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Abstract 

Standard protocols for meta-analysis of association studies are inadequate for micro‑
biome data due to their complex compositional structure, leading to inaccurate 
and unstable microbial signature selection. To address this issue, we introduce Melody, 
a framework that generates, harmonizes, and combines study-specific summary asso‑
ciation statistics to powerfully and robustly identify microbial signatures in meta-anal‑
ysis. Comprehensive and realistic simulations demonstrate that Melody substantially 
outperforms existing approaches in prioritizing true signatures. In the meta-analyses 
of five studies on colorectal cancer and eight studies on the gut metabolome, we 
showcase the superior stability, reliability, and predictive performance of Melody-iden‑
tified signatures.
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Background
Advanced sequencing technologies have enabled the study of microbial communities 
that colonize the human body in a culture-independent manner [1]. Microbiome asso-
ciation analysis is routinely performed to discover microbial signatures associated with 
covariates such as health outcomes, exposures, and molecular traits. The signature iden-
tified in one study is often hard to generalize to other cohorts and populations because 
of the small sample size in a single study. A natural way to increase sample size is to per-
form meta-analyses. Recent years have witnessed a surge in conducting meta-analyses of 
microbiome association studies [2–5]. Unfortunately, standard meta-analysis strategies 
commonly used in clinical and genomics studies fail to address the unique characteris-
tics of microbiome data, undermining the ability of meta-analysis to identify generaliz-
able microbial signatures.

*Correspondence:   
tang@biostat.wisc.edu

1 Department of Biostatistics 
and Medical Informatics, 
University of Wisconsin-Madison, 
Madison, WI 53715, USA

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13059-025-03721-4&domain=pdf


Page 2 of 20Wei et al. Genome Biology          (2025) 26:245 

Microbiome data generated from marker-gene or metagenomics sequencing contain 
sequencing read counts allocated to various microbial features, such as taxonomic and 
functional units [6]. The sequencing depth (the total number of reads obtained for a sam-
ple) is not correlated with the actual microbial load (the total amount of microorganisms 
or their DNA volumes) in the sample. Therefore, microbiome data are compositional 
data that represent the relative abundance (RA) of microbial features. These counts are 
distorted from the underlying absolute abundance (AA) per unit volume [7, 8]. Although 
techniques have been developed to recover AA data [9–11], the cost is prohibitive and 
the effectiveness is debatable because they cannot correct measurement biases arising 
from different efficiencies (e.g., DNA extraction efficiency, primer binding, and amplifi-
cation efficiency) with which various features are measured [12]. The RA of all features 
would shift even if only one feature changes in AA. The small shift may be too subtle to 
affect the association analysis of a single study but would become more pronounced and 
impactful as the sample size and data heterogeneity accumulate in the meta-analysis.

Several compositionality-aware methods have been developed for microbiome asso-
ciation analysis [13–18]. These methods employ different strategies to address compo-
sitionality. Methods such as ANCOM-BC2 [17], LinDA [15], and radEmu [18] explicitly 
estimate and correct compositional bias to recover AA association coefficients. SRI [16] 
keeps the analysis on the relative scale but marginalizes over a prior for each sample’s 
unknown microbial load, so compositionality is treated as uncertainty rather than bias. 
DR [13] ranks features using log-ratio comparisons to a reference frame. While these 
methods are useful, they are not designed to estimate and harmonize AA association 
coefficients across studies for meta-analysis.

In addition to compositionality, other characteristics of microbiome data further com-
pound the challenges of microbiome association meta-analyses. The sequencing depth 
strongly influences the sequencing read counts. Methods that fail to consider the vari-
ation in sequencing depth across samples can lead to a high number of false positives, 
particularly when the depths vary significantly between groups of comparison [19]. 
While rarefaction is commonly used to address uneven sequencing depth, it may reduce 
statistical power in certain analyses due to data loss introduced by subsampling [20, 21]. 
Moreover, for many rare features, insufficient sampling and the absence of features result 
in an excessive number of zero counts. Some features may be completely missing in a 
subset of studies in meta-analysis. While the imputation of zero to non-zero values is a 
widely adopted practice in processing microbiome data, consensus on the best method 
is lacking even for data from a single study, and it may introduce additional bias to the 
analysis [19, 22]. Filtering out rare features is another common practice under the belief 
that rare features are uninformative. However, recent research has noted an alarming 
phenomenon that analysis with different filtering criteria can result in identifying very 
different sets of microbial signatures [23, 24].

Pooling individual-level data and combining summary data are two types of meta-
analysis strategies, each of which faces different challenges in microbiome association 
meta-analyses. Pooled-data meta-analysis requires careful harmonization of individual-
level data that usually involves correcting batch effects in microbiome data across stud-
ies. The distribution of microbiome data can substantially differ among studies involving 
various age groups, genders, geographic regions, and measurement time points. Batch 
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effects can also occur in sequencing experiments due to differences in reagents, equip-
ment, protocols, and personnel. More importantly, batch effects are often entangled 
with association effects in microbiome studies [25–27]. Correcting batch effects while 
preserving the signal of interest is challenging due to the aforementioned characteristics 
of microbiome data. Prior studies in genomics have shown that batch effect correction 
may distort associations in pooled-data meta-analyses [28–30].

Summary-data meta-analysis circumvents the need for individual-level data harmo-
nization, as summary statistics are generated for each study separately. This type of 
meta-analysis is preferable to pooled-data meta-analysis when there are differences in 
sample ascertainment and in data measurements and availability across studies. If the 
individual-level data is not shared, the logistical burden and privacy concerns can be sig-
nificantly reduced, especially when the data contain sensitive information such as genet-
ics or medical history. For these critical reasons, summary-data meta-analysis is widely 
adopted in many research fields, such as genetic association studies [31]. However, 
standard approaches for generating and combining summary statistics are inadequate 
for microbiome data due to their unique characteristics mentioned above.

We introduce a summary-data meta-analysis framework named Melody (meta-anal-
ysis for selecting microbial drivers in compositionality). Melody generates accurate and 
robust summary association statistics between the RA of microbial features and the 
covariate of interest by respecting the microbiome data characteristics. The procedure 
does not require microbiome data normalization, rarefaction, zero imputation, or batch 
effect correction across studies. By harmonizing and combining the summary statistics 
across studies, Melody identifies microbial signatures with their AA consistently associ-
ated with the covariate in all studies. Melody allows study-specific confounder adjust-
ments, accommodates correlated samples, and is computationally efficient.

The recovery of AA associations in Melody relies on the assumption that the true sig-
natures are “drivers,” defined as the minimal set of microbial features whose changes in 
AA are sufficient to explain the association signal observed at the RA level. The concept 
of driver signatures is illustrated in Additional file  1: Fig. S1. The figure demonstrates 
that the underlying AA association profile compatible with the same RA association 
profile (referred to as “putative AA association”) is not unique, leading to ambiguity 
in inferred signatures. Driver signatures are those features with nonzero effects in the 
sparsest putative AA association profile. The figure also shows that driver signatures 
may or may not overlap with features exhibiting nonzero RA associations. In subsequent 
sections, we show that focusing on identifying drivers is crucial for harmonizing RA 
summary statistics across studies and for discovering stable, generalizable microbial sig-
natures in meta-analyses.

Results
Melody overview

Melody is described in the “Methods” section; its technical details are provided in 
the Additional file 1: Supplementary Note A, and its schematic overview is shown in 
Fig. 1. For each study, we link the microbiome count data with the covariate of inter-
est using a quasi-multinomial regression model and obtain summary statistics con-
sisting of the estimates of the RA association coefficients and their variances. The RA 
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association coefficients are estimated based on the scaled score statistics, which are 
numerically stable, statistically accurate, and computationally efficient [32, 33]. The 
quasi-multinomial framework accommodates overdispersion in microbiome count 
data and mitigates the risk of inaccurate inference associated with the strict multino-
mial assumption. The model easily accommodates confounder adjustments and natu-
rally handles correlated samples (e.g., from longitudinal studies). The RA association 
coefficients in the model are formulated at the log-ratio scale, with a specified feature 
as the reference. The RA association coefficients are expressed as the shifted AA asso-
ciation coefficients by a constant (“Methods” section).

Next, we combine the RA summary statistics across studies to estimate the sparse 
meta AA association coefficients. This meta-analysis is framed as a best subset selec-
tion problem [34, 35], where we employ a cardinality constraint with the subset size 
hyperparameter s to encourage the sparsity of meta AA association coefficients. To 
recover meta coefficients at the AA level using summary statistics at the RA level, we 
introduce a hyperparameter δℓ in each study ℓ to shift the RA association coefficient 
estimates, producing different versions of putative AA association coefficients by var-
ying δℓ . These study-specific AA coefficients are then combined to estimate meta AA 
coefficients. The hyperparameters s and δℓ ’s are jointly tuned using the Bayesian infor-
mation criterion (BIC) to balance the trade-off between the model fit and sparsity. As 
illustrated in Fig. 1, the optimal δℓ values shift the RA coefficients by an appropriate 
amount to identify a version of putative AA association coefficients that are sparse 
and consistent across studies. The Melody-identified driver signatures are microbial 
features with non-zero estimates of meta AA association coefficients under the opti-
mal hyperparameters.

It is important to note that while we need to select a reference feature for generat-
ing summary statistics, the signature selection is not sensitive to the choice of the 

Fig. 1  Schematic overview of Melody. The Melody framework begins by generating summary statistics for 
each study using the quasi-multinomial model. In the model, the vector of true proportions Pi is allowed to 
follow an arbitrary distribution, and only its mean is modeled to link with the covariate of interest Xi . The β(R)

k  
is the relative abundance (RA) association coefficient of feature k given the reference feature R. The panel 
for summary statistics displays the estimates of the RA association coefficient (open dots) and the estimates 
plus or minus standard errors (horizontal lines). Next, the RA coefficient estimates in each study ℓ are shifted 
by δℓ . These δℓ values are jointly tuned with the sparsity level hyperparameter s for the best subset selection. 
In this illustration, the optimal value for δ1 is close to zero, for δ2 is positive, and for δ3 is negative. As a result, 
the RA coefficients in Study 2 are shifted to the right, and those in Study 3 are shifted to the left to obtain 
the corresponding estimates of study-specific absolute abundance (AA) association coefficients (solid dots). 
These study-specific coefficients are then combined to estimate meta AA association coefficients. The 
optimal δℓ values ensure that the RA coefficients are shifted appropriately to harmonize signals across studies 
and recover sparse meta AA associations
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reference. We can even choose different references for different studies (see the sensi-
tivity analysis in the real data application). This is because the reference effects across 
studies are offset by δℓ ’s in the process of estimating the sparse meta AA association 
coefficients.

Simulations

In the simulations, we compared Melody with the MMUPHin summary-data meta-
analysis method and several pooled-data meta-analysis approaches for selecting micro-
bial signatures with differential abundance across two groups of interest. MMUPHin [5] 
is an R package that includes a batch-effect correction algorithm and a summary-data 
meta-analysis method. The meta-analysis first generates summary statistics using MaAs-
Lin2 [36] within individual studies and then combines these summary statistics using 
standard meta-analysis methods [37] for association testing. In the pooled-data meta-
analysis, the pooled data were analyzed using representative microbiome association 
tests ALDEx2 [38], ANCOM-BC2 [17], and the blocked Wilcoxon test (BW) [3], as well 
as a penalized regression method CLR-LASSO [39]. In ALDEx2 and ANCOM-BC2, we 
adjusted for studies as confounders. In BW, we rarefied count data within each study and 
performed the blocked Wilcoxon rank-sum test with studies specified as blocks. In CLR-
LASSO, we applied LASSO logistic regression [40] using centered log-ratio (CLR) trans-
formed microbiome data as predictors. Melody was applied to the original data, and the 
compared methods were applied to both the original data and study-effect corrected 
data using the MMUPHin batch-effect correction algorithm. We compared the perfor-
mance using the area under the precision-recall curve (AUPRC) for signature selection. 
Specifically, the precision-recall curves of the test-based methods (MMUPHin, BW, 
ALDEx2, ANCOM-BC2) were constructed by changing the p-value cutoff, and those 
of the penalized methods (Melody and CLR-LASSO) were constructed by varying the 
hyperparameter that controls the signature sparsity level.

We simulated microbiome data for five studies that resemble the structure of five real 
microbiome datasets [3] (Additional file 1: Fig. S2). The detailed simulation strategy is 
described in the  “Methods” section. In brief, we consider a wide range of settings by 
varying the study sample size, the number of signatures, the degree of sign imbalance 
among signatures, and the degree of sequencing depth unevenness between the two 
groups of interest. Melody produces the highest AUPRC values in all settings and is 
robust with varying degrees of sign imbalance and sequencing depth unevenness (Fig. 2). 
The AUPRC of ANCOM-BC2 reduces substantially as the degrees of the two factors 
increase. The AUPRC of MMUPHin, CLR-LASSO, BW, and ALDEx2 reduce signifi-
cantly as the degree of sign imbalance increases. When using the study-effect corrected 
data, the AUPRC of MMUPHin slightly increases, while the pooled-data meta-analysis 
methods show minimal change. We performed another set of simulations for the meta-
analysis of studies with correlated samples and compared Melody with MMUPHin and 
ANCOM-BC2, which can handle correlated samples. The patterns of the results remain 
the same (Additional file 1: Fig. S3).

To strengthen our benchmarking, we ran an additional suite of simulation studies 
based on a different data-generation scheme (Additional file 1: Supplementary Note B). 
We first simulated AA data, introduced AA-level differential abundance, and then added 
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study-specific, feature-level measurement biases to mimic technical batch effects. We 
further varied the batch-effect magnitude, number of studies, and association strength. 
Across all of these scenarios, Melody consistently outperforms competing methods 
(Additional file 1: Fig. S4).

Meta‑analysis of microbiome association studies for colorectal cancer

We conducted a meta-analysis of five metagenomics studies [3, 41–44] for colorectal 
cancer (CRC) to identify microbial signatures associated with CRC. The data contain 
849 gut bacterial species measured on 574 fecal samples across the five studies (Addi-
tional file 1: Table S1). Microbial communities display a pattern of cross-study heteroge-
neity (Additional file 1: Fig. S2). The sequencing depth between CRC cases and controls 
is significantly different in some studies (Additional file  1: Fig. S5). Our main analysis 
focused on 401 microbial species with at least 20% prevalence across all samples in the 
five studies. We applied the methods that were compared in the simulations to analyze 
the data. For the test-based methods, the signatures were selected using the Benjamini-
Hochberg (BH) procedure [45] at the false discovery rate (FDR) level of 0.05. For CLR-
LASSO, the signatures were selected based on the best LASSO model. The model tuning 
was performed via five-fold cross-validation using the default settings of the cv.glmnet 
function from the glmnet R package (v4.1-8), which selects the hyperparameter by mini-
mizing the cross-validated binomial deviance.

Fig. 2  Precision-recall evaluation of different meta-analysis signature selection approaches in simulated 
data with independent samples from five studies. Melody was applied to the original data of the five studies, 
and the other methods were applied to both the original data and study-effect corrected data using the 
MMUPHin batch-effect correction algorithm. The x-axis represents the number of signatures. The left and 
right sections show the results under different sample size settings (the sample size range for the five 
studies is 100–180 or 20–60). Within each section, the columns of the plots represent various degrees of sign 
imbalance among signatures ( pos% denotes the percentage of signatures with positive effects); the rows of 
the plots represent various degrees of sequencing depth unevenness between the two groups of interest 
(u denotes the sequencing depth relative change ratio for the group with higher sequencing depth, and 0 
indicates no unevenness). Each panel displays the mean area under the precision-recall curve (AUPRC) with 
± standard errors (indicated by error bars) based on 100 simulation replicates
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The meta-analysis results of all methods are presented in Additional file 2: Table S2. 
Melody identified 51 signatures for CRC (Fig. 3a), with the top two signatures Fusobac-
terium nucleatum and Parvimonas micra being the well-known species promoting CRC 
[46, 47]. Using original data, MMUPHin, CLR-LASSO, BW, ALDEx2, and ANCOM-
BC2 selected 84, 94, 110, 44, and 72 signatures, respectively. Signatures identified on the 
study-effect corrected data are similar to those identified on the original data. The top-
selected species and their rankings vary markedly across methods (Fig. 3b, Additional 
file 1: Figs. S6 and S7).

We used species Coprococcus catus as the reference when generating Melody summary 
statistics for individual studies. We also chose other references and evaluated the sensi-
tivity of the Melody result. Additionally, we used different references for different stud-
ies and repeated the analysis. The Melody signatures are highly consistent across these 
reference configurations (Fig.  3c). Although the RA association coefficient estimates 
show noticeable differences across various choices of reference, the Melody-recovered 

Fig. 3  Meta-analysis results from five metagenomics studies for identifying signatures for colorectal cancer 
(CRC). a Estimates of the absolute-abundance (AA) association coefficient for the 51 signatures identified 
by Melody. The scatter plot displays the estimates of the meta coefficients, and the heatmap displays the 
estimates of the study-specific coefficients. b Heatmap of the Jaccard index measuring the overlap of 
the top 51 selected species across different methods. The dendrogram is constructed using hierarchical 
clustering of the Jaccard index matrix. Results of all methods were generated on the original data. c Heatmap 
of the Jaccard index measuring the overlap of the Melody-identified signatures across different reference 
configurations. The ref1 represents the scenario where we use species Coprococcus catus as the reference 
in all studies. The ref2-ref5 represent scenarios where we replace ref1 with a different reference and use the 
reference in all studies. The ref.mix represents the scenario where we use different references for different 
studies (ref1-ref5 for CRC1-CRC5). The number in parentheses is the count of the identified signatures
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AA association coefficients are almost invariant (Additional file 1: Fig. S8). The AA coef-
ficients also show better harmonization with consistent association directions across 
studies than the RA coefficients.

We evaluated the stability of signature selection from three perspectives. (1) Is the 
selection stable under different subsets of the samples? We conducted a sensitivity anal-
ysis by removing one study at a time from the meta-analysis. Specifically, we excluded all 
samples from a single study, identified signatures based on the remaining four studies, 
and evaluated the overlap of the signatures with those identified using the full dataset 
comprising all five studies. (2) Is the selection stable after applying different prevalence 
filters? Our main analysis was on K = 401 species after applying the 20% prevalence fil-
ter. We also identified signatures based on all K = 849 species, kept the subset of the 
signatures within the K = 401 species list, and evaluated the overlap of the subset with 
those selected in the main analysis. (3) Is the selection stable if analyzing a subcomposi-
tion? We identified signatures based on a subcomposition with K = 267 species under 
order Clostridiales. We evaluated the overlap of the identified signatures with the sub-
set of main-analysis-identified signatures within the K = 267 species list. We performed 
100 bootstrap resamples of the combined data (i.e., bootstrap resampling by randomly 
drawing, with replacement, a sample of the same size from each study, and then com-
bined the resampled datasets across studies), repeated these stability evaluations on the 
bootstrap samples, and reported the Jaccard index to measure set overlap (Fig. 4). When 
one study is excluded from the meta-analysis, Melody exhibits higher stability compared 
to MMUPHin, CLR-Lasso, ALDEx2, and ANCOM-BC2 (Wilcoxon rank-sum test FDR-
adjusted P < 0.001 ); BW shows comparable stability to Melody when CRC1 or CRC4 
is excluded, and has slightly higher stability when CRC2, CRC3, or CRC5 are excluded 
(Wilcoxon rank-sum test FDR-adjusted P < 0.1 ). When the set of microbial features is 
larger ( K = 849 ), the stability of Melody is much higher than that of ALDEx2, ANCOM-
BC2, BW, and CLR-Lasso (Wilcoxon rank-sum test FDR-adjusted P < 10−6 ). When the 
set of microbial features is smaller ( K = 267 ), the stability of Melody is much higher 
than that of BW, CLR-Lasso, and MMUPHin (Wilcoxon rank-sum test FDR-adjusted 
P < 10−6).

In addition, we evaluated the out-of-sample prediction power of the top-selected 
species using the leave-one-study-out (LOSO) strategy. We held out one study for pre-
diction evaluation and randomly split samples from the remaining four studies into a 
feature selection set and a prediction model training set at a sample size ratio of 3:1. 
We performed the meta-analysis on the feature selection set to pick the top N CRC-
associated species. We then used the sample proportions of these species in the training 
set to train a random forest model for CRC prediction. Finally, we calculated the area 
under the receiver operating characteristic (AUROC) of the best random forest model 
on the hold-out study. We repeated the procedure 100 times with different random splits 
of the samples and reported the average AUROC (Fig. 5). The Melody-identified top spe-
cies have substantially higher AUROC than those identified by the test-based methods 
in CRC1, CRC2, and CRC5 (Wilcoxon rank-sum test FDR-adjusted P < 10−5 ), and are 
comparable to the highest AUROC in other studies. The top species identified by CLR-
LASSO performed well in CRC1 but much worse in CRC2, CRC4, and CRC5. Over-
all, the group of species prioritized by Melody has the highest average AUROC in CRC 
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prediction (Wilcoxon rank-sum test FDR-adjusted P < 10−10 ), whereas the species pri-
oritized by other methods yielded similar results (Combined panel in Fig. 5).

Meta‑analysis of microbiome‑metabolome association studies

We conducted another meta-analysis of eight microbiome-metabolome association 
studies [48–55] to identify microbial signatures associated with human gut metabo-
lites. Most of these studies are case-control studies with one group of individuals with 
a specific medical condition and the other group of healthy control individuals (Addi-
tional file  1: Table  S3). The raw data contain 12195 gut bacterial genera and 1151 
HMDB-annotated [56] metabolites measured on 2127 fecal samples across the eight 
studies. We focused on metabolites and genera with at least 10% prevalence within indi-
vidual studies. Most metabolites are available in only a subset of studies (Additional 
file 1: Fig. S9). We considered metabolites that are present in at least two studies. The 
final datasets for analysis contain 450 metabolites and 101 genera, resulting in 43722 

Fig. 4  Comparison of the stability of signature selection of different methods when performing two sets 
of meta-analyses based on metagenomics studies for colorectal cancer. Melody was applied to the original 
data, and the other methods were applied to both the original data and study-effect corrected data. The 
Jaccard index measures the overlap of the identified signatures from two sets of meta-analyses. Upper panel: 
Analysis 1 is based on data from all five studies, and Analysis 2 is based on data with one study left out. 
Lower left panel: Analysis 1 includes K = 401 species, and Analysis 2 includes all K = 849 species. Lower right 
panel: Analysis 1 includes K = 401 species, and Analysis 2 includes K = 267 species under order Clostridiales. 
Box plots were derived from 100 bootstrap samples of the complete data from the five studies. Each box 
indicates the median (center line), the first and third quartiles (box edges), whiskers extending to 1.5 times 
the interquartile range, and individual outliers (dots)
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metabolite-genus pairs. There is notable heterogeneity among studies in study designs, 
microbiome sequencing methods, and metabolite measurements (Additional file  1: 
Table S3). In particular, metabolite levels cannot be directly compared between studies 
due to differences between metabolomics platforms. Short-chain fatty acids, for exam-
ple, are primarily detected using gas chromatography-mass spectrometry (GC-MS) 
and are rarely detected by liquid chromatography-mass spectrometry (LC-MS) due to 
their poor ionization efficiency. Therefore, the pooled-data meta-analysis is unsuitable 
and we performed Melody and MMUPHin summary-data meta-analyses on the original 
data. In both methods, we analyzed each metabolite variable as a covariate of interest 
while adjusting the disease status as a confounder when generating summary statistics 
for individual studies. For MMUPHin, the signatures for each metabolite were selected 
using the BH procedure at the FDR level of 0.05.

Melody completed the analysis within 20 min, while MMUPHin took 25 min on a lap-
top (Apple M1 Pro 3.2GHz processor). Melody identified 5847 metabolite-genus pairs, 
among which 2499 have positive and 3348 have negative associations (Additional file 2: 
Table S4). MMUPHin identified 5921 pairs, among which 2065 have positive and 3856 
have negative associations (Additional file 2: Table S5). Figure 6 displays the meta asso-
ciation coefficient estimates of the two methods for the same set of top metabolites, 
which are associated with a large number of genera. Melody identifies a greater num-
ber of genera that are positively associated with the majority of top metabolites, com-
pared to MMUPHin (Fig. 6). These genera are associated with much fewer metabolites 

Fig. 5  Comparison of colorectal cancer (CRC) prediction using the top species identified by different 
meta-analysis methods. One study was held out each time for prediction evaluation, and samples from 
the remaining studies were randomly split into a feature selection set and a prediction model training set. 
Meta-analysis methods were applied to the feature selection set to identify the top N ( N = 15, . . . , 80 ) 
CRC-associated species. Melody was applied to the original data, and the other methods were applied to 
both the original data and study-effect corrected data. A random forest model for CRC prediction was trained 
using the sample proportions of the top species in the training set, and the best model was evaluated on the 
hold-out study based on the area under the receiver operating characteristic (AUROC). The procedure was 
repeated 100 times with different random splits of the samples. In the first five panels, the average AUROC 
is provided in each panel, with the hold-out study ID listed at the top. The “Combined” panel displays the 
average AUROC across all hold-out studies
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in MMUPHin results (Additional file 1: Fig. S10b). Many of them, such as Anaerostipes, 
Blautia, and Roseburia, are known to play essential roles in key metabolic processes, 
including the fermentation of dietary fibers and diverse carbohydrates [57, 58], and are 
closely associated with the production of short-chain fatty acids, bile acids, and amino 
acid derivatives. These genera have also been linked with multiple human complex dis-
eases such as metabolic syndrome, inflammatory bowel disease, and obesity [59–61]. 
Besides the direct engagement of the genus in metabolite production, consumption, or 
degradation, correlations between metabolites and genera can also result from indirect 
associations, such as interactions between gut bacteria or co-abundant metabolites.

We further examined metabolites for which the results of the two methods were 
strikingly different. Additional file  1: Fig. S11 highlights one such metabolite, 4-tri-
methylammoniobutanoate (also known as gamma-butyrobetaine), a key gut microbial 
intermediate in the metabolism of L-carnitine to trimethylamine N-oxide (TMAO) with 
demonstrated proatherogenic effects in preclinical models [62]. Melody identified 13 

Fig. 6  Heatmaps of meta association coefficient estimates for the Melody and MMUPHin identified 
metabolite-genus pairs. The coefficient is shown as zero if the method does not select the metabolite-genus 
pair. The rows of both heatmaps are for the same set of top metabolites that are associated with at least 30 
genera in Melody results. Most of the metabolites are grouped into three HMDB superclasses (names shown 
on the leftmost), while the remaining metabolites are placed at the bottom rows. The columns of the two 
heatmaps show genera associated with at least 70 metabolites, one from Melody results and the other from 
MMUPHin results. The names of the genera that have disproportionately positive associations with the top 
metabolites are in bold. Bacterial orders are summarized by the color code. Rows within each superclass and 
columns are clustered by Euclidean distance
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positive-associated genera and 10 negative-associated genera, whereas MMUPHin iden-
tified 7 positive-associated genera and 21 negative-associated genera. For each method, 
we removed 5 genera with the highest positive meta association identified by the 
method and reran the meta-analysis. The Melody signature selection is stable after the 
genus removal. MMUPHin identified many new positive-associated genera, and the set 
of negative-associated genera also changed substantially. This is a global phenomenon, 
not limited to a few metabolites. We performed the same evaluation for all 106 metabo-
lites with at least 5 positive-associated genera detected by Melody and MMUPHin. The 
overlap of the signatures before and after genus removal is much higher in Melody than 
in MMUPHin for most of these metabolites (Additional file 1: Fig. S12). The stability of 
the Melody results shown in this experiment is mainly attributed to its ability to cap-
ture the fluid association signals in the compositional data. This evaluation underscores 
the importance of addressing compositionality to ensure the stability and reliability of 
results in microbiome association meta-analyses.

Discussion
We have developed Melody to address major challenges in the meta-analysis of microbi-
ome association studies. Melody’s key innovations are (a) generating accurate and robust 
summary statistics by accounting for the unique characteristics of microbiome data; (b) 
recovering meta association coefficients at the absolute abundance level and identify-
ing driver signatures consistent across studies. Melody has a unique combination of fea-
tures that make it desirable for practical use: (1) no need to share individual-level data or 
to correct study effects; (2) no need to perform data normalization, rarefaction, or zero 
imputation; (3) no need to assume that the same set of microbial features is measured 
and analyzed across studies; (4) allows for different designs across studies (e.g., some 
studies are cross-sectional, and some are longitudinal); (5) easily adjusts for confounders 
and allows different sets of confounders available across studies; (6) fast computation for 
large-scale association scans.

Melody tackles compositionality in a novel way. It corrects study-specific composi-
tional biases by jointly tuning the per-study scaling factors δℓ and the signature size s 
within a best subset selection framework, yielding consistent AA estimates. Joint tun-
ing is critical and simply fixing δℓ to the median of the RA coefficient estimates fails to 
achieve comparable performance (Additional file 1: Fig. S13). However, Melody’s effec-
tiveness rests on a sparsity assumption. In simulations where more than half of the fea-
tures are driver signatures, the δℓ estimates degrade and Melody does not outperform 
the compared methods (Additional file 1: Fig. S14). Note, however, that observing RA 
shifts in many features does not automatically imply a dense signal; large effects from 
a small set of drivers can induce widespread apparent shifts because of compositional 
constraints.

As demonstrated in the real data application, the set of Melody-identified signatures 
is not sensitive to the prevalence filter. However, like any method for high-dimensional 
feature selection, including lots of noise features could adversely impact the selection 
accuracy. Therefore, we still suggest applying a prevalence filter before data analysis if 
investigators are not interested in detecting very rare features. The filter can be applied 
to pooled samples of all studies (as in the meta-analysis for CRC) or samples within each 
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study in case a feature may be more prevalent in some studies and worth keeping (as 
in the meta-analysis for metabolome). Melody naturally accommodates different sets of 
features across studies in meta-analysis.

This article focuses on identifying microbial signatures that are shared across stud-
ies, as these are more likely to be generalizable to broader populations. It can also be of 
interest to identify microbial signatures with heterogeneous associations across popula-
tions (e.g., microbial features associated with the covariate in females but not in males) 
[63]. Melody can be extended to detect such heterogeneous associations by adapting 
random-effects meta-analysis and meta-regression techniques [64].

Conclusions
Melody is a new meta-analysis framework that enables the identification of true micro-
bial signatures with absolute-abundance level associations using microbiome relative-
abundance data. Compared to existing meta-analysis approaches, Melody substantially 
improves cross-study signal harmonization and enhances signature detection accuracy 
and stability. With the ever-increasing number of microbiome datasets, we anticipate 
that Melody will facilitate the accumulation of sufficiently large sample sizes to accel-
erate the reliable discovery of generalizable microbiome signatures. As a general meta-
analysis framework, Melody can be applied to the integration of association studies 
involving high-dimensional compositional omics data. We have provided an efficient R 
package (miMeta) for the broad utility of Melody.

Methods
Melody framework

Generating summary statistics for individual studies. The first step of Melody is to obtain 
summary association statistics between microbial composition and the covariate of 
interest in each participating study. Suppose we have n independent microbiome sam-
ples with K features in a given study. For sample i, let Xi denote the covariate, Ni denote 
the sequencing depth of the microbiome data, Yik denote the number of sequencing 
reads assigned to feature k (i.e., microbiome count data), and Wik denote the unobserved 
AA of feature k. It is natural to model the mean of AA as

where β0k is the intercept and βk represents the AA association coefficient for feature k. 
The relation between the RA mean and the AA mean can be expressed as

where ci is the sample-level multiplicative factor that absorbs quantities such as the 
sequencing depth and the microbial load in a unit volume for a sample, and bk is the 
feature-level multiplicative factor that absorbs the measurement biases arising from dif-
ferent efficiencies (e.g., DNA extraction efficiency, primer binding, and amplification 
efficiency) with which various features are measured [12].

The AA coefficients are not identifiable in the model (1). Therefore, we choose a fea-
ture R as the reference and construct the proportion mean parameter as

E(Wik) = exp(β0k + βkXi), k = 1, . . . ,K ,

(1)E(Yik) = cibkE(Wik) = cibk exp(β0k + βkXi), k = 1, . . . ,K ,
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where \R is the index set of non-reference features, and β(R)
0k  ’s and β(R)

k  ’s are the RA inter-
cept and association coefficients, respectively. Note that the RA association coefficients 
of the non-reference features β(R)

k  ’s are simply shifted AA association coefficients βk ’s by 
a constant βR.

The model can be extended to incorporate confounding variables. Let Xi denote 
the design matrix that includes the intercept and all the explanatory variables and 
θ (R) = (β(R), γ (R)) be the collection of all coefficients, in which β(R) contain the RA asso-
ciation coefficients of interest and γ (R) contain the nuisance coefficients.

We propose a quasi-multinomial model to estimate the coefficients. Specifically, given 
the true proportions of various features (Pi1, . . . ,PiK ) , the counts (Yi1, . . . ,YiK ) naturally 
arise from multinomial sampling with parameters (Pi1, . . . ,PiK ) and size Ni . The mul-
tinomial distribution models microbial features competing for the sequencing reads 
bounded by the sequencing depth Ni (i.e., allocating more reads to one feature means 
that fewer reads are available to assign to other features). The multinomial layer is par-
ticularly important for properly accounting for the effect of uneven sequencing depth on 
the variability of the counts given the true proportions. To address the over-dispersion, 
zero-inflation, and complex structure of the microbiome data, an additional layer of ran-
domness is needed for (Pi1, . . . ,PiK ) . We do not specify a particular distribution for this 
layer but only assume the proportion mean model E(Pik) = pik specified in (2). To esti-
mate the coefficients, we propose the following quasi-score function

where ⊗ represents the Kronecker product, Y i = {Yik}k∈\R , and pi = {pik}k∈\R . The 
parameters can be consistently estimated by solving the estimating equation S(θ (R)) = 0 . 
This is equivalent to finding the maximum likelihood estimator from multinomial logis-
tic regression because the quasi-score function has the same form as the score func-
tion of multinomial regression. To prevent the potential estimation bias due to the small 
sample size and the presence of rare features, we adopted the mean bias reduction pro-
cedure in estimating the parameters of the multinomial regression [65].

Let Sβ and Sγ denote the components in S corresponding to β(R) and γ (R) , respectively. 
Score statistics have been shown to be more accurate and numerically stable than Wald 
statistics in genetic association studies [32]. In light of this, we propose estimating β(R) 
based on the scaled score statistics

(2)pik =
E(Yik)
K
j=1 E(Yij)

=
exp(β

(R)
0k + β

(R)
k Xi)

1+ j∈\R exp(β
(R)
0j + β

(R)
j Xi)

,

(3)β
(R)
0k = log(bk)+ β0k − log(bR)− β0R and β

(R)
k = βk − βR, k ∈ \R,

S(θ (R)) =

n∑

i=1

(Y i − Nipi)⊗ Xi,

β̂
(R)

= I
−1
β (θ̃

(R)
)Sβ(θ̃

(R)
),
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where θ̃
(R)

= (0, γ̃ (R)
) and γ̃ (R) is the estimate of γ (R) under the reduced model without 

the covariate of interest in Xi , Iβ = Iββ − IβγI
−1
γ γIγβ , and 

[
Iββ Iβγ

Iγβ Iγ γ

]

 is the parti-

tion of the quasi-information matrix − ∂S(θ (R))

∂θ (R)
 for β(R) and γ (R).

The sandwich estimator of the covariance of β̂
(R)

 can be written as

where U i = Sβ ,i − IβγI
−1
γ γ Sγ ,i , Sβ ,i and Sγ ,i are the ith summand of Sβ and Sγ respec-

tively. The correlations cannot be accurately estimated when the number of features 
is close to or larger than the sample size. Therefore, we use the diagonal matrix (with 
variances on the diagonal elements) extracted from V (R) in the meta-analysis. This pro-
cedure of generating summary statistics can be modified for studies with correlated 
samples (e.g., from longitudinal studies), and the details are provided in the Additional 
file 1: Supplementary Note A.

Harmonizing and combining summary statistics across studies to identify signatures. 
Suppose we want to meta-analyze L independent microbiome association studies and 
identify microbial signatures shared by the studies. Let β•ℓ and β(R)

•ℓ  respectively denote 
the AA and RA association coefficients for study ℓ . The length of these coefficients could 
differ among studies because a feature may not be observed in all studies. Let Tℓ be the 
index set of non-reference features observed in study ℓ . For each study ℓ , we obtain RA 
association coefficient estimates denoted by β̂(R)

•ℓ = {β̂
(R)

kℓ
}k∈Tℓ

 and the diagonal matrix V (R)
ℓ  

in which the diagonal elements are the variance of β̂
(R)

•ℓ  . In the meta-analysis, we are 
interested in estimating the meta AA association coefficients that are common across all 
study-specific AA coefficients β•ℓ ( ℓ = 1, . . . , L ). Let T0 denote the union set of all Tℓ’s, 
K0 denote the size of T0 , and µ = {µk}k∈T0 be the collection of the meta AA association 
coefficients for all the non-reference features appear in at least one study. We propose to 
estimate µ by minimizing the objective function

where n0 is the total sample size across studies, 1ℓ is a Kℓ-vector of ones, µTℓ
 is the subset 

of µ for features in Tℓ , and �µ�0 =
∑K0

k=1 I(µk �= 0) is the ℓ0 norm of µ . The form of L(µ) 
is motivated by the inverse-variance estimator commonly used in meta-analyses [66], 
and the cardinality constraint with the sparsity level s is formulated as in the classical 
best subset selection problem [34, 35]. By noting the relationship between AA and RA 
association coefficients β(R)

kℓ
= βkℓ − βRℓ ( k ∈ Tℓ ), we introduce a hyperparameter δℓ in each 

study ℓ to offset βRℓ in β(R)
kℓ  . By varying the value of δℓ , one essentially traverses possi-

ble versions of putative AA association coefficients in study ℓ . Given δ1, . . . , δL and s, we 
solve the best subset selection problem (4) using the polynomial algorithm [67, 68]. The 
optimal values of the hyperparameters are determined by minimizing BIC defined as

V
(R) = I

−1
β (θ̃

(R)
)

(
n∑

i=1

U i(θ̃
(R)

)UT
i (θ̃

(R)
)

)

I
−1
β (θ̃

(R)
),

(4)

L(µ) = n−1
0

L∑

ℓ=1

(β̂
(R)

•ℓ + δℓ1ℓ − µTℓ
)TV

(R)
ℓ

−1
(β̂

(R)

•ℓ + δℓ1ℓ − µTℓ
), subject to �µ�0 ≤ s,
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where µ̃ is the estimate of µ under a specification of hyperparameters. Details on solving 
the best subset selection problem and hyperparameter tuning algorithms that utilized 
Powell’s algorithm [69], the successive parabolic interpolation (SPI) algorithm [70], and 
the golden section search algorithm [71], are provided in the Additional file 1: Supple-
mentary Note A.

The µ̃ under the optimal hyperparameter values is the estimate of the most parsimoni-
ous version of the putative AA associations consistent across studies. The features with 
non-zero values in µ̃ are the driver signatures detected by Melody.

Simulation strategy

We simulated microbiome data by mimicking the species composition patterns of the 
five metagenomics studies for CRC [3]. For each study, we first fit the generalized Dir-
ichlet multinomial distribution [72] to the 401 species with a prevalence of at least 
20% in the real data and obtained the maximum likelihood parameter estimates. Using 
the five sets of estimated parameters, we randomly generated independent samples of 
proportions for five studies from the generalized Dirichlet distribution. These sam-
ples served as the true proportions of the microbial features. The synthetic data closely 
resemble the structure of the real microbiome data (Additional file 1: Fig. S2). We con-
sidered two settings for the sample sizes of the five studies: n = 100, 120, 140, 160, 180 
for relatively large studies, and n = 20, 30, 40, 50, 60 for small studies. We randomly 
assigned the samples into 50% cases and 50% controls. We varied the number of sig-
natures from 4 (1% of the features) to 160 (40%). Half of the signatures were randomly 
selected from the set of relatively abundant features with an average proportion of at 
least 10−3 in the original real data, while the other half were randomly selected from the 
remaining features. We let pos% of the signatures have positive effects and 1− pos % have 
negative effects. We considered three settings of pos%: 60% , 80% , and 100% , which reflect 
various degrees of sign imbalance among signatures. For each positive-effect signature, 
we increased their proportions in cases; for each negative-effect signature, we increased 
their proportions in controls. The increased fold for each signature was randomly sam-
pled from Uniform(0, � ), where � = 2 under the large study setting and � = 5 under 
the small study setting. The larger effect size in the small study was chosen to make per-
formance differences among the compared methods more discernible. Next, we normal-
ized the proportions of all features in each sample to ensure that the total sum of all 
proportions is one. Notably, the proportions of all features are shifted after this step, but 
the features initially changed are considered the driver signatures with different underly-
ing absolute abundances between the case and control groups. We then used the nor-
malized proportions as multinomial parameters to sample count data. The sequencing 
depth for samples in each study was randomly drawn from the pool of sequencing depth 
in the corresponding CRC study. Within each study, we increased the sequencing depth 
of all samples in either case or control group by a factor u to reflect the potential uneven 
sequencing depth between the two groups of interest. We considered three settings of 

(5)

BIC(s, δ1, . . . , δL) = n−1
0

L∑

ℓ=1

(β̂
(R)

•ℓ + δℓ1ℓ − µ̃Tℓ
)TV

(R)
ℓ

−1
(β̂

(R)

•ℓ + δℓ1ℓ − µ̃Tℓ
)+ �µ̃�0

log n0

n0
,
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u: 0, 0.5, and 1. We simulated 100 datasets for each scenario and reported the average 
AUPRC for signature selection in the simulated data for each meta-analysis approach.

We conducted another set of simulation experiments for meta-analyzing studies 
with correlated samples. We first simulated independent samples as described above. 
We randomly picked two samples Xi1 and Xi2 to form cluster i. To introduce correla-
tion between samples within a cluster, we sample baseline composition X∗

i  from the 
generalized Dirichlet distribution and merge this baseline composition into Xi1 and Xi2 
and form the correlated samples X∗

i1 = (X∗
i + Xi1)/2 and X∗

i2 = (X∗
i + Xi2)/2 for clus-

ter i. The case and control labels are randomly assigned to clusters. Differential abun-
dance between cases and controls is introduced in the same manner as for independent 
samples.

Datasets of the five metagenomics studies for CRC​

All raw sequencing data across studies were reprocessed using the same bioinformatics 
pipeline for taxonomic profiling [3]. The species-level microbiome count data and the 
variable for CRC status were obtained from https://​github.​com/​zelle​rlab/​crc_​meta. The 
five studies involve subjects from five different countries. The sample sizes of the studies 
are 109, 127, 120, 114, and 104 (Additional file 1: Table S1). We removed two samples 
with an outlier sequencing depth of less than 2000. Our main analysis was on K = 401 
species after removing species with a prevalence less than 20% (prevalence was defined 
as the percentage of non-zero counts in all samples across studies). Additionally, we ana-
lyzed the data with all K = 849 species and with K = 267 species under order Clostridi-
ales to assess the stability of signature selection.

Datasets of the eight microbiome‑metabolome studies

In all studies, the microbiome and metabolome were profiled from the same fecal sam-
ples. The datasets undergo curation and processing as part of an established effort [73]. 
The genus-level microbiome count data and the variables for metabolites and disease 
status were obtained from https://​github.​com/​boren​stein-​lab/​micro​biome-​metab​olome-​
curat​ed-​data. We used the eight adult cohorts from this resource with sample sizes of 
96, 294, 240, 220, 444, 382, 287, and 164. There is notable heterogeneity among stud-
ies in study designs, microbiome sequencing methods, and metabolite measurements 
(Additional file 1: Table S3). Our analysis focused on 450 metabolites with study-specific 
prevalence ≥ 10% in at least two studies and 101 genera with study-specific prevalence 
≥ 10% in at least one study. We applied rank-based inverse normal transformation to the 
metabolite variable. We performed Melody and MMUPHin to discover genus signatures 
for each metabolite. In both methods, we analyze each metabolite variable as the covari-
ate of interest while adjusting the disease status as a confounder when generating sum-
mary statistics within individual studies.

R packages utilized

MMUPHin (v1.14.0), ALDEx2 (v1.32.0), ANCOMBC (v2.2.2), coin (v1.4-2), glmnet (v4.1-
8), brglm2 (v 0.9.2), abess (v0.4.8), mlr3 (v0.16.1).

https://github.com/zellerlab/crc_meta
https://github.com/borenstein-lab/microbiome-metabolome-curated-data
https://github.com/borenstein-lab/microbiome-metabolome-curated-data
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