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Abstract

Differential abundance analysis (DAA) is a key component of microbiome studies. Although dozens of methods exist, there is currently
no consensus on the preferred methods. While the correctness of results in DAA is an ambiguous concept and cannot be fully
evaluated without setting the ground truth and employing simulated data, we argue that a well-performing method should be
effective in producing highly reproducible results. We compared the performance of 14 DAA methods by employing datasets from
53 taxonomic profiling studies based on 16S rRNA gene or shotgun metagenomic sequencing. For each method, we examined how
the results replicated between random partitions of each dataset and between datasets from separate studies. While certain methods
showed good consistency, some widely used methods were observed to produce a substantial number of conflicting findings. Overall,
when considering consistency together with sensitivity, the best performance was attained by analyzing relative abundances with a
nonparametric method (Wilcoxon test or ordinal regression model) or linear regression/t-test. Moreover, a comparable performance
was obtained by analyzing presence/absence of taxa with logistic regression.
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Introduction
Studying associations between microbial taxa and external vari-
ables, such as disease status or environmental exposure, is central
to microbiome research. These associations can be investigated
with differential abundance analysis (DAA), which in its simplest
form compares the abundances of microbial taxa between two
experimental groups, e.g., subjects with and without the disease
in question. Despite this seemingly simple goal, performing DAA
reliably has proven to be challenging due to some peculiar statisti-
cal properties of microbiome data. Indicative of those challenges,
numerous DAA methods developed in recent years tend to yield
remarkably differing results [1, 2]. For instance, while one method
may detect hundreds of differentially abundant taxa in a partic-
ular dataset, another method may detect none [1]. Until now, no
consensus has emerged on the best-performing DAA method.

The discrepancy in results obtained from different DAA meth-
ods naturally raises the question about which methods provide
the most correct results. Answering such a question would evi-
dently require knowing the ground truth, namely, the true values
of taxon-wise differential abundances (DAs), against which the
DAA results could be compared. As the ground truth behind any
real microbiome dataset is very rarely known, evaluating the
correctness of DAA results in practice requires the use of a preset
ground truth and simulated data.

There is, however, an obvious problem in relying on simulations
in that there is no guarantee that the set ground truth or the
simulated data would correspond to their real-world equivalents

in all relevant aspects. For instance, the assumed abundance
differences may not realistically mimic the effects of the studied
condition. Furthermore, simulated data may not correspond to
count data that would emerge in a real-world experiment under
the assumed ground truth. To simulate realistic data, one would
need to accurately model different biases that the experimen-
tal workflow, consisting of, e.g. DNA extraction and sequencing,
introduces to the observed counts. Such biases should include, for
instance, taxon-wise biases, addressing the fact that different taxa
are detected with varying sensitivities in the experimental work-
flow [3]. Indicative of the problems in evaluating DAA methods
by employing simulated data are the discordant conclusions on
methods obtained under different simulation approaches [2, 4–9].

Furthermore, different methods are designed to estimate dif-
ferent types of DA and, consequently, different ground truths. In
particular, most currently available taxonomic profiling data are
compositional [10]. This problem must be accounted for in DAA by
what we here call a normalization strategy. However, the normaliza-
tion strategies incorporated in the DAA methods vary. While cer-
tain methods aim to estimate DA in terms of absolute abundances
through employing advanced normalization strategies [11–13],
others merely aim to estimate DA in terms of relative abundances
by employing an equivalent of the simple TSS normalization
(counts divided by the library sizes) [14, 15]. Further variation
in the targeted ground truths is introduced by the choice between
using untransformed or log-transformed counts, i.e. between
estimating DA with respect to arithmetic or geometric means.
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Therefore, due to the ambiguities in the definition of DA, a specific
DAA result may not be unambiguously classified as correct or
incorrect.

Because of the many problems in evaluating the correctness of
DAA results, we decided to focus on the consistency and replicability
of the results. In particular, we study how different methods can
replicate statistical significance and the direction (sign) of taxon-
wise DA between random partitions of datasets and between
different studies. Our goal was to identify methods that can
declare a high number of taxa as being associated with the studied
condition while being able to accurately reproduce these results
in another dataset. Such methods can be considered capable of
effectively detecting robust signals in microbiome data. In addi-
tion, our approach reveals methods that are not even internally
consistent and should therefore be avoided in general. Impor-
tantly, we perform all our evaluations by employing datasets from
(N = 53) real human gut microbiome studies.

Although a few benchmarking studies have examined certain
aspects of consistency or replicability on a limited number of
datasets [1, 16, 17], a comprehensive benchmarking study focus-
ing on consistency and replicability and employing a large number
of datasets is still missing. Furthermore, while we concentrate on
evaluating how different DAA methods perform in the basic two-
group comparison, we also evaluate the methods in the presence
of covariates. Although including covariates is often essential in
practice, only a few previous studies have addressed this aspect
of DAA, and mostly on simulated datasets [2, 7, 18]. Our study is
also the first to evaluate the coverage of the confidence intervals
(CI) that different DAA methods provide. Lastly, our comparison
includes logistic regression for presence/absence of taxa, which
has not been included in previous benchmarking studies.

Materials and methods
Analysis frameworks
We extracted 69 datasets from 53 real human gut microbiome
studies employing 16S rRNA gene sequencing (16S, 23 studies)
or shotgun metagenomic sequencing (shotgun, 30 studies) [19,
20]. We included studies that compared groups consisting of
healthy and nonhealthy individuals (e.g. colorectal cancer, CRC).
We call these groups control and case groups, respectively. If a
single study compared more than two groups (e.g. CRC, adenoma,
and healthy), multiple datasets from the study were extracted
(e.g. CRC versus healthy and adenoma versus healthy). The most
common conditions examined in the included studies were CRC
(16 studies), inflammatory bowel disease (9), adenoma (7), obesity
(4), type 2 diabetes (4), Clostridioides difficile infection (3), type 1
diabetes (3), autism spectrum disorder (2) and overweight (2). The
list and details of the datasets are given in Supplementary Tables
A1.1 and A1.2.

In all analyses, DAA was first performed in an exploratory
dataset to search for statistically significant differences in taxon-
wise abundances and, subsequently, in the validation dataset(s) to
validate the results (Fig. 1a). We used two analysis frameworks
to study the replication of DAA results both within studies
and between studies. In the split-data analyses (within study),
285 exploratory-validation pairs of datasets were constructed
by randomly splitting 57 original datasets five times into two
equal-sized halves (Fig. 1b). These analyses were used to evaluate
whether DAA methods perform as consistently as they theoret-
ically should. In the separate study analyses (between studies), 50
datasets from separate studies were used as exploratory and/or
validation datasets (Fig. 1c). Here, the goal was to investigate how

the results provided by each DAA method replicate across studies
in practice. In both types of analyses, the required minimum
number of subjects in each group (case or control) in each
exploratory or validation dataset was 10. A summary of the
datasets used in each type of analysis is given in Table 1.
Additional details on constructing the pairs of exploratory and
validation datasets are given in the Supplementary Appendix.

The analyses on 16S and shotgun datasets were performed on
the genus and species level, respectively. Furthermore, following the
standard practice in the field, we excluded taxa with prevalence
<10%, separately from each exploratory and validation dataset.

Evaluation metrics
A DAA result for each taxon was defined to be (statistically)
significant in the exploratory datasets if the false discovery rate
(FDR) adjusted P-value was below a chosen nominal FDR level α.
We note that the true FDR is at (or below) the nominal FDR level
α only if a method provides valid P-values. We used the stan-
dard choice α = 0.05 but repeated the analyses by using α = 0.01,
α = 0.10 and α = 0.20. FDR-adjusted P-values were calculated by
the Benjamini–Hochberg method [21] or by a method integrated
into the DAA method (ANCOM-BC2, DESeq2, LDM, ZicoSeq). For
each DAA method and within each pair of exploratory and val-
idation datasets, a taxon was called a candidate taxon if it was
significant in the exploratory dataset and it was present (after
the 10% prevalence filtering) in the validation dataset(s) (Taxa 1,
4, and 5 in Fig. 1a). As there were typically under ten candidate
taxa, we considered the validation process as testing a few well-
formed hypotheses. Therefore, the statistical significance in the
validation datasets was defined as unadjusted P-value < .05 (for
the results with FDR adjustment applied for candidate taxa in
the validation datasets, see Supplementary Figs. A20.1 and A20.2).
Lastly, the direction of a taxon was defined as the sign of its
estimated DA (positive, if estimated to be more abundant in the
case group). The following metrics were calculated to evaluate the
performance of the DAA methods.

Percentage of conflicting results
The result for a candidate taxon was defined as conflicting if the
taxon was significant also in the validation dataset, but the direc-
tion was opposite to what it was in the exploratory dataset (Taxon
1 in Fig. 1a). A conflicting result was considered a serious error as
it would lead to conflicting inferences. Therefore, the percentage of
conflicting results (Conflict%), namely, the percentage of candidate
taxa for which a conflicting result was observed, was used as
our first main metric for consistency. In the split-data analyses, a
conflicting result signifies a false result in either the exploratory
or the validation dataset, and we derived an approximate upper
limit of α × 0.50 × 0.05 for an ideal Conflict% (for derivation, see
the Supplementary Appendix).

Replication percentage
The result for a candidate taxon was defined as replicated if the
taxon was significant also in the validation dataset and it had
the same direction as in the exploratory dataset (Taxon 4 in
Fig. 1a). Replication percentage (Replication%), namely, the percentage
of candidate taxa whose result was replicated in the validation
dataset, was our second main metric for consistency. Especially in
the split-data analyses, if a method detects any truly differentially
abundant taxon in an exploratory dataset, it should often be able
to detect the same taxon in the validation dataset. Consequently,
a low replication percentage may indicate a high FDR.
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Figure 1. (a) The basic workflow in evaluating replicability and consistency. DAA was performed on exploratory and validation datasets, and the results
were compared between them. If the result for a taxon was significant in both exploratory and validation datasets, but the directions were opposite,
the results were considered conflicting (Taxon 1). The result for a taxon was considered replicated if it was significant and had the same direction in
exploratory and validation datasets (Taxon 4). (b) In the split-data analyses, each exploratory/validation pair of datasets was constructed by randomly
splitting an original dataset. (c) In the separate study analyses, datasets from separate studies were used as exploratory and validation datasets. In all
subfigures, the individuals belonging to the control and case groups are indicated with blue and orange, respectively.

Table 1. Summary of the datasets used in the analyses.

Analysis/sequencing type Number of
datasets

Sample size median
(min−max)

Number of taxa median
(min−max)

Significant taxa found by
at least one method
median (min−max)

Split-data analyses
16S 24 × 5 × 2 57 (21–374) 79 (36–188) 48 (13–104)1

Shotgun 33 × 5 × 2 53 (25–255) 201 (91–276) 110 (33–233)1

Separate study analysis
16S 23 112 (32–747) 80 (45–188) 27 (5–81)
Shotgun 27 96 (20–509) 203 (96–260) 44 (9–125)

1In at least one of the five random splits.

Number of significant taxa
The sensitivity of a given DAA method was measured by the
total number of significant taxa (number of “hits,” NHits) in the ex-
ploratory datasets. We note that a high NHits does not necessarily

indicate a high power to detect true effects as it may also be due
to a high number of false positive findings. Nevertheless, when
accompanied with low Conflict% and high Replication%, higher
NHits can be considered an indication of higher statistical power.
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Additional metrics: correlation of estimates and overlap
percentage of CIs
In addition to the above metrics based on the statistical signifi-
cance and the direction of DA, we evaluated metrics related to the
estimation of the magnitude of DA (i.e. the effect size). The consis-
tency of DA estimates was measured by the Spearman correlation
of the estimates between each exploratory and the corresponding
validation dataset.

Furthermore, we evaluated the overlap percentage of CIs (CI%).
For a given taxon, CIs were considered overlapping if there was
any overlap between the CIs calculated in the exploratory and
the corresponding validation datasets (e.g. the CIs for Taxa 2,
3, and 4 in Fig. 1 were considered overlapping). We examined
83.4% CIs that should ideally overlap (at least) 95% of times in
the split-data analyses if the sampling distribution of each DA
estimate is approximately normal [22]. CIs were evaluated only for
the candidate taxa (with FDR adjusted P < .05) with at least 10%
prevalence in both experimental groups (case and control). LDM,
edgeR, and ZicoSeq were excluded from this analysis as they do
not provide CIs or standard errors in their output.

Calculation of the overall values of the evaluation
metrics
The overall values of Conflict%, Replication%, and CI% reported in
Results were calculated over all candidate taxa in all exploratory
datasets. For instance, if 5 out of 8 candidate taxa found in one
exploratory dataset replicated and 2 out of 2 candidate taxa found
in another exploratory dataset replicated, Replication% = 5+2

8+2 =
0.70 = 70% (for the details of the separate study analyses, see
the Supplementary Appendix). The number of significant taxa
(NHits) was the sum of the number of significant taxa in all
exploratory datasets. The average correlation of DA estimates
was calculated as the hyperbolic tangent transformed mean of
the inverse hyperbolic tangent transformed Spearman correlation
coefficients.

Evaluation and ranking of DAA methods
The evaluation and ranking of the DAA methods proceeded as
follows. In the split-data analyses, we first examined whether
the methods performed adequately according to our criterion
for Conflict% and had a high Replication% compared to the
other methods. In the separate study analyses, we first consid-
ered which methods were among the most consistent methods
according to Conflict% and Replication%. Lastly, the methods with
adequate/high consistency were ranked by the total number of
significant taxa found in the exploratory datasets.

Additionally, we evaluated whether the low consistency of
some methods could be justified by their high sensitivity. This was
done by comparing the consistency of all methods under constant
high sensitivity, that is, when the nominal FDR levels (α) were
chosen so that each method detected the same high number of
taxa in the exploratory datasets.

Included DAA methods
We included 14 DAA methods that provided the DA estimate and
P-value for each taxon and had an up-to-date R implementation
available. The collection of methods included recent methods
designed specifically for microbial DAA, namely, ANCOM-BC2 [11],
corncob [14], fastANCOM [13], LDM [23], LinDA [12], and ZicoSeq
[2]. We also included methods that were originally designed for
differential expression analysis for RNA-Seq data but which have

also been used for microbial DAA, namely, ALDEx2 [24], DESeq2
[25], edgeR [26], limma voom [27, 28] and metagenomeSeq [29].

Additionally, we included two general statistical methods com-
monly used for DAA in practice [30]. These are the analysis of
log-transformed TSS normalized counts with a linear regression
model, i.e. the t-test when no covariates are included, as imple-
mented in the MaAsLin2 R package [31], and the analysis of
(untransformed) TSS normalized counts with a nonparametric
method. As the non-parametric method, we chose ordinal regres-
sion model (ORM/Wilcoxon), which can be seen as a general-
ization of the familiar Wilcoxon test in the sense that it can
incorporate covariates while giving basically the same P-values
as the Wilcoxon test in the two-group comparison [32]. Lastly, we
included logistic regression analysis of the observed presence/ab-
sence (nonzero/zero count) of taxa (LogR).

Except for the LogR approach, the methods can be roughly
described in terms of two factors. First, the methods address
the compositionality of microbiome data using different normal-
ization strategies. For instance, corncob, LDM, MaAsLin2/t-test,
and ORM/Wilcoxon (effectively) employ the simple TSS normal-
ization while ALDEx2 (CLR), DESeq2 (RLE), edgeR (TMM), limma-
voom (TMM) and metagenomeSeq (CSS) apply more elaborate nor-
malizations to count data. Furthermore, ANCOM-BC2 and LinDA
employ an estimated bias correction to the DA estimates, while
fastANCOM and ZicoSeq search for nondifferentially abundant
taxa and use those as the reference taxa in the analysis.

Second, the methods employ different transformations and
statistical models to analyze the (possibly normalized) count
data. A linear model/t-test with log (or CLR) transformation is
employed in ALDEx2, ANCOM-BC2, fastANCOM, limma-voom,
LinDA, MaAsLin2/t-test, and metagenomeSeq. A linear model
is also used in ZicoSeq (with power transformation) and in
LDM (with no transformation and arcsine-root transformation).
Untransformed counts are analyzed with a negative binomial
model in DESeq2 and edgeR, and with a beta-binomial model
in corncob. Lastly, the ranks of the (TSS normalized) counts are
analyzed in ORM/Wilcoxon.

While most of the tested methods had several parameters
that could be adjusted by the user, we primarily employed the
default settings as this is likely how these methods are applied
in practice. For the performance obtained with some other set-
tings, see Supplementary Figs A14.1–A14.4 in the Supplementary
Appendix. The list of the compared DAA methods is given in
Table 2, and the details of running the methods are presented in
the Supplementary Appendix.

Results
Split-data analyses
The overall values of the evaluation metrics are presented in
the text and in Fig. 2 (stratified by sample size and sequencing
type, see Supplementary Figs A17.1, A18.1 and A19.1, respectively;
for the distributions, see Supplementary Figs A4.1–A4.3, A5, and
A6 in the Supplementary Appendix). The number of conflicting
and replicated results on each randomly split original dataset are
given in Fig. 3.

Percentage of conflicting results
Seven methods, namely, ALDEx2, fastANCOM, LinDA, LogR,
MaAsLin2/t-test, ORM/Wilcoxon, and ZicoSeq, performed prop-
erly as their Conflict% was mostly below the thresholds for
ideal performance, namely, 0.025%, 0.125%, 0.25%, and 0.50%
with α = 0.01, 0.05, 0.10, and 0.20, respectively. The performances
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Table 2. Summary of the compared DAA methods.

Method Normalization
strategy

Performs log
(or CLR)
transformation

Model Can
incorporate
covariates

Provides
CIs

Typical
run-time

ALDEx2 CLR x Linear x x 30 s
ANCOM-BC2 Bias correction x Linear x x 20 s
corncob TSS Beta-binomial x x 10 s
DESeq2 RLE Negative binomial x x 7 s
edgeR TMM Negative binomial x 0.5 s
fastANCOM Reference taxa x Linear x x 0.01 s
LDM TSS Linear x 30 s
limma voom TMM x Linear x x 0.07 s
LinDA Bias correction x Linear x x 0.2 s
LogR – Binary logistic x x 0.6 s
MaAsLin2/t-test TSS x Linear x x 2 s
metagenomeSeq CSS x Linear x 0.8 s
ORM/Wilcoxon TSS Ordinal (proportional odds) x x 3 s
ZicoSeq Reference taxa Linear x 20 s

Figure 2. The performance of 14 DAA methods in terms of consistency and sensitivity on 57 randomly split real microbiome datasets. The methods
are in rank order based on the mean of the standardized values of the metrics. (Conflict% was square root transformed before the standardization.)
Values based on the nominal FDR level α = 0.05 are shown in bold. Each original dataset was split five times to form pairs consisting of an exploratory
and a validation dataset, thus totaling 285 pairs of datasets. Candidate taxon = A taxon that was significant (FDR-adjusted P < α) in an exploratory
dataset and present in the validation dataset. Conflict% = The percentage of candidate taxa that were significant (P < .05) in the validation dataset,
but in the opposite direction to that in the exploratory dataset. Replication% = The percentage of candidate taxa that were significant (P < .05) in the
validation dataset in the same direction as in the exploratory dataset. NHits = The total number of significant (FDR adjusted P < α) taxa found in the
285 exploratory datasets. A higher NHits can be considered better when it is accompanied by low Conflict% and high Replication%.

of corncob (Conflict% = 0.3% at α = 0.05), limma-voom (0.3%),
and metagenomeSeq (0.3%) were also tolerable, but for LDM
the Conflict% (0.8%) was too high. Most notably, however,

ANCOM-BC2 (3.0%) and especially DESeq2 (7.2%) and edgeR (6.3%)
had their Conflict% order(s) of magnitude above the acceptable
level.
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Figure 3. The number of conflicting and replicated results found by 14 DAA methods on 57 randomly split real microbiome datasets. Each original
dataset was split to form a pair consisting of an exploratory and a validation dataset. The splitting was performed five times for each original dataset. In
each slot is the number of taxa for which a conflicting or replicated result was found in at least one of such pair. Conflicting result = the result for a taxon
was significant in the exploratory datasets (FDR adjusted P < .05) and validation datasets (P < .05) but in opposite directions. Replicated result = the
result for a taxon was significant in the exploratory dataset and validation datasets in the same direction. Seq. = sequencing type (16S or SG = shotgun);
Cond. = the studied condition; Beta = Beta diversity explained by the experimental group (case/control); N = the sample size in a single exploratory
or validation dataset. ACVD, atherosclerotic cardiovascular disease; BD, Behcet’s disease; Ceph., cephalosporins; CRA, chronic, treated rheumatoid
arthritis; HIV, human immunodeficiency virus; HT, hypertension; IGT, impaired glucose tolerance; ME/CFS, myalgic encephalomyelitis/chronic fatigue
syndrome; NASH, nonalcoholic steatohepatitis; NORA, new-onset untreated rheumatoid arthritis; PD, Parkinson’s disease; PHT, prehypertension;
STH, soil-transmitted helminths.

Replication percentage
Replication percentages (Replication%) ranged from 35% to
almost 80% at α = 0.05. The highest Replication% was observed
for ALDEx2 (79%), LogR (78%), fastANCOM (77%), MaAsLin2/t-
test (77%) and ORM/Wilcoxon (76%). They were followed by
LinDA (72%), limma-voom (70%), corncob (69%), ZicoSeq (68%),
metagenomeSeq (64%), and LDM (64%). The lowest Replication%

was observed for ANCOM-BC2 (35%), DESeq2 (45%), and edgeR
(42%).

The high Conflict% and low Replication% observed for
ANCOM-BC2, DESeq2, and edgeR indicated that these methods
likely provide systematically too low P-values. Additional evidence
for this was gathered by examining the performance of the
methods on 500 (=50 × 10) datasets with randomly permuted
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group labels (corresponding to a scenario where there are no
truly differentially abundant taxa). For instance, instead of
the nominal 5%, the percentage of (not multiplicity adjusted)
P-values < .05 was 18.4% for edgeR and 10.5% for DESeq2
(Supplementary Fig. A7). However, for ANCOM-BC2 this percent-
age was 3.1%, indicating other reasons for its low consistency.

Number of significant taxa
By a large margin the most sensitive methods were edgeR and
DESeq2. With the nominal FDR level α = 0.05, they identified
a total of 6397 and 5767 significant taxa in the 285 (=57 × 5)
exploratory datasets, respectively. They were followed by corncob
(NHits = 3593), LDM (3233), ORM/Wilcoxon (3105), limma-voom
(3093), MaAsLin2/t-test (2923), and LinDA (2873). A little behind
these methods were ANCOM-BC2 (2678), ZicoSeq (2620), and
LogR (2565). The least sensitive methods were fastANCOM (1881),
ALDEx2 (1788), and metagenomeSeq (1581).

While DESeq2 and edgeR identified a high number of taxa
(NHits = 5767–6397) with the nominal FDR level α = 0.05, LDM,
ZicoSeq, limma-voom, corncob, LinDA, MaAsLin2/t-test, and
ORM/Wilcoxon detected a number of similar magnitude (NHits
around 5000) when α = 0.20 was used. In the latter cases, however,
Conflict% was mostly at least an order of magnitude lower, and
Replication% was somewhat higher than in the former cases.
Moreover, when the nominal FDR levels were chosen so that each
method detected exactly 6000 taxa, the highest consistency was
achieved by ORM/Wilcoxon, MaAsLin2/t-test, and LogR while the
lowest was demonstrated by ANCOM-BC2, DESeq2, and edgeR
(Supplementary Fig. A3).

Correlation of estimates and overlap percentage of CIs
The average Spearman correlation between DA estimates in the
exploratory and validation datasets was highest for fastANCOM
(0.43), limma-voom (0.43), LinDA (0.43), ALDEx2 (0.43), and
MaAsLin2/t-test (0.42), followed by ORM/Wilcoxon (0.40), corncob
(0.38), ZicoSeq (0.36), LogR (0.36) (Supplementary Fig. A5). The
lowest values were observed for metagenomeSeq (0.32), DESeq2
(0.30), edgeR (0.29), LDM (0.28), and ANCOM-BC2 (0.22).

The overlap percentage of CIs (CI%) for candidate taxa
was highest for ALDEx2 (93%), LogR (93%), fastANCOM (92%),
ORM/Wilcoxon (91%), and MaAsLin2/t-test (89%) (Supplementary
Fig. A6). It was especially low for DESeq2 (65%) and ANCOM-BC2
(62%).

Performance with covariates
The inclusion of 1–3 covariates did not notably decrease the
performance of most DAA methods (Supplementary Fig. A8). An
exception was DESeq2, whose performance dropped substantially.
For instance, its Conflict% was as high as 16.0% and Replication%
as low as 25%.

Separate study analyses
The overall values of the evaluation metrics are presented in the
text and in Fig. 4 (stratified by sample size and sequencing type,
see Supplementary Figs A17.2, A18.2 and A19.2, respectively; for
the distributions, see Supplementary Figs A10.1–A10.3, A11, and
A12 in the Supplementary Appendix). The number of conflicting
and replicated results for each exploratory dataset are given in
Fig. 5.

Percentage of conflicting results
The lowest Conflict% at the nominal FDR level α = 0.05 was
achieved by ALDEx2 (1.5%), followed by metagenomeSeq (2.2%),

ZicoSeq (2.4%), fastANCOM (3.0%) and LogR (3.1%). The next
lowest values were observed for MaAsLin2/t-test (4.0%), limma-
voom (4.2%), ORM/Wilcoxon (4.3%), ANCOM-BC2 (4.3%), LinDA
(4.8%), and LDM (4.9%). A higher value was observed for corncob
(6.5%) and the two highest values for DESeq2 (8.1%) and edgeR
(9.2%).

Replication percentage
With α = 0.05, the replication percentages (Replication%) varied
little (38%–44%) between most of the methods. The methods
listed by Replication% from highest to lowest were: MaAsLin2/t-
test (44%), ORM/Wilcoxon (44%), fastANCOM (43%), LinDA (43%),
LDM (42%), ALDEx2 (40%), metagenomeSeq (40%), LogR (39%),
limma-voom (39%), ZicoSeq (39%), and corncob (38%). Clearly
lower values were observed for edgeR (33%), DESeq2 (25%), and
ANCOM-BC2 (21%).

Number of significant taxa
The total number of significant taxa found in the 37 exploratory
datasets (NHits) with α = 0.05 was clearly highest for edgeR
(997), followed by DESeq2 (741). The middle group consisted
of corncob (521), LinDA (451), limma-voom (447), LDM (437),
ORM/Wilcoxon (436), ANCOM-BC2 (414), MaAsLin2/t-test (395),
LogR (387) and ZicoSeq (334). The lowest numbers were observed
for metagenomeSeq (236), fastANCOM (223), and ALDEx2 (191).

While edgeR detected the highest number of taxa (997) with
Conflict% = 9.2% and Replication% = 33% at the nominal FDR level
α = 0.05, we note that, for instance, LinDA, LDM, and limma-voom
identified almost the same number of taxa (926–948) with lower
Conflict% (5.4%–6.2%) and similar Replication% (32%–33%) when
α was set at 0.20. Furthermore, when the nominal FDR levels
were chosen for each method so that each detected exactly 1000
taxa, the highest consistency was achieved by MaAsLin2/t-test,
ORM/Wilcoxon, LogR, limma-voom, and LinDA while the low-
est consistency was demonstrated by ANCOM-BC2 and DESeq2
(Supplementary Fig. A9).

Correlation of estimates and overlap percentage of CIs
The average Spearman correlation between the DA estimates
in the exploratory and validation datasets varied little between
most methods (Supplementary Fig. A11). It was highest for
ORM/Wilcoxon (0.25), MaAsLin2/t-test (0.24), LinDA (0.24), limma-
voom (0.24), ALDEx2 (0.24), and fastANCOM (0.24). The lowest
values were observed for edgeR (0.16), LDM (0.15) and ANCOM-
BC2 (0.13).

The overlap percentage of the 83.4% CIs (CI%) varied between
29% and 47%. The highest values were observed for LogR (47%),
MaAsLin2 (46%), ORM (44%), and metagenomeSeq (42%), and the
lowest for fastANCOM (33%), ALDEx2 (32%), ANCOM-BC2 (32%)
and DESeq2 (29%) (Supplementary Fig. A12).

Summary of the results
Split-data analyses
Five methods, ALDEx2, fastANCOM, LogR, MaAsLin2/t-test,
and ORM/Wilcoxon had adequately low Conflict% while also
producing the highest replication percentages. Of these methods,
ORM/Wilcoxon and MaAsLin2/t-test, followed by LogR, were the
most sensitive ones. At the opposite end, the most inconsistent
methods by far were ANCOM-BC2, DESeq2, and edgeR. For
instance, their Conflict% was order(s) of magnitude higher than
what was considered ideal. Moreover, while DESeq2 and edgeR
were very sensitive, similar sensitivity with better consistency
could be reached by other methods (especially ORM/Wilcoxon,
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Figure 4. The performance of 14 DAA methods in terms of sensitivity and consistency of results between separate studies. The methods are in rank order
based on the mean of the standardized values of the metrics. (Conflict% was square root transformed before the standardization.) Values based on the
nominal FDR level α = 0.05 are shown in bold. A dataset from one study was used as an exploratory dataset and dataset(s) from other study/studies
as the validation dataset(s). Candidate taxon = A taxon that was significant (FDR adjusted P < α) in an exploratory dataset and present in a validation
dataset. Conflict% = The percentage of candidate taxa that were significant (P < .05) in the validation dataset, but in the opposite direction to that in
the exploratory dataset. Replication% = The percentage of candidate taxa that were significant (P < .05) in the validation dataset in the same direction
as in the exploratory dataset. NHits = The total number of significant taxa found in the 37 exploratory datasets. A higher NHits can be considered better
when it is accompanied by low Conflict% and high Replication%.

MaAsLin2/t-test, and LogR) when the nominal FDR level was
increased (Supplementary Fig. A3).

As most methods detected most of their significant taxa in
larger datasets (sample size N > 100), the above overall evalua-
tions were effectively based mainly on the performance on those
datasets (Supplementary Fig. A17.1). The most consistent meth-
ods did not, however, produce conflicting results even on smaller
datasets (N < 40).

Separate study analyses
Overall, the most consistent methods were ALDEx2, fastAN-
COM, LogR, MaAsLin2/t-test, ORM/Wilcoxon, and ZicoSeq.
ORM/Wilcoxon and MaAsLin2/t-test, followed by LogR, and
ZicoSeq were more sensitive than ALDEx2 and fastANCOM. The
least consistent methods were again ANCOM-BC2, DESeq2, and
edgeR. There was, however, a strong negative correlation between
consistency and sensitivity (Supplementary Fig. A13), and thus
a high sensitivity of some methods compensated for their low
consistency to some degree. Nevertheless, when comparing
the methods under a constant high sensitivity, ORM/Wilcoxon,
MaAsLin2/t-test, LogR, LinDA, and limma-voom performed
slightly better than the other methods in terms of consistency
(Supplementary Fig. A9).

Discussion
We performed a comprehensive investigation of how well
microbial DAA results provided by 14 different methods replicate
between datasets. We especially studied how different methods
can replicate statistical significance and the direction of taxon-
wise DA between random partitions of datasets and between
different studies. This approach allowed us to identify relatively
sensitive methods that perform consistently on datasets from the
same study. The identified methods also performed well when
considering replication between separate studies. Furthermore,
our analyses revealed methods that provide systematically
inconsistent results, suggesting caution in their use.

Overall, the best performance was obtained by analyzing TSS
normalized counts, i.e. relative abundances, with a nonparametric
method (ORM/Wilcoxon), log-transformed TSS normalized counts
with the t-test/linear regression (MaAsLin2/t-test), or the pres-
ence/absence of taxa with logistic regression (LogR). These meth-
ods performed adequately according to our criteria in the split-
data analyses and were among the most consistent ones also in
the separate study analyses. Importantly, they were clearly more
sensitive than the other consistent methods. These methods were
also the most consistent ones when all methods were forced to
detect a high constant number of taxa by adjusting the nominal
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Figure 5. The number of conflicting and replicated results found by 14 DAA methods when datasets from separate studies were used as exploratory
and validation datasets. One exploratory dataset may have had multiple validation datasets (indicated by NV). In each slot is the number of taxa for
which a conflicting or replicated result was found in at least one of the validation datasets. Conflicting result = the result for a taxon was significant
in the exploratory dataset (FDR-adjusted P < .05) and validation dataset(s) (P < .05) but in opposite directions. Replicated result = the result for a taxon
was significant in the exploratory dataset and validation dataset(s) in the same direction. Seq. = sequencing type (16S or SG = shotgun); Condition = the
studied condition; Beta = Beta diversity explained by the experimental group (case/control); N = the sample size of the exploratory dataset.

FDR levels. Moreover, they performed above average when consid-
ering the correlation of DA estimates and the overlap percentage
of CIs.

At the opposite end, ANCOM-BC2, DESeq2, and edgeR were
found to be highly inconsistent. For instance, in the split-data
analyses, these methods provided at least an order of magnitude
more conflicting results than what was considered acceptable.
Our finding is in line with some other studies where correspond-
ingly poor performance of DESeq2 and especially edgeR has been
observed in the form of high error rates in group label shuffling on
real datasets [1, 2, 16]. Moreover, when covariates were included,
the performance of DESeq2 dropped further and the percentages
of conflicting and replicated results were almost of the same
order of magnitude (Supplementary Fig. A8). Lastly, while DESeq2
and especially edgeR were clearly the most sensitive methods, we
observed that a similar sensitivity could be achieved more reliably
by other methods by using a higher nominal FDR level.

Of the rest of the methods, ALDEx2 and fastANCOM showed
good consistency but were notably less sensitive compared to
MaAsLin2/t-test and ORM/Wilcoxon. This finding aligns with pre-
vious studies that found ALDEx2 to be conservative [1, 2, 16,
33], yet consistently performing [1, 16]. Furthermore, LinDA and
limma-voom had little deficiencies in consistency while being
acceptably sensitive. Lastly, corncob, LDM, metagenomeSeq, and
ZicoSeq compromised a little in consistency and/or sensitivity.

An important observation in our investigation was that the best
performance was obtained by the elementary methods that are
not specifically designed for (microbial) DAA. It therefore seems
that applying advanced strategies to address the compositionality
of microbiome data and/or employing complex statistical models
reduces either the consistency or sensitivity achieved in DAA. We
interpret this to indicate that it may not be generally beneficial
to employ complex statistical modeling techniques in DAA. Espe-
cially considering the highly inconsistent performance of DESeq2
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and edgeR, the employment of the negative binomial model may
not be advisable in DAA (for pure negative binomial model, see
Supplementary Figs A14.1–A14.4).

Nevertheless, it is well-known that analyzing simple TSS nor-
malized counts can lead to spurious results if the total abso-
lute abundances differ systematically between the experimental
groups [5, 9, 34, 35]. Therefore, despite the possible loss in con-
sistency and/or sensitivity, complex normalization strategies may
be needed in DAA to avoid such spurious findings. To investigate
this, we performed DAA on a real dataset from a study on mice
where the absolute microbial abundances were measured to be
clearly higher in one group [36]. We observed that the methods
employing TSS normalization estimated the sign of the “true” DA
(based on the measured absolute abundances) comparably to the
other methods (Supplementary Fig. A15). Moreover, in our main
analyses the consistency of MaAsLin2/t-test and ORM/Wilcoxon
was comparable to other methods on all datasets (Figs 3 and 5),
and their P-values changed little when TSS normalization was
replaced by more advanced normalization methods, such as CSS,
GMPR [37], TMM or Wrench [38] (Supplementary Fig. A16). Conse-
quently, while this examination was very limited and our analyses
may not include datasets with very large systematic differences
in total absolute abundances, we gathered some indirect evidence
indicating that sophisticated normalization methods may offer
little advantage over simple TSS normalization in many typical
studies on human gut microbiome.

While the consistency of several DAA methods was appropri-
ate in the split-data analyses, a general observation was that
DAA results were generally substantially less consistent in the
separate study analyses. This indicates that any between-study
differences in DAA depend largely on actual differences between
the study populations and/or differences in the experimental
workflows. The possible low replicability of DAA results across
studies is thus not necessarily due to any faulty performance of
the DAA method. Nevertheless, while the consistency was lower
in the separate study analyses, the more consistent methods
produced 10–20 times more replicated findings than conflicting
results.

CIs have not been investigated in previous benchmarking stud-
ies on DAA. We found that at least some methods (ALDEx2,
fastANCOM, LogR, MaAsLin2/t-test, and ORM/Wilcoxon) provided
relatively consistent intervals in the split-data analyses. We note,
however, that a high overlap percentage does not necessarily indi-
cate accurate estimates but may also reflect extensively wide CIs.
Moreover, apart from DESeq2, adding covariates in the analysis did
not essentially alter the performance of the tested DAA methods.
Additionally, the run-time of each tested method was mostly
under one minute and should thus not be an issue in practice
(Table 2, Supplentary Fig. A2).

An interesting finding was that when simply analyzing the
presence/absence of taxa (LogR), the sensitivity was only around
15% lower than that of MaAsLin2/t-test and ORM/Wilcoxon. These
observations are in line with two recent studies [39, 40], and
they suggest that a substantial amount of relevant information in
microbial count data may lie merely in the observed presence/ab-
sence of taxa.

It has been reported that the general performance of DAA
methods may depend on data characteristics [9] and that the
consistency of any method may depend strongly on the dataset
[16]. It can therefore be considered a limitation of our study that
we merely investigated the methods’ overall performance. How-
ever, when replication of DAA results is considered, it would be
especially relevant to use the same DAA method in all compared

studies. It is therefore important to identify methods that work
reasonably well on most datasets.

Due to data availability reasons, we employed only datasets
from human gut microbiome studies. Moreover, we always filtered
out taxa with prevalence <10% and did not consider rarefying
data. We cannot guarantee how well our findings would apply on
other types of data. Furthermore, while we used datasets from a
reasonably large number (N = 53) of studies, the total number of
candidate taxa in the separate data analyses was relatively low
(167–785) and most candidate taxa were from a few exploratory
datasets. The effect of random variation was thus considerable on
our findings in the separate study analyses. Those findings should
therefore be seen as only rough indications for the expected
replicability of DAA results between studies.

Key Points

• We benchmarked 14 differential abundance analysis
methods by examining the consistency and replicability
of their results along with their sensitivity.

• We employed 69 real datasets from 53 microbiome stud-
ies.

• The highest consistency with good sensitivity was
obtained by analyzing relative abundances or presence/
absence with elementary methods (nonparametric test,
linear regression/t-test, logistic regression).

• Some widely used methods were found to perform
highly inconsistently.

• A higher sensitivity should be aimed for by using a
consistent method with a higher significance level.

Supplementary data
Supplementary data is available at Briefings in Bioinformatics
online.

Author contributions
J.P.: Conceptualization, formal analysis, writing—original draft;
K.A., J.K., and L.L.: Supervision, writing—reviewing and editing. All
authors read and approved the final manuscript.

Conflict of interest: None declared.

Funding
This work was supported by the Research Council of Finland
[330887 to J.P., L.L.]; and the European Union’s Horizon 2020
research and innovation programme [952914 to J.P., L.L.].

Data availability
The curated datasets and codes supporting the conclusions
of this article are available in Zenodo https://doi.org/10.5281/
zenodo.15047338. The original datasets employed in this study
are available in the MicrobiomeHD database [19] or in the
curatedMetagenomicData (version 3.10.0) R package [20]. All data
curation and analyses were performed in R 4.2.3 [41].

References
1. Nearing JT, Douglas GM, Hayes MG. et al. Microbiome differ-

ential abundance methods produce different results across
38 datasets. Nat Commun 2022;13:342. https://doi.org/10.1038/
s41467-022-28034-z

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/26/2/bbaf130/8093585 by guest on 19 February 2026

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf130#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf130#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf130#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf130#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf130#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf130#supplementary-data
https://doi.org/10.5281/zenodo.15047338
https://doi.org/10.5281/zenodo.15047338
https://doi.org/10.5281/zenodo.15047338
https://doi.org/10.5281/zenodo.15047338
https://doi.org/10.1038/s41467-022-28034-z
https://doi.org/10.1038/s41467-022-28034-z
https://doi.org/10.1038/s41467-022-28034-z
https://doi.org/10.1038/s41467-022-28034-z
https://doi.org/10.1038/s41467-022-28034-z


Elementary methods provide more replicable results | 11

2. Yang L, Chen J. A comprehensive evaluation of microbial differ-
ential abundance analysis methods: current status and poten-
tial solutions. Microbiome 2022;10:130. https://doi.org/10.1186/
s40168-022-01320-0

3. McLaren MR, Willis AD, Callahan BJ. Consistent and cor-
rectable bias in metagenomic sequencing experiments. Elife
2019;8:e46923. https://doi.org/10.7554/eLife.46923

4. McMurdie PJ, Holmes S. Waste not, want not: why rarefying
microbiome data is inadmissible. PLoS Comput Biol 2014;10:
e1003531. https://doi.org/10.1371/JOURNAL.PCBI.1003531

5. Lin H, Das Peddada S. Analysis of microbial compositions:
a review of normalization and differential abundance analy-
sis. NPJ Biofilms Microbiomes 2020;6:60. https://doi.org/10.1038/
s41522-020-00160-w

6. Cappellato M, Baruzzo G, Di Camillo. Investigating differ-
ential abundance methods in microbiome data: a bench-
mark study. PLoS Comput Biol 2022;18:e1010467. https://doi.
org/10.1371/JOURNAL.PCBI.1010467

7. Wirbel J, Essex M, Forslund SK. et al. A realistic benchmark for
differential abundance testing and confounder adjustment in
human microbiome studies. Genome Biol 2024;25:1–26. https://
doi.org/10.1186/S13059-024-03390-9

8. Swift D, Cresswell K, Johnson R. et al. A review of normalization
and differential abundance methods for microbiome counts
data. Wiley Interdiscip Rev Comput Stat 2023;15:e1586. https://doi.
org/10.1002/WICS.1586

9. Weiss S, Xu ZZ, Peddada S. Normalization and microbial
differential abundance strategies depend upon data
characteristics. Microbiome 2017;5:1–18. https://doi.org/10.1186/
S40168-017-0237-Y/FIGURES/8

10. Gloor GB, Macklaim JM, Pawlowsky-Glahn V. et al. Microbiome
datasets are compositional: and this is not optional. Front Micro-
biol 2017;8:2224. https://doi.org/10.3389/FMICB.2017.02224

11. Lin H, Das Peddada S. Multigroup analysis of compositions of
microbiomes with covariate adjustments and repeated mea-
sures. Nature Methods 2023;21:83–91. https://doi.org/10.1038/
s41592-023-02092-7

12. Zhou H, He K, Chen J. et al. LinDA: linear models for differential
abundance analysis of microbiome compositional data. Genome
Biol 2022;23:95. https://doi.org/10.1186/s13059-022-02655-5

13. Zhou C, Wang H, Zhao H. et al. fastANCOM: a fast method for
analysis of compositions of microbiomes. Bioinformatics 2022;38:
2039–41. https://doi.org/10.1093/bioinformatics/btac060

14. Martin BD, Witten D, Willis AD. MODELING microbial abun-
dances and DYSBIOSIS with BETA-binomial regression. Ann Appl
Stat 2020;14:94–115. https://doi.org/10.1214/19-aoas1283

15. Hu Y-J, Satten GA. Compositional analysis of microbiome
data using the linear decomposition model (LDM). Bioinfor-
matics 2023;39:btad668. https://doi.org/10.1093/bioinformatics/
btad668

16. Calgaro M, Romualdi C, Waldron L. et al. Assessment of statisti-
cal methods from single cell, bulk RNA-seq, and metagenomics
applied to microbiome data. Genome Biol 2020;21:1–31. https://
doi.org/10.1186/S13059-020-02104-1/FIGURES/7

17. Wallen ZD. Comparison study of differential abundance testing
methods using two large Parkinson disease gut microbiome
datasets derived from 16S amplicon sequencing. BMC Bioin-
form 2021;22:1–29. https://doi.org/10.1186/S12859-021-04193-6/
FIGURES/4

18. Khomich Id M, Måge I, Rud I. et al. Analysing microbiome inter-
vention design studies: comparison of alternative multivari-
ate statistical methods. PloS One 2021;16:e0259973. https://doi.
org/10.1371/journal.pone.0259973

19. Duvallet C, Gibbons SM, Gurry T. et al. Meta-analysis of
gut microbiome studies identifies disease-specific and shared
responses. Nat Commun 2017;8:1784. https://doi.org/10.1038/
s41467-017-01973-8

20. Pasolli E, Schiffer L, Manghi P. et al. Accessible, curated metage-
nomic data through ExperimentHub. Nat Methods 2017;14:
1023–4. https://doi.org/10.1038/nmeth.4468

21. Benjamini Y, Hochberg Y. Controlling the false discovery rate:
a practical and powerful approach to multiple testing. J R
Stat Soc B Methodol 1995;57:289–300. https://doi.org/10.1111/
J.2517-6161.1995.TB02031.X

22. Knol MJ, Pestman WR, Grobbee DE. The (mis) use of over-
lap of confidence intervals to assess effect modification. Eur
J Epidemiol 2011;26:253–4. https://doi.org/10.1007/s10654-011-
9563-8

23. Hu Y-J, Satten GA. Testing hypotheses about the micro-
biome using the linear decomposition model (LDM). Bioinfor-
matics 2020;36:4106–15. https://doi.org/10.1093/bioinformatics/
btaa260

24. Fernandes AD, Reid JN, Macklaim JM. et al. Unifying the analysis
of high-throughput sequencing datasets: characterizing RNA-
seq, 16S rRNA gene sequencing and selective growth exper-
iments by compositional data analysis. Microbiome 2014;2:15.
https://doi.org/10.1186/2049-2618-2-15

25. Love MI, Huber W, Anders S. Moderated estimation
of fold change and dispersion for RNA-seq data with DESeq2.
Genome Biol 2014;15:550. https://doi.org/10.1186/s13059-014-
0550-8

26. Robinson MD, McCarthy DJ, Smyth GK. edgeR: a biocon-
ductor package for differential expression analysis of digital
gene expression data. Bioinformatics 2010;26:139–40. https://doi.
org/10.1093/bioinformatics/btp616

27. Ritchie ME, Phipson B, Di Wu. et al. Limma powers differential
expression analyses for RNA-sequencing and microarray stud-
ies. Nucleic Acids Res 2015;43:e47. https://doi.org/10.1093/nar/
gkv007

28. Law CW, Chen Y, Shi W. et al. Voom: precision weights
unlock linear model analysis tools for RNA-seq read counts.
Genome Biol 2014;15:R29. https://doi.org/10.1186/gb-2014-15-
2-r29

29. Paulson JN, Stine OC, Bravo HC. et al. Differential abun-
dance analysis for microbial marker-gene surveys. Nat Methods
2013;10:1200–2. https://doi.org/10.1038/nmeth.2658

30. Geistlinger L, Mirzayi C, Zohra F. et al. BugSigDB captures pat-
terns of differential abundance across a broad range of host-
associated microbial signatures. Nat Biotechnol 2023;2023:1–13.
https://doi.org/10.1038/s41587-023-01872-y

31. Mallick H, Rahnavard A, McIver LJ. et al. Multivariable associ-
ation discovery in population-scale meta-omics studies. PLoS
Comput Biol 2021;17:e1009442. https://doi.org/10.1371/journal.
pcbi.1009442

32. Liu Q, Shepherd BE, Li C. et al. Modeling continuous response
variables using ordinal regression. Stat Med 2017;36:4316–35.
https://doi.org/10.1002/SIM.7433

33. Hawinkel S, Mattiello F, Bijnens L. et al. A broken promise:
microbiome differential abundance methods do not control the
false discovery rate. Brief Bioinform 2019;20:210–21. https://doi.
org/10.1093/bib/bbx104

34. Lloréns-Rico V, Vieira-Silva S, Gonçalves PJ. et al. Benchmark-
ing microbiome transformations favors experimental quanti-
tative approaches to address compositionality and sampling
depth biases. Nat Commun 2021;12:3562. https://doi.org/10.1038/
s41467-021-23821-6

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/26/2/bbaf130/8093585 by guest on 19 February 2026

https://doi.org/10.1186/s40168-022-01320-0
https://doi.org/10.1186/s40168-022-01320-0
https://doi.org/10.1186/s40168-022-01320-0
https://doi.org/10.1186/s40168-022-01320-0
https://doi.org/10.7554/eLife.46923
https://doi.org/10.7554/eLife.46923
https://doi.org/10.7554/eLife.46923
https://doi.org/10.7554/eLife.46923
https://doi.org/10.1371/JOURNAL.PCBI.1003531
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1371/JOURNAL.PCBI.1010467
https://doi.org/10.1371/JOURNAL.PCBI.1010467
https://doi.org/10.1371/JOURNAL.PCBI.1010467
https://doi.org/10.1371/JOURNAL.PCBI.1010467
https://doi.org/10.1371/JOURNAL.PCBI.1010467
https://doi.org/10.1186/S13059-024-03390-9
https://doi.org/10.1186/S13059-024-03390-9
https://doi.org/10.1186/S13059-024-03390-9
https://doi.org/10.1186/S13059-024-03390-9
https://doi.org/10.1002/WICS.1586
https://doi.org/10.1002/WICS.1586
https://doi.org/10.1002/WICS.1586
https://doi.org/10.1002/WICS.1586
https://doi.org/10.1186/S40168-017-0237-Y/FIGURES/8
https://doi.org/10.1186/S40168-017-0237-Y/FIGURES/8
https://doi.org/10.1186/S40168-017-0237-Y/FIGURES/8
https://doi.org/10.1186/S40168-017-0237-Y/FIGURES/8
https://doi.org/10.1186/S40168-017-0237-Y/FIGURES/8
https://doi.org/10.1186/S40168-017-0237-Y/FIGURES/8
https://doi.org/10.3389/FMICB.2017.02224
https://doi.org/10.3389/FMICB.2017.02224
https://doi.org/10.3389/FMICB.2017.02224
https://doi.org/10.3389/FMICB.2017.02224
https://doi.org/10.1038/s41592-023-02092-7
https://doi.org/10.1038/s41592-023-02092-7
https://doi.org/10.1038/s41592-023-02092-7
https://doi.org/10.1038/s41592-023-02092-7
https://doi.org/10.1186/s13059-022-02655-5
https://doi.org/10.1186/s13059-022-02655-5
https://doi.org/10.1186/s13059-022-02655-5
https://doi.org/10.1186/s13059-022-02655-5
https://doi.org/10.1093/bioinformatics/btac060
https://doi.org/10.1093/bioinformatics/btac060
https://doi.org/10.1093/bioinformatics/btac060
https://doi.org/10.1093/bioinformatics/btac060
https://doi.org/10.1093/bioinformatics/btac060
https://doi.org/10.1214/19-aoas1283
https://doi.org/10.1214/19-aoas1283
https://doi.org/10.1214/19-aoas1283
https://doi.org/10.1214/19-aoas1283
https://doi.org/10.1093/bioinformatics/btad668
https://doi.org/10.1093/bioinformatics/btad668
https://doi.org/10.1093/bioinformatics/btad668
https://doi.org/10.1093/bioinformatics/btad668
https://doi.org/10.1093/bioinformatics/btad668
https://doi.org/10.1186/S13059-020-02104-1/FIGURES/7
https://doi.org/10.1186/S13059-020-02104-1/FIGURES/7
https://doi.org/10.1186/S13059-020-02104-1/FIGURES/7
https://doi.org/10.1186/S13059-020-02104-1/FIGURES/7
https://doi.org/10.1186/S13059-020-02104-1/FIGURES/7
https://doi.org/10.1186/S12859-021-04193-6/FIGURES/4
https://doi.org/10.1186/S12859-021-04193-6/FIGURES/4
https://doi.org/10.1186/S12859-021-04193-6/FIGURES/4
https://doi.org/10.1186/S12859-021-04193-6/FIGURES/4
https://doi.org/10.1186/S12859-021-04193-6/FIGURES/4
https://doi.org/10.1371/journal.pone.0259973
https://doi.org/10.1371/journal.pone.0259973
https://doi.org/10.1371/journal.pone.0259973
https://doi.org/10.1371/journal.pone.0259973
https://doi.org/10.1371/journal.pone.0259973
https://doi.org/10.1038/s41467-017-01973-8
https://doi.org/10.1038/s41467-017-01973-8
https://doi.org/10.1038/s41467-017-01973-8
https://doi.org/10.1038/s41467-017-01973-8
https://doi.org/10.1038/nmeth.4468
https://doi.org/10.1038/nmeth.4468
https://doi.org/10.1038/nmeth.4468
https://doi.org/10.1038/nmeth.4468
https://doi.org/10.1111/J.2517-6161.1995.TB02031.X
https://doi.org/10.1111/J.2517-6161.1995.TB02031.X
https://doi.org/10.1111/J.2517-6161.1995.TB02031.X
https://doi.org/10.1111/J.2517-6161.1995.TB02031.X
https://doi.org/10.1111/J.2517-6161.1995.TB02031.X
https://doi.org/10.1111/J.2517-6161.1995.TB02031.X
https://doi.org/10.1007/s10654-011-9563-8
https://doi.org/10.1093/bioinformatics/btaa260
https://doi.org/10.1093/bioinformatics/btaa260
https://doi.org/10.1093/bioinformatics/btaa260
https://doi.org/10.1093/bioinformatics/btaa260
https://doi.org/10.1093/bioinformatics/btaa260
https://doi.org/10.1186/2049-2618-2-15
https://doi.org/10.1186/2049-2618-2-15
https://doi.org/10.1186/2049-2618-2-15
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1186/gb-2014-15-2-r29
https://doi.org/10.1038/nmeth.2658
https://doi.org/10.1038/nmeth.2658
https://doi.org/10.1038/nmeth.2658
https://doi.org/10.1038/nmeth.2658
https://doi.org/10.1038/s41587-023-01872-y
https://doi.org/10.1038/s41587-023-01872-y
https://doi.org/10.1038/s41587-023-01872-y
https://doi.org/10.1038/s41587-023-01872-y
https://doi.org/10.1038/s41587-023-01872-y
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1002/SIM.7433
https://doi.org/10.1002/SIM.7433
https://doi.org/10.1002/SIM.7433
https://doi.org/10.1002/SIM.7433
https://doi.org/10.1093/bib/bbx104
https://doi.org/10.1093/bib/bbx104
https://doi.org/10.1093/bib/bbx104
https://doi.org/10.1093/bib/bbx104
https://doi.org/10.1093/bib/bbx104
https://doi.org/10.1038/s41467-021-23821-6
https://doi.org/10.1038/s41467-021-23821-6
https://doi.org/10.1038/s41467-021-23821-6
https://doi.org/10.1038/s41467-021-23821-6


12 | Pelto et al.

35. Vandeputte D, Kathagen G, D’hoe K. et al. Quantitative
microbiome profiling links gut community variation to
microbial load. Nature 2017;551:507–11. https://doi.org/10.1038/
nature24460

36. Barlow JT, Bogatyrev SR, Ismagilov RF. A quantitative sequencing
framework for absolute abundance measurements of mucosal
and lumenal microbial communities. Nat Commun 2020;11:1–13.
https://doi.org/10.1038/s41467-020-16224-6

37. Chen L, Reeve J, Zhang L. et al. GMPR: a robust normaliza-
tion method for zero-inflated count data with application to
microbiome sequencing data. PeerJ 2018;2018:e4600. https://doi.
org/10.7717/PEERJ.4600/SUPP-1

38. Kumar MS, Slud EV, Okrah K. et al. Analysis and correc-
tion of compositional bias in sparse sequencing count data.

BMC Genomics 2018;19:1–23. https://doi.org/10.1186/S12864-018-
5160-5/FIGURES/10

39. Karwowska Z, Aasmets O, Estonian Biobank Research Team.
et al. Effects of data transformation and model selection on
feature importance in microbiome classification data. Micro-
biome 2025;13:1–14. https://doi.org/10.1186/S40168-024-01996-
6/FIGURES/4

40. Giliberti R, Cavaliere S, Mauriello IE. et al. Host phenotype clas-
sification from human microbiome data is mainly driven by the
presence of microbial taxa. PLoS Comput Biol 2022;18:e1010066.
https://doi.org/10.1371/JOURNAL.PCBI.1010066

41. R Core Team. R: A Language and Environment for Statistical Comput-
ing. Vienna, Austria: R Core Team, 2023. https://www.R-project.
org/

© The Author(s) 2025. Published by Oxford University Press. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and
reproduction in any medium, provided the original work is properly cited.
Briefings in Bioinformatics, 2025, 26(2), bbaf130
https://doi.org/10.1093/bib/bbaf130
Review

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/26/2/bbaf130/8093585 by guest on 19 February 2026

https://doi.org/10.1038/nature24460
https://doi.org/10.1038/nature24460
https://doi.org/10.1038/nature24460
https://doi.org/10.1038/nature24460
https://doi.org/10.1038/s41467-020-16224-6
https://doi.org/10.1038/s41467-020-16224-6
https://doi.org/10.1038/s41467-020-16224-6
https://doi.org/10.1038/s41467-020-16224-6
https://doi.org/10.7717/PEERJ.4600/SUPP-1
https://doi.org/10.7717/PEERJ.4600/SUPP-1
https://doi.org/10.7717/PEERJ.4600/SUPP-1
https://doi.org/10.7717/PEERJ.4600/SUPP-1
https://doi.org/10.7717/PEERJ.4600/SUPP-1
https://doi.org/10.1186/S12864-018-5160-5/FIGURES/10
https://doi.org/10.1186/S40168-024-01996-6/FIGURES/4
https://doi.org/10.1371/JOURNAL.PCBI.1010066
https://doi.org/10.1371/JOURNAL.PCBI.1010066
https://doi.org/10.1371/JOURNAL.PCBI.1010066
https://doi.org/10.1371/JOURNAL.PCBI.1010066
https://doi.org/10.1371/JOURNAL.PCBI.1010066
https://www.R-project.org/
https://www.R-project.org/
https://www.R-project.org/
https://www.R-project.org/
https://www.R-project.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/bib/bbaf130

	 Elementary methods provide more replicable results in microbial differential abundance analysis
	Introduction
	Materials and methods
	Results
	Discussion  
	Key Points
	Supplementary data
	Author contributions
	Funding
	Data availability


