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Abstract

Background

Metaproteomics characterizes and compares molecular phenotypes of organisms in communities
by comprehensively analyzing their protein expression profiles using statistical methods.
However, not all statistical methods are suitable for determining differentially abundant protein
groups in metaproteomic analyses. Statistical challenges in metaproteomics include: data
sparsity, non-normality, compositionality, and large between-sample variability. These
challenges can potentially be addressed with several data processing steps, including imputation,
normalization, transformation, and selection of the appropriate statistical tests. The potential
combinations of different processing methods create a complex matrix of analysis options and it
is currently unclear how these combinations impact the results of statistical tests on
metaproteomic data.

Results

To determine what data processing methods and statistical tests are best for identifying
differentially abundant proteins in metaproteomics datasets, we generated a set of thirteen
metaproteomic samples with known compositions, known differences, and differing levels of
complexity. These defined metaproteomes address the general challenges outlined above, using
various scenarios in metaproteomic data analyses. We compared over 110 different statistical
analysis combination options, including regression-based tools, general statistics inference, and
machine learning techniques. We found that several combinations within the frameworks of
limma, edgeR, MaAslin2, custom linear and Bayesian linear models, and random forests all offer
suitable evaluation options.

Conclusions

We highlight key recommendations for differential expression analysis in metaproteomics. Our
work enables improved assessment of statistical methods for metaproteomics by establishing a
framework for testing statistical approaches, including comprehensive raw mass spectrometry
data and reproducible benchmarking code.
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Background

Metaproteomics is the term used for approaches that comprehensively characterize gene
expression in microbiomes at the protein level (Kleiner 2019; Van Den Bossche et al. 2025;
Wilmes and Bond 2004). Metaproteomics usually involves high-resolution liquid
chromatography and mass spectrometry methods to identify and quantify tens of thousands of
peptides that are then used to identify and quantify thousands of proteins in each sample. Based
on protein abundances that differ between samples from different environments, treatments, or
conditions, we can determine how metabolic and physiological processes in the microbiome
respond to situations such as changing diet in the gut (Blakeley-Ruiz et al. 2022; 2025; Levi
Mortera et al. 2024), ecological succession in acid mine drainage (Mueller et al. 2011), organic
matter availability at different depths in the ocean (Bergauer et al. 2018), or host-symbiont and
host-pathogen interactions (Abbondio et al. 2023; Gruber-Vodicka et al. 2019).

Despite the successful application of metaproteomics to samples from many environments there
is currently no consensus on how to determine which proteins are actually differentially abundant
in different groups of samples. In fact, this consensus is even lacking for regular single-organism
proteomics (Langley and Mayr 2015; Wolski et al. 2023; Yang et al. 2022; Zhu et al. 2020).
Additionally, it remains to be shown whether statistical tools used for proteomics, or other -omics,
work as expected for complex metaproteomic analyses.

Statistical data analysis is rendered challenging by several features of metaproteomics data
(please refer to the Box for details). These features and consequential challenges include: different
possible protein abundance measures, i.e., spectral counts (SpC), or area for chromatographic
peaks of peptides from MS ion currents (AUC), data sparsity and concomitant imputation, batch
effects and non-Gaussian data distribution, and compositionality. After taking these challenges
and the resulting data pre-processing steps into account, there is still the open question of the
statistical test or tool for inferring differentially abundant proteins. Comparative evaluations of
statistical tools for (meta-)proteomics are mostly based on the use of spike-in proteins
(Malinowska et al. 2012; Pursiheimo et al. 2015; Ramus et al. 2016), which, while undoubtedly
useful, cannot fully capture the complexity of environmental metaproteomes. Alternatively,
evaluations use experimental data without a known ground truth, and/or simulated data (Langley
and Mayr 2015; Li et al. 2010; Pursiheimo et al. 2015), meaning that their direct transferability is
still unknown. Likewise, approaches for evaluating statistical tools for other omics- and
microbiome techniques include mainly experimental, downsampled, or simulated data (e.g.,
Calgaro et al. 2020; Jonsson et al. 2016; Nearing et al. 2022; Weiss et al. 2017). Following from
this, the use of complex samples of controlled composition (mock communities or ground truth
samples) for statistical method evaluation is largely missing.

Here, we generated complex defined metaproteomes with known compositions and measured
them with a standard metaproteomics workflow to use as ground-truth data. We designed our
mock communities to address various challenges of metaproteomics data analysis: (a) amall, but
biologically important, changes in protein abundances, (b) very large changes in total protein
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abundances of specific species in the microbiome, and (c) potential misassignment of identified
proteins to the incorrect species when sequences are very similar. We measured these
communities with a data-dependent acquisition (DDA) metaproteomics workflow to use as
ground-truth data. We subsequently used the metaproteomic data from these defined
metaproteomes to compare various data preparation and statistical inference methods using both
SpC and AUC quantification methods. We tested various commonly used statistical tools used in
(meta)omics and microbial community differential abundance analysis (e.g., edgeR, DESEq2,
limma; Chen et al. 2025; Love et al. 2014; Ritchie et al. 2015) as well as general statistical inference
methods (t-test, Wilcoxon), machine learning (random forests; Breiman 2001), and Bayesian
statistics-based approaches with various combinations of normalization and/or transformation
approaches. This framework for testing statstical approaches can be used in the future to expand
to other data acquisition approaches such as data-indepenendent mass spectrometry (DIA).
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Box

Statistical terminology

Discrete and continuous data: Discrete data are represented as whole numbers (integers), e.g., count
data. Continuous data, on the other hand are fractional and require decimals (float).

Compositional data: Compositional data are proportions or percentage data, or can be represented as
such, i.e., data relative to a total. Proteomics mass spectrometry data are inherently compositional: for
example, a cell is made up of 10 % protein A, 5 % protein B, etc. In addition to this “biological
compositionality”, the mass spectrometry data acquisition introduces compositionality, because there is an
upper limit to the amount of data that can be acquired. It has been advocated that specific methods have to
be used to address this feature of compositionality (Gloor et al. 2017).

Data sparsity and imputation: Especially in complex metaproteomic datasets, not all proteins present
in the sample, and certainly not all peptides of specific proteins, will be detected in all conditions, especially
when proteins are lowly abundant. Some statistical procedures cannot deal with missing data or zeros, e.g.,
because they are using a log transformation (and the log of zero is not defined). Imputation, i.e.,
replacement of missing values or of zero by some specific value (or values, in the case of multiple
imputation), can be used to address missing values. Multiple different imputation methods exist, ranging
from replacement with a small constant (e.g., the smallest number possible in the dataset or a fraction
thereof), to complex statistical procedures, and their use depends on the assumption of whether the data is
missing at random (MAR) or missing not at random (MNAR), or consists of a MAR/MNAR mixture (Lazar
et al. 2016). Alternatively, imputation-free models, which take the pattern of missing values into account
(Plancade et al. 2022) may be used, but missingness patterns are informative only for a higher number of
replicates.

Normalization vs Transformation: Normalization is used to make data comparable between MS runs,
batches, etc. For example, if different amounts of peptides were injected for the respective MS runs, one
would expect this to cause differences in protein group abundances. Consequently, these effects have to be
corrected. For that, a multitude of normalization methods exist (e.g., Vilikangas et al. 2016), and the
method used will impact the outcome of differential expression analysis. Transformations, on the other
hand, convert the data to adhere to a certain data distribution. Statistical tests often operate under the
assumptions of a specific data distribution (e.g., Gaussian, Poisson, etc.). To meet these assumptions, data
can be transformed (e.g., log, square root, etc.). Different transformations can be suitable for the same data,
and they will impact downstream statistical inference.

Type I error: Detection of false positives, i.e., a variable (protein group) is determined by a test as being
significiantly different between groups, whereas, in fact, it is not.

Type II error: Detection of false negatives, i.e., a variable (protein group) is determined by a test as not
being significantly different between groups, whereas, in fact, it is.

Power of a statistical test: Probability for a test to detect a true significant difference.



150

155

160

165

170

175

180

185

190

Overdispersion: Overdispersion means that the variability in the data is greater than that expected by a
given model. This happens for example for Poisson models: in the Poisson distribution, the mean equals
the variance. But in real-life count data, the variance is often larger (overdispersed).

Statistical tests

Parametric vs non-parametric tests: Parametric tests, such as the t-test, assume that the data stem
from a specific underlying distribution, e.g., that they were sampled from a Gaussian normal distribution.
The “parameters” in a normal distribution would, for example, be the mean and variance, which define the
exact shape of the distribution. Non-parametric tests, such as Wilcoxon’s rank-sum test, do not assume a
certain distribution, i.e., they have no parameters (hence non-parametric). This generally results in lower
power of non-parametric tests and thus a lower ability to actually detect existing statistical differences. The
assumption of independence of the samples being compared holds true for both parametric and non-
parametric tests. While samples need to be independent, correlated data (e.g., tests on the same subjects,
or time series) necessitates adapted approaches explicitly taking into account these correlations (e.g., paired
tests, or mixed models).

Generalized linear mixed model (GLMM): At the core, GLMMs are linear regression models. They
assume a linear relationship between the predictor variables (e.g., the protein group abundance) and the
response variable (e.g., the environmental or experimental condition). However, the linearity assumption
cannot hold true when, for example, the response is constrained between 0 and 1. Here, the “generalized”
comes into play: it refers to a link function, which is a function of the response variable that is linearly
correlated with the predictors — for example, the log. The “mixed” refers to the inclusion of random effects
in addition to fixed effects as predictors. Random effects can be batches of samples that are sampled at a
specific time point or extracted together, or subjects in the case of repeated measurements, but also
proteins. Mixed models can thus inherently incorporate non-independence between observations.

Frequentist vs Bayesian statistics: Frequentist statistics refers to “classical” null hypothesis testing,
most often done by many repetitions of an experiment, i.e., many independent replicates. Bayesian
statistics, on the other hand, offer a mathematical framework to update prior knowledge with data,
generating posterior knowledge. For example, if the expected range of standard errors of protein abundance
measurements is known from previous experiments, this can be explicitly used as a “prior”. One difference
between both (combinable) approaches lies in the interpretation of the uncertainty estimations: a
frequentist 95% confidence interval holds the true population value 95% of the time when repeating an
experiment under the same conditions. A Bayesian credibility interval, on the other hand, is the range in
which the true value is expected to be at 95% probability.

Random forests: Random forests (Breiman 2001) are a supervised machine learning technique, which
can be used to infer to which class a sample belongs (or, in the case of a quantitative response, be used for
regression), and to determine which variables drive the distinction between classes. It uses bootstrapped
sample subsets (i.e., samples are drawn with replacement), and for classification splits these subsets to
generate nodes with as little mixture between pre-assigned classes as possible. For these splits, a random
subset of variables (here: protein groups) are used. The full split is referred to as a decision tree. The final
result is the majority vote of the trees. As random forests can be used for high-dimensional data, do not
easily overfit and render variable importance measures, they are well suited for meta-omics datasets (Diaz-
Uriarte and Alvarez De Andrés 2006).
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General considerations for statistics in metaproteomics

Protein quantification in (meta-)proteomics: Spectral counts, also known as peptide spectrum
matches (Spc or PSMs), are the number of peptide fragment spectra (MS/MS or MS2) that are matched to
a peptide sequence. The alternative to spectral counting is the extraction of peptide ion intensity data from
the LC-MS/MS data (extracted ion current, XIC). This data can be used for intensity-based quantification
by determining the maximum intensity for specific peptide ions in the XIC, or by integration of the
chromatographic peak area for a specific peptide ion (area under the curve, AUC). Depending on the
quantification method used either count data (SpC) or continuous data (AUC) are generated, which can
necessitate different data transformations.

Data exploration: For (meta-)proteomics, common data exploration steps include hierarchical clustering
and (N)MDS plots, to examine whether the data support the expectations, and, more importantly, the
experimental design. We expect these steps to be done prior to applying any statistics, see for example (Van
Den Bossche et al. 2025) for details.

[End of box]
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Methods

Design and generation of defined metaproteomes

Our defined metaproteomes were mixed at the peptide level and consisted of defined
combinations of pure culture peptides with background peptide mixtures (“matrices” in Table 1).
All defined metaproteomes were generated in biological quadruplicates. Also, each pure culture
produced in biological quadruplicates for each condition (Table 1, Supplementary Table 1). The
first of three background matrices consisted of peptides from stool sampled from mice with a
conventional microbiota (Blakeley-Ruiz et al. 2025), simulating a sample with a high level of
complexity. The second matrix was generated from corn roots that were grown under sterile
conditions, and were therefore of low complexity. The last matrix consisted of stool sampled from
gnotobiotic mice with a defined gut microbiome of 13 species. This last matrix provided a medium
level of complexity. For the conventional and gnotobiotic mice samples, NC State’s Institutional
Animal Care and Use Committee approved all experimental activity (Protocol # 18-034-B and 18-
165-B).

After proteins were extracted and digested, and peptide concentrations were determined as
detailed in the Supplementary Methods, we mixed the resulting peptides of pure cultures in
different known quantities with peptides extracted from one of the three matrices to create the
final defined metaproteomes with known composition (see Results and Discussion Figure 1).
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Table 1: Pure cultures and matrices used for generating defined metaproteomes.

Pure cultures

Name Description Culturing conditions
Thermus thermophilus Gram-negative bacterium; not High and low temperatures
present in mouse microbiome
Chlamydomonas reinhardtii Eukaryote; High and low light
not present in mouse microbiome
Rhizobium leguminosarum bv. Gram-negative bacterium; not Strain comparison with R.
viciae 3841 present in mouse microbiome, plant leguminosarum VF39
symbiont
Rhizobium leguminosarum bv.  Gram-negative bacterium; not Strain comparison with R.
viciae VF39 present in mouse microbiome, plant leguminosarum 3841
symbiont
Escherichia coli Gram-negative bacterium; Complex (LB) and minimal media
potentially present in mouse (M9)
microbiome
Bacteroides thetaiotaomicron Gram-negative bacterium; present in Single condition
mouse microbiome
Matrices
Name Type Rationale
Mouse faecal pellets High complexity Most similar to real experimental
conditions and challenges
Sterile corn roots Low complexity Low protein diversity; similar to
situations observed, e.g., in
symbioses
Gnotobiotic mouse faecal pellets Medium complexity Analysis of background

complexity effects by comparison
with complex mouse stool

Metaproteomic database generation

The metaproteomic databases were assembled as a combination of “building blocks,” which
included proteins expected to be found in the pure cultures, predicted mouse or maize proteomes,
the matrix microbial translated metagenome, mouse dietary proteins (when applicable), and
common laboratory contaminants (Supplementary Table 2). For the generic mouse stool matrix,
DNA extraction and metagenomic analysis were performed (see Supplementary Methods) in
order to generate a sample-specific database, as required for the metaproteomic analysis
(Blakeley-Ruiz and Kleiner 2022). Each building block was clustered at 95% sequence identity
using CD-HIT and then combined for the different mixes. Please refer to the Supplementary
Methods for details.

LC-MS/MS measurements and analyses

Peptides from the pure cultures and the different mixes were analyzed using a nanoLC-MS/MS
system consisting of a Dionex UltiMate 3000 RSLCnano (Thermo Scientific) connected to an

9
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Orbitrap Exploris 480 (Thermo Scientific) equipped with an EASY-Spray source (Thermo).
Samples were run in randomized block design. For each run, we loaded 1 pg of peptides per
sample onto a trap column (Acclaim PepMap100, C18, 5 um, 100 A, 0.3 mm id. x5 mm,
ThermoScientific) and backflushed onto a 75 cm analytical column (EASY-Spray C18, 2 um, 100
A, 75 pm i.d., Thermo Scientific). Peptides were separated on the analytical column using a
140 min gradient of 95% eluent A [0.1% (v/v) formic acid], 5% eluent B [80% (v/v) acetonitrile,
0.1% (v/v) formic acid] to 31% (v/v) B in 102 min, 31 to 50% (v/v) B in 18 min, and finally to 99%
B for 20 min at a flow rate of 300 nl/min. The mass spectrometer was operated in data-dependent
mode and the 15 most intense peptide precursor ions were selected for fragmentation and MS/MS
acquisition. The selected precursor ions were then excluded from repeated fragmentation for 25 s.
The resolution was set to R = 60,000 and R = 15,000 for MS and MS/MS, respectively. As lock
mass we used the ambient ion 445.12 m/z.

Detection of differential abundances

We used R 4.3.1 (R Core Team 2023). For details on package versions, please refer to
Supplementary Table 3.

Data preprocessing, filtering, and imputation

We analyzed differential protein abundance in samples by comparing one defined metaproteome
vs. another, within the same matrix. These defined metaproteomes simulate independent
experimental conditions, environmental conditions, spatial sampling points, or other groups of
samples to be compared. We used master proteins for our analysis. Master proteins are
representative sequences chosen for protein groups, where protein groups are one or multiple
protein sequences which share a set of peptide-spectrum matches (Nesvizhskii and Aebersold
2005; Van Den Bossche et al. 2025). Selection of master proteins for specific protein groups can
differ in pure cultures vs. defined metaproteomes, leading to empty matches and thereby
inaccurate comparisons. We addressed this issue by matching on a per-protein level: only one
protein of the pure culture protein group needed to be present in a defined metaproteome protein
group for matching. Sparsity in the dataset was reduced by filtering the SpC data for most
implementations to retain only proteins that had at least 5 PSMs in at least 2 out of 8 samples.
AUC data were initially filtered to arrive at approximately the same number of proteins as for SpC,
to make the two quantification approaches comparable. The effect of filtering was subsequently
assessed with selected statistical methods (see Supplementary Results and Supplementary Figure
1). We imputed missing values with 0 or, where necessary, with a small constant (1/5th of the
smallest value in the dataset). For random forests that use clr transformed data, we also tested
the zcompositions count imputation (Palarea-Albaladejo and Martin-Fernandez 2015).

10
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Statistical analyses

Regression-based tests
(Bayesian) (Generalized) linear mixed model

For (generalized) linear regression, we used a random effects only-model:
value ~ (1 + condition | protein)

We implemented Gaussian regression with transformed data, as well as Poisson and negative
binomial regression in Ime4 v. 1.1.34 (Bates et al. 2015). Significant differences were defined as
differences where the interval of the slope of the random effect + 1.96 the standard deviation did
not include o (i.e., where the 95% confidence interval of the random slope was strictly positive or
strictly negative). Few linear model evaluations produced boundary fits.

For the Bayesian approach, we used brms (Biirkner 2018) with the same model formula as above.
We used 3 chains, 6000 iterations with 2000 of these assigned to warmup, and chain thinning of
10. We assigned significance if the 2.5 to 97.5% credibility interval of the conditional random
effect excluded zero. We tested Gaussian, as well as exponentially modified Gaussian, students,
and skew-normal distributions, with different normalizations. We mostly used the specified
default priors, aside from a model with Gaussian distribution and chiP (lambda=0.9)
normalization and transformation, where we also adapted priors. In this case, we modelled, with
a Student’s t-distribution, the intercept (3,0,0.1), residual standard deviation sigma (3,0,1), and
standard deviation of the group-level (random) effect (3,0,2). For SpC data, brms evaluations in
matrix 3 produced low effective sample sizes (ESS), with the exception of
brms_gauss_chiPog_prior, i.e., adaptation of priors was necessary to achieve sufficiently fast
convergence.

Corncob

The R package corncob (Martin et al. 2020) uses a beta-binomial regression model, which was
developed for differential abundance analysis of taxa in microbial communities. It explicitly takes
overdispersion into account, thus allowing for testing differential relative abundance together
with differential variance. For that, it uses a logit link, and directly uses absolute abundances and
total counts in the model, instead of normalizing beforehand. FDR correction is implemented in
the algorithm. We used corncob v. 0.3.1 (Martin et al. 2022).

DESeq?2 (negative binomial)

DESeq2 (Love et al. 2014), originally developed for RNA-Seq data, models data with a negative
binomial distribution, which can be formulated as a mixture of gamma and Poisson distributions.
It normalizes for different sequencing depths and uses a logarithmic link in its generalized linear
model. A shrinkage of dispersion estimates within groups is also employed, with stronger
shrinkage for lower information-containing variables. DESeq2 has FDR calculation implemented.

11
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edgeR 4.0

EdgeR (Chen et al. 2025) uses a negative binomial distribution for counts, and can accommodate
different experimental designs via generalized linear models. It employs empirical Bayes
moderation for outlier treatments, i.e., the dispersions are estimated from the data, and variations
moderated towards the common trend (Chen et al. 2025). The newest version edgeR v4.0 uses
unbiased quasi-likelihood dispersion estimates (QLE) also for small counts. We used the FDR
calculation as implemented.

Limma

Limma (Ritchie et al. 2015), originally developed for microarray data (= continuous intensity
data) and extended to accommodate RNAseq data (= count data), uses a variable-wise linear
model with global parameters to share information across genes and samples. An empirical Bayes
moderation is used to moderate the residual variance. Limma has FDR calculation implemented.

MaAsLin2

MaAsLin2 (Mallick et al. 2021) uses generalized linear mixed models, with the option to use
different model specifications, as well as normalizations and transformations. It accommodates
different experimental designs and the inclusion of metadata. We used the implemented FDR
value calculation.

Ensemble machine learning

Random forest

For random forests (Breiman 2001), we used the variable importance measure of Janitza et al.
(Janitza et al. 2018). Additionally, we aggregated results over forests per comparison to increase
stability. We used 500 forests and 75,000 trees per forest when not normalizing at the species
level, and 500 forests with 50,000 trees per forest when normalizing at the species level in the
defined metaproteomes, as well as in the pure cultures. We assigned protein groups as
significantly differentially abundant when the mode of the p-value density distribution of forests
was below 0.05, or when the median of p-values of all forests for one comparison was below 0.05.
Monotonic transformations like a log transfomation will not impact the random forest results, as
the splits are the same. Some random forest p-value estimations were inaccurate due to too few
non-negative values (the alternative Altmann approach for p-value estimation was prohibitively
slow and therefore not used). Each random forest result was aggregated over forests as well as
over trees to ameliorate p-value issues.

Null hypothesis testing

Welch’s t-test

While the Student’s t-test assumes normality and homogeneity of variances, Welch’s t-test
approximation does not require homogeneity of variances (Welch 1947). As Welch’s t-test
performs better type I error control with heterogenous variances and looses little power (if any)
as compared to the Student’s t-test, it is recommended to be used as default instead of the

12
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Student’s t-test (Delacre et al. 2017). We calculated Benjamini-Hochberg corrected FDR
(Benjamini and Hochberg 2000; Benjamini and Yekutieli 2001) values from p-values using
adjust_pvalue in rstatix (Kassambara 2023).

Wilcoxon rank-sum test

The Wilcoxon rank-sum test is based on ranking observations of both groups by their abundance
and then summing these ranks per group. The Wilcoxon rank-sum test does not make
assumptions about the data distribution and is thus a non-parametric test to compare two
conditions (Wilcoxon 1945). FDR values were calculated from p-values using adjust_pvalue in
rstatix (Kassambara 2023).

Approaches not included

Some approaches were initially tested, but not included in the final analyses. XGBoost (Chen and
Guestrin 2016) needed prohibitively complex hyperparameter tuning in order to give meaningful
results. ALDEx2 (Fernandes et al. 2014) is known to have low power (Calgaro et al. 2020), an
observation we also made during testing. An explicit scale model, as very recently published
(Nixon et al. 2025), was not tested, and is not expected to ameliorate low power issues in our few-
replicate setting, especially as it was noted that scale uncertainty inclusion decreases sensitivity
(Gloor et al. 2025). Likewise, the experimental layout we describe here, i.e., few replicates per
condition, does not lend itself to neural network-based machine learning approaches.

13
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Results and Discussion

Design of defined metaproteomes and statistics evaluation framework

We designed defined metaproteomes with varying degrees of complexity to evaluate differential
expression analysis statistical tools and methods. We built these defined metaproteomes by
mixing pure culture peptides with one of three complex matrix peptides in defined amounts. For
the matrices, we chose mouse stool (high complexity), sterile corn roots (low complexity) and
gnotobiotic mouse stool (medium complexity). For the pure cultures, we grew five microbial
species, namely Bacteroides thetaiotaomicron, Chlamydomonas reinhardtii, Escherichia coli,
Rhizobium leguminosarum, and Thermus thermophilus in one or two different culturing
conditions, or used different strains of the same species (see Results and Discussion Figure 1). For
the species grown in two conditions we chose conditions that induce distinct protein abundance
profiles. The resulting defined metaproteomes corresponded well between the actual measured
species abundance and the theoretical (pre-defined) input abundances for each species. This
shows that the sample generation process was successful and that these samples can be used to
determine the performances of statistical tests considering various metaproteomic data
challenges (Figure 1).

14
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Figure 1: Design of defined metaproteomes and comparison of measured with pre-defined species abundances. (A)
Defined metaproteome compositions (see Supplementary Table 4 for percentage input per species). Grey bar
corresponds to the peptide abundance of the respective matrix. We used one of three matrixes; some mixes were
generated in the same composition with different matrices. (B) Comparison of the measured species abundances
(proportion of peptide signal summed per species to total signal) with their pre-defined input abundance (mass-% of
peptides). Color-blindness accessibility note: the order of pure cultures in the legend corresponds to the order in the
barplots (left to right columns = top to bottom).

For testing statistical data analysis methods, we used regression-based approaches, machine-
learning based techniques, and null hypothesis testing (Table 2). Different tests are compatible
with different normalization and/or transformation techniques (Table 2 and Methods). When
applicable, we set the nominal false discovery rate (FDR) for detection of significant differences
to 5 %. The FDR measures how many of the detected significantly different variables are, in fact,
not significantly different between conditions.
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Table 2: Combinations of statistical tests and normalization (+transformation) methods used in this study. Note that
only certain normalization/transformation and test combinations are compatible, as given below. The method
corncob does not normalize beforehand. S: used for spectral count data, A: used for AUC data. Abbreviations
correspond to abbreviations used throughout the study, please see below table. For details and references, please
refer to the Methods section.

normalization and/or transformation

Statistical test

o
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2 W= %2 |E|F|B|2|B|5]|F
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[}

TMMwsp

voom

bayesian linear regression (brms)

corncob

DESeq2

edgeR

limma

MaAsLin2

Random forest (rf) . .-. . .

Welch t-test

Wilcoxon

(generalized) linear regression (Im) . ..

vsn

Abbreviations used throughout this study

ast

clr
CPLM
CSS
log
logit
NSAF
TSS
TMM
TMMwsp
RLE
sqrt
vsn

arc sine square root transformation
centered log-ratio transformation
compound Poisson linear model
cumulative sum scaling

log2 transformation

logit transformation

normalized spectral abundance factors
total sum scaling

trimmed mean of M values

TMM with singleton pairing

relative log expression

square root transformation
variance stabilization normalization

Additional abbreviations used for statistical methods

brms
exgauss
gauss
prior

sn
Student

edgeR 4.0
ET
QLE

Bayesian linear regression

exponentially modified gaussian distribution
gaussian distribution

adaptation of the prior (instead of using the default)
skew-normal distribution

Student’s t-distribution

empirical analysis of DGE in R
exact test
quasi-likeliood estimation
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Im generalized linear regression

betainf zero-inflated beta distribution

poisson Poisson distribution

limma linear models for microarray data

voom voom transformation

degms proteomics-specific variance estimation for limma

MaAsLin2 Microbiome Multivariable Associations with Linear Models
rf random forest

impconst 0 imputation with small constant after transformation

med filtering for median of random forest p values <0.05

mtry20 random forest mtry=20 (i.e., 20 variables taken per split)
mtry200 random forest mtry=200 (i.e., 200 variables taken per split)
relaxed relaxed filter for random forest

sf0.6 random forest with sample fraction 0.6

zcomp imputation via zcompositions package

brms, Im, rf

chip09 chiPower with lambda=0.9 (other numbers represent other lambda

values accordingly)

MaAsLin2, Im
negbin negative binomial distribution

We based evaluation of statistical tests for the defined metaproteomes on metrics derived from
true positive (TP), true negative (TN), false positive (TP), and false negative (FN) identifications
(Figure 2). The ground truth used for these calculations depended on the type of comparison:

(i) If normalizing for species abundance and comparing between different culturing conditions of
an organism, we defined as ground-truth those proteins that were statistically significantly
different between the culturing conditions when measuring the pure cultures. Proteins that were
only detected in pure cultures, but not in the defined metaproteomes, were not taken into account.
Few protein groups were only detected in defined metaproteomes, but not in pure cultures. We
removed these from our analyses, as we were not able to assess based on our definition whether
these are true or false positives/negatives. This comparison applies, for example, for T.
thermophilus between M2 and M3 (Figure 1).

(ii) If not normalizing for species abundance, but comparing proteins of one species between
conditions, with the same total species abundance in both mixes (i.e., no shifts in relative protein
abundances which are solely caused by the different relative abundances of the organism), the
ground-truth was comprised of the same proteins as in (i). One example is the comparison of T.
thermophilus between M1 and M2 (Figure 1).

(iii) If normalizing for species abundance and comparing proteins of one species within the same
condition, or not normalizing and comparing between the same condition and same abundance,
there are by definition no TP, and all proteins that are detected as significantly different are by
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definition FP. See, for example T. thermophilus M1 vs. M3, or T. thermophilus M1 vs. M4 (Figure
1).

(iv) If not normalizing for species abundance for a specific species grown under one condition,
and the abundance of that species was different between mixes, then by definition all proteins
from that species are differentially abundant and can be considered TP if detected as statistically
significantly different. In this comparison, there are no FP or TN, but only FN, i.e., those proteins
of the species which were not detected as being significantly differentially abundant. This type of
comparison occurs, for example, for T. thermophilus M1 vs. M3 (Figure 1).

(v) The comparison of no normalization for species abundance, but changes in condition and
species abundance cannot be evaluated, because it is not known whether the changes are due to
species abundance changes, condition changes, or both (i.e., changes in abundance of the
organism are confounded with changes abundance of individual proteins due to different
culturing conditions). We assigned “not available” (NA) to these values. Please note that in a real-
life dataset, where the abundances of organisms are usually not known beforehand, it is thus
necessary to normalize on organism (or sub-community) level, if biologically meaningful
conclusions on the organism level should be drawn (see also Kleiner, 2017). This pertains, e.g., to
T. thermophilus M2 vs. M3 (Figure 1).

(vi) We also assigned “NA” to TP and TN where the organism was not present in both conditions,
as all detected proteins are already wrongly detected; there is no ground truth for this type of
comparison. See, for example, R. leguminosarum strain VF39 in M1 vs. M2 (Figure 1).

18



515

520

normalization for

i change in change in : N )
comparison type condition abundance S ecies-level Definition of metric

abundance
(i) "g : yes yes/no yes
o=
(i) EQ yes no no
E Mix 1 Mix 2
non-significant in pure culture
and mix comparison
i no yes/no yes ;Ezg
no no no FP=all significant
TN=all non-significant
FP=0
. TN=0
) no yes no TP=all significant
FN=all non-significant
(v) . yes yes no NA
TP=NA
organisn: not ’ TN=NA
. I ntin
(vi) compared mixes yesie FP=all significant
FN=all non-significant

Figure 2: Definition of outcomes for each metric used for performance assessment of statistical tests in this study. For
reference to scenarios, please refer to the text. Dark vs. light orange: Culturing condition 1 vs. culturing condition 2.

For comparison types (i) and (ii), the final evaluation was based on the following metrics (all
ranging between 0 and 1, and chosen so that they will be 1 for ideal conditions):

(1) Positive predictive value (PPV) = Precision = complement of the false discovery rate (FDR;
(Benjamini and Hochberg 2000; Benjamini and Yekutieli 2001)):

PPV = ki =1—FDR
" TP+FP

(2) Negative predictive value (NPV) = complement of the false omission rate (FOR):

NPV =1-FOR

“TN+FN
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(3) True positive rate (TPR) = sensitivity = recall = complement of the false negative rate (FNR):

TP P
— =1—FNR

TP R = TP yFN "~ P

(P: all protein groups which are actually positive, i.e., statistically significantly different)

(4) True negative rate (TNR) = specificity = complement of the false positive rate (FPR):

TN _TN_1 PR
"TN+FP N

(N: all protein groups which are actually negative, i.e., not significantly differentially abundant)

TNR

(5) Balanced accuracy (BAcc; (Brodersen et al. 2010)):

TPR + TNR

BAcc =
cc >
(6) F1 score = harmonic mean of precision and recall (Sasaki 2007):

_2xPPV+TPR 2*TP
" PPV+TPR 2+xTP+FP+FN

(7) P4 score (Sitarz 2022), which balances the PPV, TPR, TNR, and NPV (i.e., if the P4 score is
close to one, all of the metrices used are close to one):

4 4xTP*TN

11 1 1 T 4xTP+TN + (TP + TN) = (FP + FN)
PPV T TPR T TNR t NPV

P4 =

For the comparisons (iii) to (vi), calculation of these metrics does not make sense, as some (or
all) of the base metrics (TP, FP, TN, FN) are 0 or NA.

Determining statistical tests for pure culture ground truth differentially
abundant proteins

We used pure culture proteome data to identify protein groups whose differential abundances
between mixes were sufficiently reliable to use for downstream analyses of statistical test
performance. For that, we determined the ground truth of statistically significantly different
protein groups between conditions using the proteomes of the pure cultures that were the inputs
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for the defined metaproteomes. To do this, we first determined which statistical test to use for
pure culture proteome comparisons. To determine this test, we used the defined metaproteomes
with the mouse fecal pellet matrix (M1 to M5) that had EC, TT, and CRH at the same condition,
but at different abundances, meaning that for each of these three species all proteins should be
statistically significantly different in the respective tests, when not normalizing on the species
level. We then identified the tests yielding the best balance between true positives and true
negatives. For SpC, we defined a threshold of 70% TP and 95% TN, resulting in us using brms
with family=gaussian and chipower (lambda=0.9) normalized and transformed data (Figure 3)
for pure culture proteome comparisons to identify differentially abundant protein groups to be
used as ground truth (Supplementary Tables 5a, 5b). For AUC, we used thresholds of 70% TP and
85% TN, giving Im_ vsn as pure culture ground-truth test (Supplementary Tables 6a, 6b).
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Figure 3: Determination of the ground-truth test for evaluating statisticallly significantly different proteins in pure
cultures. We pre-selected tests with a median %TP and %TN of 95 for SpC, and of 90 for AUC data. %TP and %TN:
Percentage of true positives/ true negatives of all proteins of the respective organism (T. thermophilus, E. coli, or C.
reinhardtii) in comparisons where the expectation was that all (100%) proteins of an organism would be differentially
abundant, because the organism was mixed into the compared samples at different abundances (but same condition).
Red boxes indicate the tests used to identify differentially abundant proteins in the pure cultures, which we define as
the statistical ground-truths. Red dashed lines: 70% TP and 95% TN for SpC, 70% TP and 85%TN for AUC,
respectively.
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Many statistical approaches perform similarly well, and some perform
poorly

With the determined ground truth of statistically significant proteins, we next determined how
each statistical test was able to identify differentially abundant proteins in the mouse faecal pellet
mixes 1 to 5, using the results of comparison types (i) and (ii) as outlined in Figure 2. No single
statistical approach clearly out-performed the others (Figure 4). Please note that the scores we
chose can range from 0 to 1 and trend towards 1 for desirable performance outcomes. Some
statistics clearly performed worse than the majority of tests (e.g., Wilcoxons rank-sum test,
DESeq2) as well as some normalization methods tested for random forest implementations.
Based on these results we narrowed the list of tests to use in further evaluations to well-
performing tests, which included tests with a median TNR and TPR in the top 25% of all tests.
Since some tests with high median performance suffered from a large spread in TNR and TPR, we
added the requirement that the the TNR and TPR lower quartiles for each test had to be greater
than those of 25% of all tests (Supplementary Tables 5¢c, 5d, 6¢, 6d). This resulted in us retaining
30 tests for SpC-based approaches (42% of all 72 tests), and 17 of 47 (36%) for AUC-based tests
(Figure 4). Due to the fixed cutoff, some tests were removed, which performed only slightly less
good than these selected tests. Generally, we noticed that the NPV performed worse than all other
metrics, meaning that all tests miss a large share of actually significant differences (Figure 4).

Our results partially corroborate comparisons of statistical approaches that were done on other
(meta)-omics data types. We found that compositional analyses methods generally did not
perform better than methods not explicitly taking compositionality into account, which is in line
with previous results from a study comparing statistical approaches fo 16S rRNA gene amplicon
and WGS data (Calgaro et al. 2020). However, in that study, DESeq2, limma-voom, and corncob
were recommended as best-performing, while in our study DESeq2 and corncob were among the
worst-performing approaches. Another study on use of statistical approaches for RNA-Seq data
found that DESEq2, limma-voom and edgeR (version 3) produced too-high false positive rates
and the Wilcoxon rank-sum test was recommended (Li et al. 2022). In contrast, we found that
limma-voom performed well on our data, and Wilcoxon rank-sum test performed poorly. These
contrasting results between studies comparing statistical approaches for omics data are likely due
to several causes, including 1) differences in underlying data structures of different (meta)-omics
data types despite some similarities (e.g., compositionality and sparsity), and 2) different
frameworks for evaluating performance of statistical approaches. While some past studies focused
heavily on FPRs or FDRs (=1-PPV) (e.g., Calgaro et al. 2020; Li et al. 2022), we used a balanced
framework: we took into account not only true and false positives, but also true and false
negatives, i.e., PPV and NPV (as complements of the FDR and FOR, chosen so that they will
approach 1 for a desired outcome), as well as TPR and TNR. For final scoring, we compared the
F1 score to the more balanced P4 score, and focused on the latter. For example, if we focused only
on TNRs, the Wilcoxon test would be a clear winner, however, when also considering TPRs, it
becomes immediately clear that this test is unsuitable. The same principle holds true for DESeq2,
which fares well with regard to the TPR, but had the lowest TNR. The tests we chose for more in-
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depth analyses show a more balanced performance, and thus decrease the risk for a biased data

analysis.

Selected for downstream analysis: Tests with
median and lower quartile TNR and TPR higher
than those of 25% of all tests
brms_gauss_chiP09
brms_gauss_chiP09_prior
brms_exgauss_chiP09
Im_vsn
brms_gauss_vsn
limma_voom
rf_chiP1_sf0.6_med
rf_chiP09_sf0.6_med
ri_chiP1_mtry20

f TSS

rf_chiP1
rf_chiP09_sf0.6
f_chiP1_sf0.6
rf_chiP1_sf0.6_mtry20
rf_chiP1_sf0.6_mtry200
rf_chiP09
rf_chiP075_sf0.6_med
rf_vsn

f_NSAF
MaAsLin2_astTSS
MaAsLin2_logTSS
rf_chiP075_med
rf_chiP09_med
MaAsLin2_logCSS
edgeR_QL_TMMwsp
edgeR_QL TMM
edgeR_QL_RLE
Im_logTSS
rf_clr_impconst
_TMM

Other tests

Im_sqriTSS
brms_sn_chiP09
brms_sn_chiP075
brms_gauss_chiP075
Im_chiP075
brms_gauss_chiP075_prior
brms_student_log
brms_student_chiP075
Im_chiP05
brms_sn_vsn
rf_chiP075_sf0.6
ri_chiP075
rf_clr_zcomp

f_chiP05
brms_exgauss_vsn
Im_poisson

Im_negbin

limma_vsn

limma

limma_deqms
Im_TMM
brms_gauss_log
MaAsLin2_clr
edgeR_ET
brms_gauss_logTMM
brms_sn_log
brms_betainf

rf_chiP01
MaAsLin2_logitTSS
Welch_t_test
Im_logNSAF

corncob
brms_gauss_logNSAF
MaAsLin2_CSS_CPLM
MaAsLin2_CSS_negbin
MaAsLin2_TMM_negbin
MaAsLin2_TMM_CPLM
brms_gauss_logchiP075
Wilcoxon

rf_chiP001

ri_chiP0001

DESeq2

AUC

Selected for downstream analysis: Tests with
median and lower quartile TNR and TPR higher
than those of 25% of all tests

Im_chiP05
brms_gauss_chiP05
brms_sn_chiP05
brms_exgauss_chiP05
brms_sn_chiP075
Im_chiP075
brms_gauss_chiP075
Im_vsn
brms_gauss_vsn
brms_sn_vsn
Im_chiP09
brms_gauss_chiP09
brms_sn_chiP09
Im_sqrtTSS
MaAsLin2_astTSS
MaAsLin2_CSS_CPLM
f_TMM

Other tests

Im_chiP03
brms_exgauss_chiP09
MaAsLin2_logCSS
rf_chiP09_sf0.6_mtry200
rf_chiP09_sf0.6
rf_chiP09_sf0.6_mtry20
f_TSS

rf_chiP1

rf_chiP075

rf_chiP09

rf_chiP05
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Welch_t_test
MaAsLin2_logTSS
MaAsLin2_logitTSS
limma_voom
brms_exgauss_vsn
MaAsLin2_clr
rf_chiP09_sf0.6_med
rf_chiP09_sf0.6_relaxed
limma_vsn

limma

rf_log

limma_deqms
Im_logTSS

Im_TMM

brms_logTSS
Wilcoxon
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PPV = Positive predictive value = 1 - FDR
NPV = Negative predictive value = 1 - FOR
TPR = True positive rate

TNR = True negative rate

BAcc = Balanced accuracy

F1=F1 score

P4 = P4 score

Figure 4: Median test evaluation metrics for mouse faecal pellet matrix comparisons (M1 to M5). Upper part: tests
with a median and lower quartile TNR and TPR higher than those of 25% of all tests.The tests in the upper part were
used for further in-depth analysis. Data was clustered row-wise based on Canberra distances.
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Type of comparison and data pre-treatment impact test performance

For the 30 SpC tests and 17 AUC tests for which we carried out in-depth analyses, we found that
the type of comparison, in terms of organisms, as well as in terms of organism abundance
compared, had a major impact on performance, as demonstrated by the large spread of P4 scores
for individual tests (Figure 5, Supplementary Figure 2 for all matrices). The type of mix impacted
the outcome more than the statistical test chosen: the intraclass correlation (ICC), reflecting the
similarity of test results, was (for SpC) 0.89 (F-test, p < 0.01) between tests, but only 0.02 (F-test,
p < 0.01) between mixes. For AUC, the ICC between tests was even higher at 0.95 (F-test, p <
0.01) and lower between mixes (0.006, F-test, p < 0.01).

Specific comparison types that led to low performance, indicated by low P4 scores across tests,
involved species that were present in the defined metaproteome samples at 1%. We observed this
low performance for low-abundance species for both SpC and AUC-based analyses. This low
performance of tests on samples with low-abundance species is likely due to more inaccurate
quantification during LC-MS/MS analysis. Additionally, all comparisons that involved C.
reinhardtii had low P4 scores, especially for AUC analysis, as compared to comparisons including
T. thermophilus and E. coli, even when considering comparisons with the same species
abundance ratios (see Supplementary Figure 2 and Supplementary Tables 5 and 6 for all
matrices). Notably, C. reinhardtii showed very low numbers of proteins constantly identified
across all mixes in the SpC data compared to its overall high number of proteins identified. This
lack of overlap likely explains the low P4, caused by a low NPV (Supplementary Tables 5¢, 5d, 6c,
6d and Supplementary Figure 3). For the AUC data, on the other hand, overlap between
identifications was very high (Supplementary Figure 4), indicating protein mis-identifications
and thus AUC quantification distortions, which might have been caused by the MSi-based
transfer of peptide identifications between datasets (i.e., match-between-runs), as performed in
ProteomeDiscoverer (see manual), but also in other software such as MaxQuant (Tyanova et al.
2016).
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Figure 5: Heatmaps of P4 scores for the best-performing statistical approaches in mouse faecal pellet matrix
(comparisons M1 to M5). Tests shown here were chosen as the best-performing ones based on data shown in Figure
4. The P4 score ranges from o to 1 and trends towards 1 for desirable performance outcomes. Data was clustered
row- and column-wise based on Canberra distances. CRH: Chlamydomonas reinhardtii, EC: Escherichia coli, TT:
Thermus thermophilus. Numbers to the right give the abundance of the respective organism in percent in the
compared mixes.
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While median test performances and P4 scores mainly clustered by the statistical test itself (i.e.,
most random forest implementations clustered together, as did most limma, etc.), normalization
and transformation did in some cases have a noticable impact as well (Figure 4, Figure 5): the
voom normalization greatly increased performance of limma, while chiPower pretreatment with
a too-low lambda worsened the random forest performances. On the other hand, random forest
performance was at most slightly impacted by across-forest summarization via kernel density vs.
median statistics or hyperparameter tuning. For edgeR, a quasi-likelihood estimation
outperformed the exact test statistics (Figure 4).

Explicitly accounting for compositionality, e.g., via a clr transformation, has been advocated as
mandatory for microbiome datasets (Gloor et al. 2017). According to our analysis, normalization
and transformation impacted test performance, but accounting for compositionality was not
necessary and in fact use of clr transformed data (but not of chiP transformed data) led to worse
performance (Figure 4). Similar effects were shown by a study on amplicon sequencing data,
where clr, isometric log-ratio, and additive log-ratio transformations performed slightly worse as
compared to normalizations which do not take compositionality into account (Yerke et al. 2024).

For random forests, imputation with a small constant performed slightly better than imputation
based on compositionality (zcomp), indicating that more intricate methods are not always
necessary (Figure 4). While more complex or data-dependent imputation methods exist (see, e.g.,
Lazar et al. 2016; Webb-Robertson et al. 2015), as well as methods explicitly taking into account
the pattern of missingness, we found these to be unsuitable for the low number of replicates often
available in metaproteomic studies and we are therefore not addressing these here. More
stringent pre-filtering led to more true positives, but had inconsistent effects on the number of
true negatives (see Supplementary Results and Supplementary Figure 1).

Best tests per test category highlight test-specific differences

To determine the set of best-performing tests for more detailed analyses, we subsetted the tests
to only include the test with the highest median PPV (=lowest FDR) per test category (i.e., brms,
edgeR, limma, Im, MaAslin2, and random forests; edgeR and limma are only applicable to SpC),
in the well-performing tests for all comparisons involving M1 to M5. This resulted, for SpC, in the
six tests brms_gauss_chiPo9, edgeR_QL_RLE, limma_voom, Im_logTSS, MaAsLin2_ astTSS,
and rf_chiPog_med. For AUC, we included the four tests brms_sn_chiPo9, Im_sqrtTSS,
MaAsLin2_ astTSS, and rf_TMM (Figure 6, Supplementary Tables 5e, 6¢€). The spread of results
per test is still wide, underlining that the specific comparisons performed impact the results.
Additionally, the F1 score showed more differences between tests as compared to the P4 score,
highlighting that the F1 score is only impacted by the PPV and TPR, whereas the P4 score is a
balanced score of PPV, NPV, TPR and TNR. The general result of high PPV but rather low NPV,
as discussed above, holds true here as well. For SpC-based tests, brms_gauss_chiPog clearly
outperformed the others in terms of the TPR, but had a slightly lower TNR. On the other hand,
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limma_ voom had the highest median NPV, and the lowest performance spread of the TNR. The
AUC-based tests generally had a lower median PPV and larger spread of PPV (and most other
metrics) compared to the SpC-based tests. Within the AUC-based test, differences between
medians were mostly lower than for SpC-based tests. The performance of all tests decreased for
comparisons with confounded data (i.e., with M6) as expected (Supplementary Results and
Discussion, Supplementary Figure 5, Supplementary Tables 5f, 6f).
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Figure 6: Test metrics for the best-performing tests in the mouse faecal pellet matrix defined by metaproteomes (M1
to M5). Shown are median values (boxplots) and value distributions (violins).
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Protein (mis)identification effects

One challenge in metaproteomics is that proteins from closely related strains/species are hard to
differentiate as large portions of their protein sequences are identical, which makes it less likely
that differentiating peptides with differences in amino acid sequence are identified (Van Den
Bossche et al. 2025). This can lead to misidentifications where the correct protein is identified,
but it is assigned to the wrong species/strain, which can confound statistical tests. To address
misidentifications between different bacterial strains, as well as between pure culture and matrix
microbiome, we used the two Rhizobium strains RLVF39 and RL3841, and B. thetaiotaomicron,
a microbial species that is also present in the mouse stool naturally (Figure 7). These analysis
included comparison types (iii) to (vi) as outlined in Figure 2. Comparisons involving a higher
protein abundance of one organism increased test performance for RLVF39 and RL3841
comparisons. Considering the TN, organism-level normalization generally (slightly) increased
test performance (as expected). Performance decreased visibly for SpC data using the Im_logTSS
considering RL3841 in the M1 vs M2 comparison (i.e., comparing 5% abundance each), likely
because the model fit was comparatively low (a test of taking all Rhizobium proteins in this
comparison together, i.e., including potential strain misidentification, produced a boundary fit,
i.e., the random effect was estimated as zero).
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Figure 7: Heatmaps of percentages of true positives (TP) and true negatives (TN) for pure cultures in mouse faecal
pellet matrix (M1 to M5) without different culturing conditions (B. thetaiotaomicron and the two Rhizobium strains
RL3841 and RLVF39). Numbers give the abundances of the respective organism in percent in the compared mixes.
Data was clustered row- and column-wise based on Canberra distances. WN: with organism-level normalization,
NN: no normalization on organism level. Note that no normalization is only possible for evaluation of TN; for TP to
be present, there has to be an actual abundance change, and when normalizing, this change in abundance is by
definition eliminated.

Matrix complexity effects

The three matrices we used for the defined metaproteomes mainly impacted the NPV and,
concomitantly, the TNR (Figure 8). While performances of the best tests were similar for SpC
across all three matrices, performances of the best AUC tests varied widely between matrices. The
gnotobiotic mouse matrix generally provided best performance - but it has to be noted that this
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included only one type of comparison, i.e., between M12 and M13, thus excluding many of the
challenges present for comparisons within the other two matrices. Based on the P4 values per
comparison and test (Supplementary Figure 2, Supplementary Tables 5e, 5h, 5i, 6e, 6h, 6i),
comparisons involving CRH and very low-abundant organisms (i.e., 1%) were especially
challenging for AUC based tests, independent of the matrix.

SpC AUC
brms_gauss_chiP09 brms_sn_chiP09
1.01 0.94
0.8 1
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0.7 1
0.6 1 0.6
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Figure 8: Evaluation metrics for best tests for all three matrices used. Shown are parallel coordinates plots with
median values (please note that, while the mouse faecal pellet matrix and sterile corn root matrix include the same
number and kind of comparisons, in the gnotobiotic mouse faecal pellet matrix only M12 and M13 are present limiting
the number of comparisons to one). Detailed P4 score comparisons for data from corn root and gnotobiotic mouse
matrix are shown in Supplementary Figure 2.
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Conclusion

In this study, we developed a complex and controlled sample set and performance test framework
to evaluate statistical approaches for differential abundance analysis in metaproteomic studies.
Our known ground truth enabled a “gold standard”-based evaluation of statistical approaches for
data-dependent metaproteomics data with a low number (n=4) of replicates.

Pertaining to the general challenges for metaproteomics data analysis we designed our samples
for, tests generally fared worse at (a) detecting small changes, than (b) detecting large changes
without increasig false discoveries. The challenge (c) of misassignments becomes relevant
especially for related strains, and, while thus pertaining to all tests, was apparently somewhat
better controlled by brms_gauss_chiPog for SpC data, whereas for AUC, there was no clear
difference between the best-performing tests.

Regarding differences between tests, SpC-based tests fared better than AUC-based tests at
controlling the PPV (=1-FDR), i.e., detecting proteins as significantly differentially abundant
which are truly differentially abundant. The NPV (=1-FOR) was low for all tests which passed
initial quality assessment criteria, which means that many protein groups that were in fact
significantly differentially abundant were not detected as significantly different. While in many
studies significant differences between conditions are the focus of analysis, and will be interpreted
in greater detail, this low NPV (=high FOR) means that we are missing a lot of true differences as
they do not show up as significant in the tests. This certainly needs to be taken into account when
drawing conclusions from metaproteomics data. A low NPV is, however, not a metaproteomics-
specific issue, as it is likely low in many (meta-)omics approaches. NPV, however, is often not
evaluated for omics-focused statistsics due to the absence of a known ground truth for true
positives. Our results highlight that evaluations of statistical approaches for omics data should
consider a framework that enables the assessment of NPV/FOR.

One way to increase the NPV is to use a higher number of replicates, which is often difficult in
metaproteomics studies that use limited environmental samples or samples from small cohorts
(e.g., prospective clinical studies). For example, RNA-Seq needed at least 20 replicates per
condition to identify 85% of the truly differentially expressed genes, and it was recommended to
use at least 6 replicates per condition (Schurch et al. 2016). Increasing biological replication
should thus always be considered when feasible. Additionally, the impact of number of replicates
on test performance is a factor worth studying further for metaproteomics.

The performance of AUC-based tests appeared to be much more dependent on sample complexity
as compared to SpC analysis. We speculate that increasing complexity of MS1 spectra in our
metaproteomes leads to mis-assignment of AUCs for specific mass peaks due to high peak density
in the MS1 spectra.

Based on our evaluation, we recommend the analysis strategies for metaproteomics data in Table
3. Additionally, well-performing data pretreatment-test combinations are given in the upper parts
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of Figure 4 and in Figure 5. We provide the reproducible code, including the input files, and a
readme file on how to execute the code with this study.

Table 3: Recommendation for metaproteomics statistical approaches based on our analyses. Please see the
supplement for reproducible code, input files, and a readme detailling code execution.

Metaproteomics quantification data type

SpC AUC

General tests we recommend
brms_gauss_chip09 brms_sn_chiP09
edgeR_QL_RLE Im_sqrtTSS
limma_voom MaAsLin2_astTSS
Im_logTSS rf TMM
MaAsLin2_astTSS
rf_chiP09_med

Which computational resources are available?

Desktop computer Im_logTSS Im_sqrtTSS
MaAsLin2_astTSS MaAsLin2_astTSS
edgeR_QL_RLE
limma_voom

Server/Cluster capacities  brms_gauss_chip09 brms_sn_chiP09
rf_chiP09_med rf_ TMM

What is the expected change in the (microbial) community analyzed?

Low All general test recommendations All general test recommendations

High/Unknown limma_voom brms_sn_chiP09

Is data pre-treatment that accounts for compositionality explicity needed?

yes brms_gauss_chip09 brms_sn_chiP09
rf_chiP09_med
no All general test recommendations All general test recommendations

One decisive factor in test choice might be the amount of computational resources needed or
available to perform statistical testing. Computational speed varies widely, with limma (for SpC)
and linear models being especially fast and feasible on desktop computers and laptops. EdgeR
(for SpC) and MaAslin2 are suitable for desktop computers, but more intensive in terms of
computational resources required. Using Bayesian regression, or random forests, requires more
computational power and can usually only be executed feasibly on a high-performance desktop
computer or server.

It is of note that all of the statistical inferences in our metaproteomics dataset find relative (and
by no means absolute) differences between conditions and that the underlying metaproteomics
quantification itself is relative, not absolute. This means that if we find a protein to be significantly
more abundant in condition 1 as compared to condition 2, that same protein might still be more
abundant on an absolute scale in condition 2, if overall more protein biomass is present in

33



795

800

805

810

815

820

825

830

condition 2. It will be interesting to see whether and how recent approaches to estimate absolute
microbial abundances from relative abundances via machine learning for large-scale datasets
(Nishijima et al. 2025), or to model uncertainties/prior knowledge about the underlying total
microbial community size explicitly (Gloor et al. 2025; Nixon et al. 2025), can be adapted for
metaproteomics and for environmental -omics studies.

In addition to the taxon-specific analyses of protein group abundances considered here,
additional approaches are worth considering in a metaproteomics data analysis depending on the
biological question addressed. For example, summing of protein group abundances for
homologous proteins with the same functional annotation (isoforms), with and without
considering taxonomic origin, can be useful for comparisons of overall (microbial) community
function between different conditions. Along the same vein, protein abundances can also be
summed for specific taxonomic groups or for complete metabolic pathways prior to statistical
analysis.

In our study we focused on tests to compare two conditions. Such pairwise comparisons are also
often at the core of more complex experimental setups. We did not evaluate approaches for
longitudinal or paired/grouped designs (for the importance of taking grouped data into account,
see, e.g., Vorland et al. 2025), but linear mixed models and approaches based on them, as well as
random forests (Capitaine et al. 2021) can be adapted to accommodate grouped data.

Additionally, we want to stress that any statistic relies on an appropriate experimental design, and
clearly formulated hypotheses (Wagner and Kleiner 2025). Such a design needs to take into
account, e.g., a sufficient number of replicates, appropriate controls, and mass spectrometry
measurements in randomized blocks (Oberg and Vitek 2009). It is fundamental to think about
how to analyze the data from the beginning, and to take into account whether to normalize at the
organism level (see Methods and Kleiner 2017).

Our statistical performance evaluation framework is directly extendable to other metaproteomics
data types such as DIA data, and other meta-omics approaches. DIA has been reported to give
more reproducible protein identification results for metaproteomics (Rajczewski et al. 2025), and
might thus alleviate issues with data sparsity. At the same time, DIA, as well as feature
mapping/match between runs (Yu et al. 2021) can also introduce additional issues, e.g., potential
mismatches in the case of match between runs (Lim et al. 2019), and database search issues
(Rajczewski et al. 2025), which still need to be addressed.

The evaluations of over 70 SpC and over 40 AUC statistical analysis methods, resulting
recommendations, corresponding R code, and metaproteomics data we presented here will help
microbiome scientists using metaproteomics to make informed choices about experimental
design and statistics. The approaches we tested and recommend here are adaptable to different
experimental designs. Using our results and our performance testing framework, researchers can
move forward with analyzing their own meta(proteomics) data, using our provided code as a basis
(see Supplementary Files). Moreover, researchers interested in developing and testing their own
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statistical approaches can use our publicly available data, and our evaluation code, for direct
comparisons with the test strategies presented here.
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Supplementary Files

Supplementary Text incl. Supplementary Table 3 and Supplementary Figures 1-5
Supplementary Tables 1,2, 4-6

Reproducible code, protein group quantification files, and README on how to use the code are
provided via git (https://git.uni-greifswald.de/hinzket/Stats_Metaprot), as well as a fixed
record via zenodo (10.5281/zenodo.17880379)
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