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Abstract 

Background:  The effects of microbiota on the host phenotypes can differ sub-
stantially depending on their age. Longitudinally measured microbiome data allow 
for the detection of the age modification effect and are useful for the detection 
of microorganisms related to the progression of disease whose identification change 
over time. Moreover, longitudinal analysis facilitates the estimation of the within-sub-
ject covariate effect, is robust to the between-subject confounders, and provides better 
evidence for the causal relationship than cross-sectional studies. However, this method 
of analysis is limited by compositional bias, and few statistical methods can estimate 
the effect of microbiota on host diseases with repeatedly measured 16S rRNA gene 
data. Herein, we propose mTMAT, which is applicable to longitudinal microbiome data 
and is robust to compositional bias.

Results:  mTMAT normalized the microbial abundance and utilized the ratio 
of the pooled abundance for association analysis. mTMAT is based on generalized 
estimating equations with a robust variance estimator and can be applied to repeat-
edly measured microbiome data. The robustness of mTMAT against compositional bias 
is underscored by its utilization of abundance ratios.

Conclusions:  With extensive simulation studies, we showed that mTMAT is statisti-
cally relatively powerful and is robust to compositional bias. mTMAT enables detection 
of microbial taxa associated with host diseases using repeatedly measured 16S rRNA 
gene data and can provide deeper insights into bacterial pathology.

Keywords:  Tree-based microbiome association test, Microbiota, Microbiome data, 
MTMAT

Background
Recent advancements in high-throughput technologies such as microarrays and next-
generation sequencing have significantly elucidated the microbial world. For instance, 
microbiota has been found to play essential roles in the host by influencing energy home-
ostasis, body adiposity, blood sugar control, insulin sensitivity, hormone secretion and 
metabolic profiles. Moreover, ongoing research suggests potential associations between 
microbiota and complex diseases, including asthma, atopic dermatitis, obstructive sleep 
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apnea, inflammatory bowel disease, and type-2 diabetes [1–6]. However, the composi-
tion of the microbiota varies from subject to subject, and the abundances of microbial 
taxa are often sparse with excessive zeros. Furthermore, the microbiota is affected by 
various factors, such as age and sex, which cause its abundance to vary considerably. 
Such sparsity in the data makes controlling type-1 and type-2 errors in statistical anal-
yses difficult, and the inference of causal relationships through statistical analysis of 
microbiota data should be performed cautiously.

Repeatedly measured microbiota studies are useful for the detection of microor-
ganisms related to the progression of disease and change identification over time, and 
provide more evidence for the causal relationship than cross-sectional studies [7]. Fur-
thermore, the estimation of within-subject covariate effects is robust to between-subject 
confounders, and repeatedly measured microbiome data allow for the robust identifica-
tion of microbiota effects on the risk of diseases in the host. Statistical analyses with 
repeatedly observed 16S rRNA gene require the adjustment of similarity among the 
measurements of the same subjects. However, only a limited number of methods are 
applicable in the repeated observation of 16S rRNA gene data, and the development of 
statistical methods for longitudinal studies is required for investigating the association 
between the human microbiome and diseases.

Xia et al. [8] comprehensively reviewed statistical methods of longitudinal data anal-
ysis in microbiome studies. These methods can be categorized into several categories: 
(1) standard longitudinal model, (2) overdispersed and zero-inflated longitudinal mod-
els, and (3) multivariate distance/kernel-based longitudinal models. First, the standard 
longitudinal model includes the linear mixed effect model (LMM) with generalized esti-
mation equation (GEE) and generalized linear mixed effect model (GLMM) among oth-
ers. LMM provides a standardized and flexible approach toward modeling both fixed 
and random effects. However, operational taxonomic unit (OTU) or amplicon sequence 
variant (ASV) abundances cannot address the sparsity issue and should be transformed 
or normalized to avoid the violation of distribution assumptions. Second, overdispersed 
and zero-inflated longitudinal models include the zero-inflated Gaussian (ZIG) mixture 
model, extensions of negative binomial mixed-effects (NBMM) [9], and zero-inflated 
negative binomial models (FZINBMM) [10]. The two-part zero-inflated beta regres-
sion model with random effects (ZIBR) extends the zero-inflated beta regression model 
to longitudinal data settings [11]. FZINBMM and ZIBR can analyze overdispersed and 
zero-inflated longitudinal metagenomics data. Finally, the multivariate distance/ker-
nel-based longitudinal model includes the correlated sequence kernel association test 
(cSKAT) for continuous outcome, and the generalized linear mixed model and its data-
driven adaptive test (GLMM-MiRKAT) for non-normally distributed outcome such as 
binary traits [12].

However, despite such developments, longitudinal microbiome data suffers from 
compositional bias, and only a few methods are robust to this problem. The magni-
tude of the sequence depth differs from subject to subject in metagenomics data, and 
the sums of absolute abundances for each subject are substantially different; there-
fore, relative abundances are generally used. However, this generates compositional 
bias, especially in longitudinally observed microbiome data [13], because relative 
abundances at each time point only provide a proportion of a taxon and it is therefore 
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not possible to derive meaningful signals by comparing the relative abundance of the 
same subject over time. Furthermore, relative abundances are correlated among dif-
ferent taxa, and their adjustment is necessary if they were utilized as a response vari-
able [14].

Several methods have been proposed to adjust the compositional bias. For instance, 
additive log-ratio (ALR) that uses a reference abundance for its denominator and cen-
tered log-ratio (CLR) that uses geometric mean can be considered. Network analysis, 
including sparse correlations for compositional data and sparse inverse covariance esti-
mation for ecological association inference, can also be considered, modeling the whole 
community with a statistical model. However, they can only be applied to cross-sectional 
data, and none of them can be applied to analyzing longitudinally observed datasets [15].

In this article, we propose the phylogenetic tree-based microbiome association test 
for repeatedly measured data (mTMAT), which pools the abundance of OTU/ASVs 
based on the phylogenetic distance, thus resolving the problem of zero-inflation, 
making it robust to compositional bias. Through extensive simulation and real data 
analyses, we prove its robustness to compositional bias and its improved statistical 
power compared to that of other methods.

Methods
Phylogenetic tree

We apply similar notations and assumptions as in TMAT [16]. For this analysis, OTU/
ASV profiling is performed across all subjects and time points simultaneously, with a 
rooted binary phylogenetic tree provided for these OTU/ASVs.

The first M1 OTU/ASVs are categorized under a taxonomy of interest t, (where t = 1, 
… T), for studying associations with host diseases, while the remaining M–Mt OTU/
ASVs are classified into different taxonomies. Within the genus of interest, there are 
Mt  –  1 internal nodes and M1 leaf nodes. Internal nodes are denoted by k (where 
k = 1, …, Mt  –  1) and leaf nodes by m (where m = 1, …, M). Each leaf node corre-
sponds to a single OTU/ASV. If m ≤ Mt, it represents a leaf node within the genus of 
interest, otherwise m belongs to a different genus. The absolute abundance of OTU/
ASV m of subject i at time point j is denoted by c(t)ijm . Assuming mutations occur dur-
ing transmission from an internal node k to its child nodes, the relative abundance of 
leaf nodes of the left child node increases for cases where the mutation occurs during 
transmission to the left child, and decreases if it does so during transmission to the 
right child node. When assessing the association between an internal node k and a 
host disease, k and its associated leaf nodes are considered as the test nodes and test 
leaf nodes, respectively. The left and right test leaf nodes correspond to the leaf nodes 
of the left and right child nodes of k, and are denoted as Lk and Rk, respectively. Fig-
ure 1 provides a visual representation of theses definitions.

Quasi‑likelihood

The log-transformed counts per million (CPM) r(t)ijm , which is used for the edgeR pack-
age (version 3.16.5) is expressed as follows.
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x
(k)
ij  , where k = 1, …, M1− 1, is expressed as follows

Here, I(A) indicate the indicator function. As all OTU/ASVs in taxonomy t can be 
associated with the host disease, x0i  for such a case is expressed as follows:

To facilitate comprehension, we assume thatx(0) , …, and x(M1−1) are ordered accord-
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Fig. 1  Examples of rooted binary phylogenetic trees
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the second one uses the geometric mean 
(∏T

t=1 E
(t)
ij

) 1
T  for all taxonomies. These two 

options correspond to the ALR and CLR transformations, respectively. The vectors 
and matrices for testing the association of the genus of interest are expressed as 
follows:

The stacked observations across all subjects are represented as

Based on such matrix notations, we provide the quasi-likelihood for repeatedly 
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diagonal entries being var(x(k)ij ) , j = 1,…,Ni , the covariance matrix for the observations of 
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Score test with small sample adjustment

The null hypothesis can be expressed as follows:

where L is a matrix of linear constraints with c rows and number of columns equal to the 
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where

Based on this result, the robust Wald statistic of βk for test node k is expressed as 
follows:

mTMAT

Following the approach described in Kim et al. (2020), we combined statistics to test the 
null hypothesis H0 : β0 = β1 = · · · = βM1−1 = 0 using the minimum p-value method. If 
p-values for Tk are denoted by pTk, the proposed mTMATM statistics are defined as:
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TAT​AAG​AGA​CAG-CCT​ACG​GGNGGC​WGC​AG-3’) and 16S_V4_R (5’-GTC​TCG​
TGG​GCT​CGG​AGA​TGT​GTA​TAAG-AGA​CAG​GAC​TAC​HVGGG​TAT​CTA​ATC​C-3’) 
were used. Adaptor sequences were detected and removed using the CUTADAPT soft-
ware (version 4.4) with a minimum overlap of 11 bp, maximum error rate of 10%, and a 
minimum length of 10 bp [23]. Sequences were merged using CASPER (version 0.8.2) 
with a mismatch ratio of 0.27 and filtered by the Phred (Q) score, resulting in sequences 
of 350–550  bp in length [24, 25]. After the merged sequences were dereplicated, chi-
meric sequences were detected and removed using VSEARCH (version 2.3.4) and the 
Silva Gold reference database for chimeras [26]. The open-reference Operational Taxo-
nomic Unit (OTU) picking was based on the EzTaxon database using UCLUST (version 
1.2.22) with a 97% sequence identity threshold [27, 28]. The phylogenetic trees based 
on EzTaxon database were obtained through the SINA method [29] using the reference 
sequences available from the EzTaxon database. We calculated the proportion of each 
species among the total taxa and determined the mean value across all subjects. If the 
resulting value was < 0.001, the species was excluded [30]. A histogram of the read count 
distribution is shown in Additional file 1: Fig. S1. Among the 691 subjects, those with 
a read count of < 3,000 or for whom genomic data were not available in any phase were 
excluded. As a result, 1179 samples from 393 subjects, including 70 genera, were used 
for the simulation analysis.

Simulation studies

We conducted extensive simulations to evaluate the performance of mTMAT with two 
types of datasets. One dataset with 393 subjects who participated in all three phases 
from KARE cohort and the generative dataset based on microbiomeDASim [31]. For the 
KARE cohort dataset, we defined disease status based on a creatinine level threshold 
of 1.15, with values above 1.15 as cases and others as controls; however, this specific 
threshold was not critical, as the focus was on maintaining an appropriate case–control 
ratio. We followed a methodology similar to that described in Kim et al. (2020) to evalu-
ate the effect of disease status permutation on the identification of causal taxa, which in 
this context refers to taxa designated as associated with disease within the simulation 
framework. The case-to-control ratios were assumed to be 1:1 or 1:3 depending on the 
simulation scenario, and for the 1:3 ratio, cases were rounded down, and controls were 
rounded up to maintain the total sample size. Briefly, the disease status of subjects was 
permuted, and a single test node was randomly selected from the internal nodes of the 
phylogenetic tree. From the leaf nodes descending from this test node, causal taxa were 
chosen randomly at three different levels: a single taxon, 50% of the taxa, or 90% of the 
taxa, corresponding to p = 1 taxon, 50%, and 90%, respectively. Notably, when p = 1, indi-
cating a single taxon associated with the disease, the phylogenetic structure does not 
offer additional information for mTMAT.

For the simulation, the sample variances of c(t)ijm for causal taxa were denoted by 
σ̂
(t)
mm . For affected subjects, an increment δ = βσ̂

(t)
mm was added to the observed abso-

lute abundances of the selected causal taxa, where β values were set to 0, 0.01, 0.02, 
or 0.04. The absolute abundances of non-causal taxa remained unchanged. The case 
with β = 0 was used to estimate empirical type-1 error rates, while non-zero β values 
were employed for statistical power estimation. Type-1 error rates were assessed at 
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significance levels of 0.1, 0.05, 0.01, and 0.005 using 5,000 replicates, while empiri-
cal power was evaluated at the 0.05 significance level with 500 replicates. Unless 
described otherwise, these replicates were used throughout the study. Type-2 error, 
defined as 1 − power, was therefore indirectly addressed through the power analysis.

For comparison with mTMATM and mTMATIM, GLMM-MiRKAT (version 1.2), 
FZINBMM (version 1.0), linear mixed model (LMM) with arcsine square root trans-
formation (LMM-arcsine), and LMM with log transformation (LMM-log) with nlme 
package (version 3.1) were considered. Additionally, phylogenetic tree-based micro-
biome association test (TMAT, version 1.01), optimal microbiome regression-based 
kernel association test (oMiRKAT, version 0.02), adaptive microbiome-based sum of 
powered score (aMiSPU, version 1.0), and the Wilcoxon test were included to com-
pare how cross-sectional methods perform in the context of repeatedly measured 
data. This allows for benchmarking mTMATM and mTMATIM against methods that 
do not explicitly account for temporal correlations, providing insights into the impor-
tance of considering longitudinal structures in microbiome association studies. Asso-
ciation analyses were conducted at the genus level. FZINBMM, LMM models, and 
Wilcoxon were applied by pooling all species within each genus. Each genus consisted 
of multiple species, and oMiRKAT and aMiSPU were applied to species belonging to 
each genus.

For mTMATM and mTMATIM, robust wald and score statistics with four differ-
ent choices of working correlation matrix: identity, compound symmetry (CS), first-
order autoregressive (AR1) and unstructured (UN), were considered. For aMiSPU 
and oMiRKAT, we followed the same parameters to Kim et al. (2020) using 500 and 
5,000 permuted replicates to assess power and type-1 error rates, respectively. For 
GLMM-MiRKAT, Unifrac distance which is default choice is used for its distance 
metrics. Unifrac distance requires observed read counts, and therefore, samples with 
zero read counts were excluded from the analyses involving GLMM-MiRKAT, oMiR-
KAT, and aMiSPU. Additionally, these methods cannot handle genera consisting of a 
single taxon, so such cases were omitted from the statistical power analyses for these 
genera.

Following the simulation with the generated dataset with microbiomeDASim, Iden-
tity, CS, and AR1 with different parameter values are assumed for the simulation, 
and type-1 error estimates were compared for different uses of working correlation 
matrices for mTMATIM. The mean value of relative abundance and proportion of zero 
count samples were estimated from the KARE cohort study for all the genera; the 
genera with first quantile, median, and third quantile sparsity level were selected for 
the simulation. The values were 52%, 64%, and 73%.

We also evaluate the robustness of the proposed method to the compositional 
bias. Different choices of Gij corresponding to ALR and CLR are also considered. The 
KARE dataset was simulated 2000 times with simulation parameters N and the ratios 
of the cases and controls were 50 and 1:3, respectively. Then a genus containing more 
than one species was selected and assumed to be associated with a phenotype with 
β = 0.15 and p = 50%. Additionally, a species outside the selected genus was randomly 
chosen and assumed to be associated with the same phenotype using the same β 
value. To evaluate how changes in the abundance of this external taxon influence the 
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bias estimate for the selected genus, its abundance was increased by its standard devi-
ation multiplied by factors of 0, 1, 5, 10, 50, and 100. Then the mean and interquartile 
range of bias estimate of the selected genus was calculated and compared with a dif-
ferent value of the multiplier.

Pregnant microbiome data

We used publicly available datasets from Romero [32], who conducted a retrospective 
case–control longitudinal study that included non-pregnant women (n = 32) and preg-
nant women who delivered at term (38 to 42  weeks) without complications (n = 22) 
using pplacer and version 0.2 of the vaginal community 16S rRNA gene database [33] 
for the taxonomic classification. The neighbor joining method based on the Bray–Cur-
tis dissimilarity index was used to obtain a phylogenetic tree [34]. The pregnant dataset 
includes data on the race, days after the first visit (GDColl), household income, maternal 
education, and baby gender.

Results
Results from simulated data

The performances of mTMATM and mTMATIM were evaluated using simulated data. 
Additional file 1: Fig. S2 shows the overall distribution of microbial composition. Results 
for mTMATM are presented in Additional file  1: Table  S1, which indicates that infla-
tion of type-1 error rates occurred as the number of case samples and total samples 
increased. Conversely, mTMATIM adequately preserved the nominal type-1 error with 
a slight inflation when unstructured correlation (Table 1 and Additional file 1: Table S2).

GLMM-MiRKAT, FZINBMM and LMM models are designed to be used as longitudi-
nal microbiome data and can be compared with mTMATIM and mTMATM. FZINBMM 
and GLMM-MiRKAT could not preserve type-1 error rates with extremely high type-1 
error estimates for FZINBMM. GLMM-MiRKAT suffered singular matrix problem 
during calculating the test statistics (Table 1). In this case, the resulting p-values were 
excluded for the estimation of type-1 error rate and power.

We also evaluated the effect of the number of leaf nodes (Additional file 1: Table S3), 
and the results showed that mTMATM became slightly conservative when the number 
of leaf nodes exceeded 5, but that mTMATIM was less affected. The result with more 
than 15 leaf nodes can be dependent on specific genera chosen with a small number of 
genera.

Additional file  1: Table  S6 evaluated the effect of sparsity on the type-1 error rate 
using an approach same to that described in Kim et al. (2020). The results indicate that 
the type-1 error rates for FZINBMM were the most inflated, with some inflation also 
observed for GLMM-MiRKAT when mean sparsity exceeded 20%. Although GLMM-
MiRKAT employs permutation-based p-values, which are generally robust to non-nor-
mality, their validity can be affected by heteroscedasticity. A high degree of sparsity may 
introduce heteroscedasticity, contributing to the observed type-1 error inflation. While 
there was some inflation noted for mTMATM, the type-1 error rates for mTMATIM were 
well-controlled.

The effect of the assumed correlation matrix for different scenarios was evaluated 
with the use of microbiomeDASim [31]. Identity, CS, and AR1 with different parameter 
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values are assumed for the simulation with different uses of working correlation matrix, 
robust score statistic and for mTMATIM (Additional file 1: Table S4). The result shows 
that mTMATIM preserved type-1 error for all the scenarios.

To further assess the type-1 error performance of mTMATIM with larger sample sizes, 
we conducted additional simulations for N = 100, 200 and 400. These simulations con-
firmed that type-1 error rates remain well-controlled and do not exhibit inflation as N 
increases (Additional file 1: Table S5).

We also calculated statistical power estimates with 2,000 replicates at the 0.05 signifi-
cance level and compared them with those of other statistical methods. The significance 
levels for each method were adjusted based on the statistics from the simulation to cal-
culate type-1 error for a valid performance comparison. The threshold is determined 
as the percentiles of the p-values calculated in the type-1 error simulation under null 
hypothesis. We considered genera comprising two or more taxa. In Fig. 2, mTMATIM 
usually outperformed the other methods. The performance of GLMM-MiRKAT was 
comparable with mTMATM. FZINBMM and LMM-log exhibited significantly less power 
than other methods.

Additional file  1 Fig.  S3 shows the results of genera comprising one or more taxa. 
GLMM-MiRKAT can only be calculated if more than one taxon is available. Therefore, 
it was excluded from this comparison. mTMATM and mTMATIM can be applied in such 
scenarios, and the results showed that the proposed method was the most efficient.

Comparison with methods for cross-sectional analysis (Additional file  1: Fig.  S4) 
shows that TMATM, TMATIM, and mTMATIM showed high statistical power. aMiSPU 
had the highest power estimate when beta was 0.02.

As shown in Additional file  1: Fig.  S5, we evaluated the statistical power in relation 
to the number of leaf nodes. Keeping the number of causal taxa constant, we observed 

Fig. 2  Power estimates for genera consisting of more than one taxon. Power estimates at the significance 
level 0.05 were calculated with 500 replicates. We generated simulation data based on read counts from 
datasets and considered genera with more than one taxon. For statistical methods whose type-1 errors are 
violated, their P-values were adjusted with the simulated data, which makes all statistical methods preserve 
the nominal significance level. We assumed that the total sample size (N) is equal to 50, the ratio of cases and 
controls is set to be 1:3. Identity working correlation matrix and robust score statistic were used for mTMAT
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that the statistical power estimates decreased as the number of leaf nodes increased. 
Optimal performance was observed for mTMATIM; however, GLMM-MiRKAT exhib-
ited a high level of type-1 error rate with the leaf node ranging between 6 and 15. The 
sparsity levels were also considered, and statistical power estimates were compared. 
Power estimates were maximized at the middle-group sparsity level (Additional file 1: 
Fig. S6). The type-1 error and the power of group and time and interaction effect are also 
estimated using simulation dataset with microbiomeDASim package. The type-1 error 
rates for the group, time (Additional file 1: Table S7), and interaction effects (Additional 
file 1: Table S8) are well controlled for mTMATIM and mTMATM, while LMM-arcsine 
and LMM-log exhibit type-1 error inflation. We verified that mTMATIM and mTMATM 
can successfully capture group and time effects with the other included as a covariate. 
Both methods also detected interaction effects with adequate control of type-1 error 
rates. Although LMM-arcsine and LMM-log showed higher power than mTMATIM and 
mTMATM in this simulation scenario, their reliability is limited due to the observed 
type-1 error inflation.

Additional file 1: Fig. S7 shows the effect of compositional bias. mTMATIM and FZIN-
BMM had a smaller bias than other methods when the level of compositional bias was 
high. All three types of mTMATIM had smaller interquartile ranges of bias than FZIN-
BMM, indicating that mTMATIM successfully mitigated compositional bias compared to 
other methods. Furthermore, the default Gij option for mTMATIM consistently outper-
formed the ALR and CLR options in terms of reducing both bias and variability, high-
lighting its robustness in addressing compositional bias in the dataset.

In summary, we confirmed that mTMATIM is generally the most efficient method 
among those available in our simulations. mTMATIM considers phylogenetic tree struc-
tures, uses log CPM transformation, correction of compositional bias by taking a pro-
portion among taxa, and considers correlations among repeatedly measured samples, 
which makes it superior to other methods. The overall power comparison results for 
cross-sectional methods are consistent among previous studies on TMAT [16]; how-
ever, the type-1 error rate for TMAT was inflated with longitudinal microbiome data. 
GLMM-MiRKAT is the second most powerful but failed to preserve type-1 rates and 
cannot be applied in analysis with a single taxon. Furthermore,

GLMM-MiRKAT is based on oMiRKAT, and they both used the kernel method and 
permutation approaches, which can be very computationally intensive, especially if the 
sample size increases [16].

Real data analysis

The pregnant datasets were analyzed with mTMAT, GLMM-MiRKAT, FZINBMM, and 
LMM with the arcsine square root transformation and LMM with log transformation 
to explore the association between microbiota and the pregnancy status of the women. 
The pregnant dataset includes the race, days after the first visit (GDColl), household 
income, maternal education, and gender of baby. The overall composition is presented 
in Additional file 1: Fig. S8; the overall composition change was clear after > 300 days. 
Additional file 1: Fig. S9 shows that the change can be related to the pregnancy state. 
PERMANOVA analysis result shows the associated phenotype that explained microbi-
ome variability. Race was the covariate with the least p-value of 0.06 (Additional file 1: 
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Fig. S10). Table 2 shows that mTMATIM found 11 significant genera. FZINBMM, LMM-
arcsine, and LMM-log found 16, 14, and 14 significant genera, respectively. As shown in 
the simulation study, most of the detected genera as significant only by FZINBMM can 
be false positives.

mTMATIM shared most of the significant genera with other methods. The most sig-
nificant genera was Lactobacillus, which is consistent with the findings of the original 
study [32]. Additional file  1: Fig.  S11 shows a Venn diagram comparing the numbers 
of significant genera implicated by the various applied methods. As LMM-arcsine and 
LMM-log differ only in their transformation, the methods shared all 16 detected gen-
era. FZINBMM detected two more genera that were not detected by other methods. 
mTMATIM shared all the 12 detected genera with other methods. Results for genera sig-
nificantly associated with at least one method at the FDR-adjusted 0.05 significance level 
are summarized.

Figure 3 shows the distribution of taxa under Lactobacillus. Lactobacillus has five leaf 
nodes and the relative abundances of all the leaf node m = 1, 2, 3, 4 and 5 were higher 
in the pregnant group. Lactobacillus was observed to be more abundant in the preg-
nant group than in the control group. This finding aligns with existing research indi-
cating that Lactobacillus species are more abundant in pregnant women. Notably, a 
deficiency in vaginal Lactobacillus species has been linked to an increased risk of pre-
term delivery [32, 35]. Additional file 1: Fig. S12, 13, 14, 15, 16, 17 and 18 showed the 

Table 2  Association analysis results of the Pregnant dataset

GLMM-MiRKAT requires more than one taxon for calculation; therefore, genera with a single taxon show ‘NA’ for this method

Family 
taxonomy

Genus 
taxonomy

mTMATIM mTMATM GLMM-
MiRKAT

FZINBMM LMM arcsine LMM log

Lactobacil-
laceae

Lactobacillus 0.01984 0.01549 0.00416 0.00000 0.00000 0.00000

Tissierellaceae Anaerococcus 0.02110 0.02275 0.01247 0.00000 0.00000 0.00000

Tissierellaceae Peptoniphilus 0.02599 0.02110 0.00416 0.00000 0.00000 0.00000

Veillonellaceae Dialister 0.01984 0.02110 0.06983 0.00000 0.00000 0.00000

Campylobacte-
raceae

Campylobacter 0.01984 0.02275 NA 0.00000 0.00000 0.00000

Tissierellaceae Finegoldia 0.04797 0.04647 NA 0.00000 0.00000 0.00001

Porphyromona-
daceae

Porphy-
romonas

0.13031 0.10538 NA 0.00000 0.00000 0.00000

Streptococ-
caceae

Streptococcus 0.01984 0.02275 NA 0.00000 0.00000 0.00000

Actinomyceta-
ceae

Varibaculum 0.55456 0.34057 NA 0.00001 0.28831 0.93412

Prevotellaceae Prevotella 0.01984 0.02110 NA 0.00000 0.00000 0.00000

Tissierellaceae 1–68 0.84255 0.67380 NA 0.00006 0.00165 0.00171

Lactobacil-
laceae

WAL_1855D 0.09401 0.05409 NA 0.00000 0.00000 0.00000

Tissierellaceae Mobil uncus 0.01984 0.02110 NA 0.00000 0.00000 0.00000

Tissierellaceae Atopobium 0.01984 0.02522 NA 0.00000 0.00000 0.00000

Bifidobacte-
riaceae

Gardnerella 0.99925 0.79316 NA 0.00014 0.53031 0.59088

Actinomyceta-
ceae

Actinomyces 0.01984 0.02110 NA 0.00000 0.00000 0.00000
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taxon distributions of other associated genera. These results confirm that the genera 
identified using mTMAT may be associated with delivery. Therefore, mTMAT success-
fully detected associated genera.

Discussion
The importance of microbiome-host interactions has been known for more than a cen-
tury [36], and the occurrence of many human diseases has been found to be related to 
bacterial communities.

Microbiome data has phylogenetic structure and certain unique properties, includ-
ing high dimensionality, rarity, and heterogeneity beyond composition. These properties 
cause multiple statistical problems when analyzing data across microbial composition 
and integrating multi-omics data such as large p and small n, dependencies, over-dis-
persion and zero inflation. The classical correlation and related methods throughout the 
microbial association study were applied in the actual study and used in the develop-
ment of new methods. However, owing to those problems related to metagenomic anal-
ysis, traditional approaches are infrequently utilized for more complex models, such as 
longitudinal models including linear mixed models and generalized linear mixed mod-
els. Furthermore, those methods do not properly address compositional bias and may 
lead to erroneous results owing to limitations in relative abundance data [37].

In this study, we propose a novel approach, mTMAT, for identifying taxa associated 
with host diseases. This method is based on quasi-scores for internal nodes in a phyloge-
netic tree. It can account for various correlation structures and provides robust estima-
tion for mis-specified correlation structures while maintaining statistical validity with 
small sample sizes and high statistical power. By leveraging log CPM transformation, 

Fig. 3  Taxon distributions of significantly associated genus Lactobacillus. Relative proportions of taxa 
belonging to Lactobacillus at different time points were plotted. Each taxon has its corresponding 
leaf node; leaf nodes in black square and black circle indicate that they are in Lk and Rk    , respectively. 
β̂black square/black circle indicates the mean difference of log(C(k)

ij /D
(k)
ij ) between pregnant and unpregnant 

subjects after adjusting for covariates, and the red internal node indicates that taxa in the left test leaf nodes 
are more abundant in pregnant subjects. The most significant node is enlarged
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integrating abundances, and taking ratios between integrated abundances based on the 
phylogenetic tree, mTMAT not only reduces sparsity issues and compositional bias but 
also provides insights into species-level associations by assessing patterns across closely 
related species.

This property is achieved by using log CPM transformation and integrating abun-
dances based on the phylogenetic tree. Compositional bias correction is accomplished 
by taking ratios between two sets of integrated abundances. mTMAT leverages the phy-
logenetic tree structure, allowing us to incorporate the relationships between microbial 
species. This tree-based approach not only reduces sparsity issues but also provides 
insights into species-level associations by assessing patterns across closely related 
species.

The final statistic is formed by combining these quasi-scores to obtain a single p-value, 
which allows mTMAT to effectively detect taxa associated with disease status. Impor-
tantly, due to the independence of the statistical scores at internal nodes, the minimal 
p-value can be calculated directly (Kim et al., 2020). Comparative analyses against other 
methods like GLMM-MiRKAT, LMM-arcsine, LMM-log, and FZINBMM across various 
simulations demonstrate that mTMAT not only maintains the correct nominal type-1 
error rate but also exhibits superior statistical power. Moreover, it is computationally 
more efficient than permutation-based methods such as GLMM-MiRKAT. While LEfSe 
is a useful tool for detecting differential abundance in certain microbiome datasets, it 
takes a different approach to statistical assessment, which may limit its ability to rigor-
ously assess statistical significance.

However, despite its usefulness, mTMAT has several limitations. First, mTMAT com-
bines the statistics for each internal node, and multiple comparisons occur when the 
number of leaf nodes is large. Second, we evaluated the performance of the proposed 
methods with extensive simulations, but this result cannot be generalized. Third, the 
choice of database, OTU clustering methods or use of ASV is likely to affect the statisti-
cal property of mTMAT. In our previous research, we showed that the effect of a mis-
specified phylogenetic tree is generally not substantial. However, further investigation is 
necessary, which we will undertake in our follow-up research.

Conclusions
mTMAT can help researchers easily perform fast and effective microbiome-wide asso-
ciation analysis, thereby comprehensively elucidating the interaction mechanism of the 
entire microbiota with the human body.
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