiomes with TaxaPLN

Motivated by non-parametric augmentation methods that condition synthetic sample 
generation on observed data, TaxaPLN employs a Variational Mixture of Posteriors 

Fig. 3  Feature-wise Linear Modulation applied to the residual amortized backward architecture of TaxaPLN, il-
lustrated for the variational parameters φℓ at layer ℓ ⩽ L. The amortizing Recurrent Neural Network is denoted 
by RNN, while the symbol "∪" indicates a concatenation of entries. We denote the variable X1:ℓ = (X1, . . . , Xℓ) 
and Eℓ the last output of the recurrent network after inputting the sequence of microbial compositions at each 
taxonomic level X1:ℓ

 

Fig. 2  Feature-wise linear modulation architecture applied to the latent mean parameter from the prior distribu-
tion of TaxaPLN at level ℓ < L. A similar architecture can be derived for the covariance parameters

 



Page 6 of 19Chaussard et al. BMC Bioinformatics            (2026) 27:1 

(VAMP) prior [18] as a post-training sampler. The VAMP prior defines a data-driven 
latent distribution by forming a uniform mixture of the variational posteriors using 
microbiome samples from the training set. Formally, if the variational approximation of 
the posterior is qφ(Z|X, C), parameterized by φ, the VAMP distribution is given by

p̄φ(Z) = 1
n

n∑
i=1

qφ(Z | Xi, Ci) .� (4)

This methodology enables the generation of synthetic samples that are generally more 
representative of the training data than samples from the prior [18, 23], thereby empha-
sizing the biological integrity characterizing the cohort in microbiome analysis. Follow-
ing the VAMP prior definition, the generative procedure consists in drawing uniformly a 
microbiome sample from the training set, then encoding it using the variational sampler 
to obtain its latent representation, before decoding the latent representation into a new 
sample using the emission distribution. To assert the practical benefit of our approach, 
Supplementary Material–Section C provides a generative benchmark of TaxaPLN 
against the traditional PLN-Tree prior. Results notably highlight the faithfulness of 
TaxaPLN generations to the original microbiome cohorts, aligning with previous find-
ings in other areas of research [18, 23].

Metagenomic datasets

The curatedMetagenomicData package is an extensive collection of human microbi-
ome shotgun metagenomic data from different body sites that has been standardized 
and curated from 93 published studies [20], thus facilitating comparative metagenomics 
research. Focusing on stool samples, it includes over 15,000 taxa-abundance samples in 
relative form sequenced with MetaPhlAn3 and annotated up to the species level, as well 
as rich annotations such as the age category, the sex, the geographical location, and the 
health status of the host. This vast database integrates studies covering a variety of con-
ditions, including inflammatory bowel disease (IBD), type 1 diabetes (T1D), adenoma, 
schizophrenia, colorectal cancer (CRC), soil-transmitted helminth infection (STH), and 
other microbiome-related disorders.

Using this package, we conduct a comprehensive evaluation of TaxaPLN augmenta-
tion on 9 studies spanning several conditions and displaying varying amount of samples 
and imbalance. To mitigate overfitting and reduce noise from spurious taxa which are 
critical concerns in low-sample-size microbial studies, we perform prevalence filtering 
at the species level, retaining only those taxa present in at least 15% of the samples. The 
datasets composition and properties are provided in Table 1.

The resulting set of taxa annotations enable to determine the datasets’ associated tax-
onomy which hierarchically organize the taxa-abundance samples. An illustration on 
two example datasets is provided in Fig.  1. Additionally, to extend the applicability of 
count-based models to relative-form microbial data, we convert normalized propor-
tions into count data by sampling from a multinomial distribution with a total count of 
100,000 and probabilities defined by the relative abundances of each sample. The large 
total count ensures minimal information loss during this transformation. Finally, when 
covariates are available for a given study, we collect the age, sex, and body mass index 
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(BMI) of the patients for Section–Conditional Augmentation experiments, with feature-
specific preprocessings detailed in Supplementary Material–Section F.1.

Evaluation tasks

Before evaluating TaxaPLN on data augmentation tasks, we first assess the realism of the 
synthetic microbiome data it generates following the diversity benchmark methodology 
of Chaussard et al. [17]. The goal is to assert whether samples generated by TaxaPLN 
preserve the biological signature of microbial communities, as quantified by the α-diver-
sity and β-diversity metrics [21]. Resemblance in α-diversity is evaluated using the Shan-
non and Simpson indices, comparing synthetic and real cohorts via Mann–Whitney U 
tests and Kolmogorov–Smirnov (KS) divergences. To assess β-diversity similarity, we 
employ Principal Coordinates Analysis (PCoA) on Aitchison distance and Bray–Curtis 
dissimilarity, two metrics commonly used in shotgun metagenomics studies.

Following the biological validation, we assess the utility of TaxaPLN augmentation 
in two supervised learning scenarios: vanilla and conditional. The vanilla setting evalu-
ates TaxaPLN’s ability to enhance classification performance through the generation of 
synthetic microbiome profiles without any exogenous input, relying solely on microbial 
composition for host trait prediction. In the conditional setting, TaxaPLN is trained 
using both microbial data and covariates via the FiLM architecture defined in Section–
TaxaPLN Generative Models, enabling to generate synthetic microbiome samples con-
ditioned on clinical metadata. This setting aims to improve classification performance 
when both microbiome composition and covariates are used as features. In both sce-
narios, the impact of data augmentation is quantified using the Area Under the Preci-
sion–Recall Curve (AUPRC), a metric well-suited for balanced and imbalanced datasets 
[29], as commonly found in Table 1.

Augmentation settings

TaxaPLN augmentation is evaluated on four machine learning models commonly 
applied in microbial-trait association: Logistic Regression (LR), Multi-Layer Percep-
tron (MLP), Gradient Boosting classifier (XGBoost), and Random Forest (RF). For all 
classifiers, we employ the default implementations from scikit-learn [30] with 
parameters detailed in Supplementary Material–Table B3. For each study in Table 1, we 
adopt a 5-fold cross-validation scheme repeated 25 times with different random seeds 
to ensure robust performance estimates. Within each five splits of a cross-validation 

Table 1  Curated metagenomics datasets considered in our experiments, extracted from Pasolli et al. 
[20] with prevalence filtering at 15%. Diagnosis: diagnosis task, n: number of samples, p: number of 
featured taxa, nd : number of samples in the positive diagnosis group, nc : number of control samples, 
nd/n: imbalance ratio towards the positive class
Study ID n p Diagnosis nd nc nd/n References
WirbelJ_2018 125 189 CRC 60 65 48% [24]
KosticAD_2015 120 104 T1D 31 89 26% [4]
RubelMA_2020 175 103 STH 89 86 51% [25]
ZhuF_2020 171 155 Schizophrenia 90 81 52% [6]
ZellerG_2014 103 216 Adenoma 42 61 41% [5]
YachidaS_2019 318 177 Adenoma 67 251 21% [26]
YuJ_2015 128 198 CRC 74 54 58% [27]
NielsenHB_2014 396 174 IBD 148 248 37% [28]
HMP_2019_ibdmdb 1627 103 IBD 1201 426 74% [3]
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iteration, we fit a label-specific TaxaPLN model on the training data using the hyperpa-
rameters detailed in Section–Practical Analysis of TaxaPLN. For the taxonomy ablation 
study, we additionally fit two label-specific PLN models, implemented via the pyPLN-
models package [31]. The learned label-specific models are then used to augment the 
training data with a fixed augmentation ratio β = 2. For all augmentation strategies, 
microbiome data are first augmented in raw count form and then preprocessed with the 
centered log-ratio (CLR) transformation [32] prior to classifier training, mitigating com-
positional constraints and facilitating the use of parametric models (see Supplementary 
Material–Section E). Predictions are made on each test split of the cross-validation pro-
cedure, allowing the computation of one AUPRC value per split. For each iteration of 
the cross-validation procedure, we average the AUPRC scores across the five test splits, 
yielding one AUPRC value per iteration. Repeating the cross-validation while changing 
seed yields 25 AUPRC evaluations per dataset, which serve as the benchmark metric 
for comparing augmentation strategies. Additionally, Supplementary Material–Section 
E presents alternative results using proportion data instead of CLR-transformed, assess-
ing the robustness of TaxaPLN to different preprocessing choices.

Baseline methods

TaxaPLN is benchmarked against several augmentation methods, each generating an 
equivalent number of synthetic microbiome samples for evaluation, both for biological 
metrics analysis and downstream classification performances. To assess the contribu-
tion of the taxonomy-informed prior, we first compare TaxaPLN to a PLN baseline using 
the VAMP sampler described by Equation (4), with the parameterization introduced by 
Chiquet et al. [22]. In addition, we compare TaxaPLN to two widely used augmentation 
strategies: Vanilla Mixup, which generates synthetic samples by forming uniform convex 
combinations of microbiome compositions [12], and SMOTE with k = 5 neighbours, 
which performs local uniform convex interpolation based on Euclidean distance [11]. 
We also benchmark TaxaPLN against state-of-the-art microbiome-specific methods, 
including Compositional CutMix [13], which replaces subparts of one sample with those 
from another before renormalizing to preserve compositional constraints, and PhyloMix 
[15], a biologically guided variant of Mixup and CutMix that leverages the taxonomy 
and phylogeny to inform the partitioning strategy. Since phylogenetic trees are not con-
sistently defined across all taxa, our experiments with PhyloMix are restricted to taxo-
nomic structures available in curatedMetagenomicData. Importantly, as none of these 
mixup-based strategies support the inclusion of covariates, the conditional augmenta-
tion experiments focus solely on comparing TaxaPLN and PLN, each paired with its cor-
responding conditional VAMP sampler. All experiments are conducted using the original 
implementations provided by the respective authors, with default hyperparameters.

Results
TaxaPLN generates realistic microbiomes

TaxaPLN models, along with PLN baselines, are trained on the metagenomics datasets 
listed in Table 1 using the 5-fold cross-validation strategy described in the Augmentation 
Settings section, enabling the generation of synthetic microbiome samples conditioned 
on class labels. To evaluate generation quality, we select the models trained during the 
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first cross-validation iteration and sample synthetic microbiome profiles using TaxaPLN 
and the other baseline augmentation methods considered in our benchmark.

First, we assess the similarity between the generated and original microbiomes using 
α-diversity metrics, specifically the Shannon and Simpson indices. To evaluate whether 
the distributions of diversity indices differ significantly, we conduct Mann–Whitney U 
tests and provide empirical Kolmogorov-Smirnov divergence evaluations. Fig. 4 presents 
results for a representative study, while complete benchmarks are provided in Supple-
mentary Material–Section D.1.

Our findings indicate that synthetic microbiomes generated by TaxaPLN preserve the 
Shannon and Simpson α-diversity signatures of the considered cohorts. Similarly, Phy-
loMix and Compositional Cutmix generate microbiome profiles whose α-diversity met-
rics are generally not significantly different from those of the original cohort, suggesting 
that key biological signatures are preserved. Conversely, PLN-generated cohorts consis-
tently differ across all datasets, underscoring the importance of incorporating taxonomic 
structures in microbiome modeling. Besides, SMOTE and Vanilla Mixup generations 
yield significant α-diversity shifts across all studies, being also consistently rejected. 
These results indicate that both PLN, SMOTE, and Vanilla Mixup distort biological sig-
natures of microbiome data, potentially impairing downstream analysis.

Additionally, we assess β-diversity alignments between generated and original micro-
biome samples using both the Aitchison distance and Bray–Curtis dissimilarity through 
Principal Coordinates Analysis (PCoA). As shown in Fig.  5, TaxaPLN preserves the β
-diversity patterns of the original cohort, whereas other methods often introduce notice-
able shifts. In particular, TaxaPLN-generated samples closely align with real samples 
in the Bray–Curtis projected space, indicating more accurate preservation of the origi-
nal cohort’s ecological structure. In the Aitchison geometry, TaxaPLN further demon-
strates the ability to explore the space of microbiome compositions while generalizing 
the geometric structures observed in the original data, contrary to other methods which 
tend to distort patterns. Together, these results suggest that TaxaPLN achieves a bal-
ance between exploration and ecological fidelity, enabling meaningful augmentation of 
microbiome cohorts.

Fig. 4  Shannon and Simpson indices distributions of schizophrenic-labeled microbiomes from ZhuF_2020. Each 
method generates 500 samples. Mann–Whitney U tests are performed to assess the statistical significance of dis-
tribution differences between generated and original samples for each method. Significance P-values thresholds 
are denoted by: ****P ⩽ 0.0001; ***P ⩽ 0.001; **P ⩽ 0.01; *P ⩽ 0.05; ns: P > 0.05. Kolmogorov-Smirnov 
divergence between original samples and generated microbiomes is provided with bold value indicating the 
minimal distance
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Data augmentation

Vanilla augmentation

TaxaPLN augmentation is evaluated on 9 microbiome-trait classification tasks drawn 
from studies summarized in Table  1. These datasets span a diverse range of microbi-
ome-associated conditions, including inflammatory bowel disease, schizophrenia, type 1 
diabetes, adenoma, parasitic infections, and colorectal cancer, thus providing a compre-
hensive benchmark for assessing our method across varied biomedical contexts. Perfor-
mance is measured using a 5-fold cross-validation scheme repeated 25 times, as detailed 
in Section–Augmentation Settings. The resulting AUPRC scores are reported in Fig. 6, 
along with their 95% confidence intervals. To assess statistical significance, we conduct 
one-tailed paired t-tests comparing the mean AUPRC of TaxaPLN with that of each 
baseline augmentation strategy. Relative AUPRC gains to no-augmentation baseline are 
also provided in Fig. 7.

The augmentation results indicate that TaxaPLN generally enhances or preserves 
the predictive performance of various classifiers. Specifically, TaxaPLN achieves maxi-
mum test AUPRC improvements of 4.1%, 2.6%, 1.6%, and 0.9% when used with MLP, 
XGBoost, Random Forests, and Logistic Regression classifiers respectively. In com-
parison, the second-best augmentation method, PhyloMix, achieves maximum gains 
of 2.1%, 2.0%, 1.0%, and 1.3% with the same classifiers. On average across studies, 
TaxaPLN ranks first among all augmentation methods when paired with the MLP and 
XGBoost classifiers, yielding respective mean test AUPRC gains of 0.74% and 0.83% 
across studies. It also ranks third with Random Forest, close behind Vanilla Mixup and 
SMOTE, with an average gain of 0.82%, but ranks fifth with Logistic Regression, show-
ing an average gain of 0.02%. As observed for all methods, relative gains are generally 
modest, since most studies already achieve AUPRC scores around 80% or higher likely 
due to the high quality and curation of the curatedMetagenomicData microbiome data-
base and relative simplicity of the diagnoses tasks [20].

For non-linear models, TaxaPLN leads to performance degradation in only 2 out of 27 
experiments, with a maximum AUPRC drop of −2.0%. In contrast, PhyloMix, Compo-
sitional Cutmix, SMOTE, and Vanilla Mixup lead to performance drops in 8/27, 10/27, 

Fig. 5  Aitchison and Bray–Curtis β-diversity PCoA plots of augmented datasets compared to the original cohort 
of HMP_2019_ibdmdb. Each method augments the training fold with β = 2. Results on all datasets are reported 
in Additional File 1–Section D.2
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Fig. 7  Average performance gains (∆AUPRC) of vanilla augmentation methods on supervised learning tasks rela-
tive to the no-augmentation baseline. Each point shows the difference between the average AUPRC with and 
without augmentation for a given study in Table 1. The star symbols denote the mean AUPRC gain across studies 
for each method. On average, TaxaPLN achieves the highest improvement and generally enhances or maintains 
performance, particularly when paired with non-linear classifiers

 

Fig. 6  Vanilla augmentation performances on the supervised learning tasks. The evaluation was performed on 
real microbiome datasets from Table 1 sequenced at the species level. TaxaPLN augmentation is evaluated with 
five classifiers and compared against five baseline methods according to the Augmentation Settings protocol. 
TaxaPLN augmentation generally preserves or enhance predictive performances in varying dimensionality and 
data availability contexts. Performance comparison between TaxaPLN and other methods is assessed using one-
tailed paired t-tests with significance: ****P -value ⩽ 0.0001; ***P -value ⩽ 0.001; **P -value ⩽ 0.01; *P -value 
⩽ 0.05; ns: P -value >0.05
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8/27, and 5/27 experiments, with respective maximum declines of −3.5%, −2.8%, 
−3.5%, and −4.3%. Assessing the significance of TaxaPLN gains over the second best 
method, PhyloMix, one-tailed paired t-tests show that TaxaPLN achieves significantly 
better performance on 6/9 studies with MLP, 4/9 with Random Forest, and 4/9 with 
XGBoost. These results suggest that TaxaPLN performs at least as well as PhyloMix with 
non-linear classifiers, and offers significant improvements in roughly half of the tested 
scenarios.

With Logistic Regression, TaxaPLN augmentation yields limited improvements, with 
statistically significant gains over the no-augmentation baseline observed in only 3 out 
of 9 datasets. Although other augmentation methods can further improve linear classifi-
cation by up to 1.3%, Fig. 7 shows that all augmentation strategies generally offer much 
more modest benefits in this setting compared to non-linear classifiers. For TaxaPLN, 
this behavior can be interpreted through the PCoA plots in Aitchison space, which cor-
respond to principal component analysis on CLR-transformed microbial abundances. 
As shown in Fig. 5, TaxaPLN augmentation preserves local structures in the CLR space, 
introducing fine-scale diversity that linear models are typically unable to exploit. While 
this limits the effectiveness of TaxaPLN in linear settings, the observed behavior remains 
consistent with current microbiome analysis practices, which predominantly rely on 
non-linear classifiers such as Random Forest, XGBoost, or deep neural networks.

Additionally, we observe that TaxaPLN generally performs better than PLN, with sig-
nificantly better results in 18 out of the 36 experiments. Taken together with the bio-
logical conservation demonstrated by TaxaPLN relative to PLN, these findings highlight 
the benefit of incorporating taxonomic structure to generate synthetic microbiome data 
that are both biologically relevant and effective for data augmentation, as previously 
observed with PhyloMix.

Metadata-aware augmentation

Incorporating host-related clinical metadata into microbiome-trait classification allows 
to investigate how environmental and physiological factors influence microbial com-
munities [33, 34], while potentially enhancing predictive performance. Unlike non-
parametric augmentation methods in the baseline, TaxaPLN augmentation provides 
a probabilistic framework that can naturally accommodate exogenous information via 
conditional sampling, as detailed in Section–TaxaPLN Generative Models.

We evaluate TaxaPLN’s conditional augmentation on 7 out of the 9 datasets from 
Table 1 that all include clinical information on patients’ age, sex, and body mass index 
(BMI). Prior to model training, these covariates are preprocessed according to Supple-
mentary Material–Section F.1. Performance evaluation follows the 5-fold cross-valida-
tion protocol Section–Augmentation Settings. AUPRC performances are reported in 
Fig. 8. The comparative baseline is limited to PLN, as no other augmentation strategy 
explicitly supports the incorporation of covariates into microbiome generation to the 
best of our knowledge. Moreover, the set of benchmarked classifiers is restricted to Ran-
dom Forest and XGBoost, as these models naturally accommodate the heterogeneous 
data types resulting from the concatenation of covariates and microbiome compositions.

The results show that conditional TaxaPLN augmentation consistently enhances or 
preserves the predictive performance of both Random Forest and XGBoost classifi-
ers. Specifically, TaxaPLN achieves maximum test AUPRC improvements of 2.2% and 
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4.1% on Random Forest and XGBoost respectively, with corresponding average gains of 
0.9% and 1.7%. In comparison, the PLN baseline yields average AUPRC improvements 
of 0.4% on Random Forest and 1.1% on XGBoost, with more frequent negative impact 
than TaxaPLN. Statistical analysis using one-tailed paired t-tests indicates that TaxaPLN 
significantly outperforms the baseline in over half of the experiments, and in four cases 
for PLN. A generative benchmark comparing synthetic microbiomes produced by 
TaxaPLN and PLN in Supplementary Material–Section F.2 further compliments these 
findings by showing that TaxaPLN preserves biological statistics of the data while PLN 
exhibits significant biological shifts.

To assess how augmentation affects the role of clinical covariates in microbiome–
trait classification, we evaluate the importance of microbiome and covariate features 
using the mean decrease in impurity (MDI) from fitted tree-based predictors in Fig. 9. 
Across studies and classifiers, TaxaPLN augmentation generally increases the relative 
importance attributed to clinical metadata compared to the no-augmentation base-
line, whereas PLN tends to reduce their importance. Although the magnitude of these 

Fig. 9  Metadata ranking across features for covariate-aware microbiome classification, based on feature im-
portance from Random Forest and XGBoost using Mean Decrease in Impurity (MDI). For the 25 cross-validation 
iterations, we compute the average impurity-based feature importance across folds and report the ranking of 
metadata features under TaxaPLN augmentation, PLN augmentation, and no augmentation. A lower rank indicates 
higher model-attributed importance for diagnosis. Full results are reported in Additional File 1–Section F.3

 

Fig. 8  Conditional augmentation performances on the supervised learning tasks using covariates from Supple-
mentary Material–Section F.1. Performance comparison is assessed using one-tailed paired t-tests with signifi-
cance: ****P -value ⩽ 0.0001; ***P -value ⩽ 0.001; **P -value ⩽ 0.01; *P -value ⩽ 0.05; ns: P -value >0.05
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effects varies across datasets and classifiers, the BMI consistently emerges as one of 
the most informative clinical information, while the importance of age and sex varies 
across studies. Notably, we observe that age contributes comparatively more to colorec-
tal cancer diagnosis in the YuJ_2015 cohort than to STH parasitic infection diagnosis 
in RubelMA_2020, which is consistent with prior medical evidence in both studies [25, 
27]. These results suggest that TaxaPLN augmentation enhances the relative importance 
of clinically relevant metadata for microbiome–trait classification tasks, whereas PLN 
tends to reduce their relative importance in the fitted tree-based models.

Taken together, these results demonstrate that TaxaPLN provides an effective and bio-
logically grounded strategy for metadata-aware data augmentation in microbiome stud-
ies. By generating synthetic samples that preserve both microbial structure and covariate 
associations, TaxaPLN enhances downstream classification performance and has the 
potential to improve our understanding of the relationships between exogenous covari-
ates and microbiome composition.

Practical analysis of TaxaPLN

Model parametrization Selecting a TaxaPLN architecture involves specifying the 
parameterization of both the latent dynamics and the variational approximation. In our 
experiments, we adopt a similar deep architecture to that of Chaussard et al. [17] for 
PLN-Tree by using a linear latent dynamics and a residual backward variational approxi-
mation, with two-layer FiLM modules, as detailed in Supplementary Material–Section 
B.1. Despite not being tailored to individual datasets, this architecture displays con-
sistent performance gains across varied studies, thus highlighting the flexibility of the 
TaxaPLN framework. Besides, while a comprehensive hyperparameter tuning study is 
beyond the scope of this work, we note that appropriate architecture selection could fur-
ther optimize augmentation performances. In particular, smaller datasets would benefit 
from lower-capacity models with regularization to prevent overfitting, whereas larger 
datasets could leverage more expressive architectures to capture fine-grained patterns 
in microbiome composition. Additionally, the number of taxa relative to the cohort size 
should also inform the choice of deep architecture, in particular in high-dimensional 
low-sample-size contexts where overparameterization in deep learning modules can 
hinder generalization. Ultimately, model parameterization and computational power 
play a central role in the time efficiency of the augmentation pipeline. In our experi-
ments, training TaxaPLN for 10,000 epochs on an NVIDIA TITAN X (12GB) GPU takes 
on average 16 min, and up to 36 min for larger datasets. As shown in Supplementary 
Material–Table B2, training time improves with increased computational power, averag-
ing 11 min on an NVIDIA TITAN RTX (24GB) with the same hyperparameter settings. 
While this introduces a non-negligible overhead compared to non-parametric methods, 
the cost remains comparable to that of other deep generative models such as MB-GAN 
[35]. Moreover, as illustrated in Supplementary Material–Fig. B2, ELBO convergence is 
typically reached before 10,000 epochs, suggesting that early stopping could substan-
tially reduce runtime while maintaining model fitness to the original data.

Augmentation ratio As observed with mixup-based methods, the number of gen-
erated microbiome samples has a measurable impact on downstream performances, 
depending on both the augmentation strategy and the classifier type. In particular, for a 
given dataset, optimizing the augmentation ratio β through cross-validated grid-search 
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can improve downstream performance, albeit at the cost of increased computational 
overhead. In this study, we aim to identify a reasonable default value for β that general-
izes well across microbiome datasets and classifiers by analyzing its impact on predic-
tive performance across the curated datasets from Table 1. Fig. 10 reports the average 
AUPRC performances across the different microbiome studies for several values of β, 
grouped by classifier type. Results reveal distinct behaviors for each classifier: tree-based 
models generally benefit from increased β until reaching a performance plateau, MLPs 
exhibit a peak followed by a decline, and Logistic Regression remains largely insensitive 
to the augmentation ratio. Overall, β = 2 emerges as a reasonable compromise across 
classifiers and datasets in our experiments to improve classification performances with 
microbiome data.

Cohort size effect We investigate the impact of training set size on the effectiveness 
of TaxaPLN augmentation. Specifically, we conduct a control experiment using the 
HMP_2019_ibdmdb dataset (n = 1627), where subsets of the training data are randomly 
selected to represent 5% (n = 81) to 30% (n = 488) of the full cohort, with stratification 
on diagnosis labels. This procedure is repeated 100 times with different random seeds 
to assess variability in performance. For each subset, a TaxaPLN model is trained and 
used for vanilla data augmentation with β = 2, followed by classification with differ-
ent models. Performance results are reported in Fig. 11. We observe that although data 
augmentation on larger training sets generally yields better performances, the relative 
improvements brought by TaxaPLN are more pronounced when training data are lim-
ited, highlighting the practical relevance of TaxaPLN in low-resource settings. Besides, 
the performance gains are generally comparable to those obtained with PhyloMix, 
with TaxaPLN achieving superior average performance in 13 out of 16 scenarios, thus 
underpinning the interest of TaxaPLN for data augmentation across varying sample size 
settings.

Discussion
As explored in this study, predictive modeling in microbiome research is often hin-
dered by the intrinsic complexity of microbial data and the limited size of cohorts in 
clinical applications. By generating synthetic microbiome profiles, data augmentation 
is a promising approach to mitigate these challenges and enhance model robustness 
and generalization. While previous methods such as SMOTE [11], Vanilla Mixup [12], 
Compositional Cutmix [13], or PhyloMix [15] have demonstrated competitive perfor-
mances, their lack of modeling groundings and inability to incorporate patient-level 

Fig. 10  Impact of augmentation ratio on average classification performances with TaxaPLN. Averages are ob-
tained from the performances on all microbiome datasets in Table 1. The augmentation ratio β takes value span-
ning between 1 (no augmentation) and 5
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metadata ultimately limit their interpretability and applicability in clinical contexts. This 
study aims at addressing these limitations by introducing TaxaPLN, a model-based data 
augmentation framework that leverages taxonomic relationships and exogenous meta-
data to generate synthetic microbiome profiles. Through comprehensive benchmarks 
on varied curated microbiome datasets [20], we demonstrate that TaxaPLN augmenta-
tion not only preserves key ecological statistics of the original cohorts, but also generally 
improves or maintains performance in classification tasks, notably with non-linear clas-
sifiers where it outperforms prior baselines. Moreover, its ability to incorporate clini-
cal metadata in a VAE framework represents, to our knowledge, the first benchmark for 
data augmentation in covariate-aware microbiome analysis, which is central in clinical 
research.

While TaxaPLN shows notable empirical performance, our study offers room for 
future developments. For instance, we adopted a general-purpose architecture and fixed 
augmentation ratio for consistency across our experiments. However, performance 
would benefit from dataset-specific hyperparameter tuning, particularly in low-data 
regimes. Besides, generation quality is sensitive to the fit of the variational approxima-
tion, which can lead to limited diversity when model capacity is not tailored to data 
availability constraints. Finally, although TaxaPLN augmentation works best when 
paired with current best-performing microbiome classifiers such as Random Forest, it 
shows limited impact on linear models.

As such, this study opens several promising directions for future work. The genera-
tive framework of TaxaPLN offers a broad design space with numerous variants yet to 
be explored. For instance, implementing β-VAE regularization [36] or early stopping 
strategies could encourage further exploration by regularizing the variational approxi-
mation, namely in low-data regimes. Besides, leveraging the latent space could open 

Fig. 11  Effect of augmentation using TaxaPLN and PhyloMix with varying numbers of training samples from the 
HMP_2019_ibdmdb cohort, with augmentation ratio β = 2. Average performance is computed over 100 hold-
out splits at each specified training size, with performance measured through average AUPRC ±95% confidence 
intervals
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opportunities for advanced sampling strategies, such as latent mixup or Riemannian 
geodesic interpolation [23], which could also enhance exploration while improving aug-
mentation performances. As a model-based approach, TaxaPLN also offers tools for 
investigating the biology of the gut microbiome. Exploring structured parameterizations 
in TaxaPLN, namely sparse or block-diagonal precision matrices, could yield interpreta-
ble insights into microbial community structures, revealing interactions that guide syn-
thetic data generation. Similarly, linear FiLM networks could be used to understand the 
impact of specific covariates on microbial compositions. Finally, automatically tuning 
the augmentation ratio to maximize downstream performance could further enhance 
the practical impact of augmentation strategies. Thus, exploring data-driven methods 
to identify the optimal number of synthetic samples would yield substantial interest for 
practitioners.

Conclusion
This study presents TaxaPLN, a model-based data augmentation framework for micro-
biome analysis. By integrating taxonomic relationships and clinical metadata into a gen-
erative model, TaxaPLN produces biologically realistic synthetic profiles that enhance 
predictive modeling across a broad range of real-world classification tasks, including 
both vanilla and metadata-aware microbiome augmentation scenarios. In particular, its 
applicability to limited sample size settings and capacity to integrate patient-level meta-
data align well with the constraints of clinical microbiome studies. To support reproduc-
ibility and facilitate its use, we release TaxaPLN as a user-friendly open-source Python 
package available via PyPI (plntree), with full source code and experiments hosted on 
GitHub.
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