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Abstract
Next generation DNA sequencing technique is widely applied to study the microbial
community composition. Studies that record the temporal variation of microbial
communities provide us valuable insights to understand the microbial communities
and their relationship. Current available statistical methods lack power in detecting
differentially abundant features contrasting different biological or medical
conditions, in particular, for time course metagenomic sequencing data. Two novel
procedures are proposed, metaDprof and CorrZIDF, to address such limitation.
metaDprof is built with a spline-based method assuming heterogeneous errors, to
meet with the challenges of detecting differentially abundant features from
metagenomic samples by comparing different biological/medical conditions across
time. This new approach can detect the features globally and also detect the time
intervals for the changes. This method requires no prior knowledge of when
differences occur and makes no assumption on pattern type of differential abundant
features. Through comprehensive simulation and a real metagenomic data study,
metaDprof shows the best performance compared with other existing methods, in
terms of significant feature selection and accurate time-interval detection. CorrZIDF
is developed specifically for the issue of excessive zeroes in the metagenomic counts
data; meanwhile the correlation along time is included in the model. The large
number of zeroes may be due to the physical absence or under-sampling of the
microbes. CorrZIDF is based on the zero-inflated and distribution free functional
response model to a longitudinal setting that incorporates the working correlation
structure estimation to increases the relative efficiency of the estimation. The
correlation structure is defined through a modified bivariate Pearson correlation
estimation based on the FRM mixture. As a distribution free approach, CorrZIDF can
handle the correlated structure without specify the marginal distribution. Based on
simulation results and a real data analysis, the methods outperform others across
different setting, from moderate correlated to highly correlated data, under
different margin distributions and different working correlation structures.
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Chapter 1. Introduction
1.1 Background about metagenomic time-course analysis
High-throughput DNA sequencing plays important roles to study human, animal
and environment microbial community composition for disease diagnosis,
treatment and prevention. Only focusing on examining microbial differences at a
single time point cannot capture the dynamic nature of the microbiome data. Over
the last decade, the DNA sequencing technologies has been improved dramatically.
Meanwhile, the sequencing cost dropped rapidly. Therefore, studies that can record
the temporal variation of microbial communities provide valuable insights to
understand the microbial communities and relationship among microbes, such as
using longitudinal study to identify longitudinal gut microbiota patterns (White et
al. 2013; David et al., 2014).
Many methods have been developed to analyze time series to genomic data from
other types of technology, e.g., microarray (Storey, 2006; Conesa et al., 2006; Aijo et
al., 2014). However, these methodologies are not suitable for analyzing
metagenomic count data. Several methods have been proposed as an alternative
type of sequencing technology, RNA-seq data. Next-maSigPro models RNA-seq time
series count data by taking into account the temporal dimension through fitting a
polynomial regression (Nueda, 2014). RNA-seq data, Gao and Sun (2015) proposed
a negative binomial mixed-effects (NBME) model to detect differentially expressed
genes in time-course. A spline smoothing ANOVA model is fitted to assess the
significances based on the Kullback-Leibler distance ratio. Even though, RNA-seq
data and metagenomic sequencing data share some commonality; they are not
identical in terms of library composition and library preparation protocols.
Talukder (2015) presented a methodology to directly estimate a smooth function
for an area of interest where such difference area between the two conditions is
statistically significant using a Smoothing-Spline ANOVA model. However, this
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method cannot identify parallel profiles for two conditions and a user-defined
threshold is needed for the statistical test.
Longitudinal studies provide increased insights about the stability of microbial
communities and relationship among microbes with the advent of high-throughput
sequencing and analytical tools. With knowing potential differentially abundant
features and precise time varying intervals, scientist can utilize such information to
establish targeted timely screening. Metagenomics data has unique characteristic,
such as it contains a large number of zero due to the physical absence or undersampling of the microbes (Coddington et al., 2009; Unterseher M et al, 2011). The
correlation within each subject across different time points can also be observed.
Previous methods that assume independent correlation may suffer incorrect
inferences. In addition, methods that do account intra sample correlation where the
assumed distribution might not be applied to count data. For example, a two-part
zero-inflated Beta regression (ZIBR) model with random effects (Chen & Li 2017) is
proposed for compositional data and assumes a Beta distribution for the non-zero
compositional data.
Several zero-inflated count models which assume data are from a mixture of a
regular count distribution and a degenerate distribution at zero, like zero-inflated
Poisson (ZIP) model and zero-inflated negative binomial (ZINB), are quite popular
to model such zero-inflated count response. However, ZIP yields biased estimates
when the count response is overdispersed, and so does ZINB when overdispersion
does not follow the negative binomial (Zhang 2011).
As alternative approaches generalized linear mixed-effect model estimation
equations (GLMM), by introducing random effects to account for correlated
responses from repeated measurements over time, lacks robustness when real data
depart from the assumed distribution. Some generalized estimating equations (GEE)
approaches by modeling the conditional mean response (Dobbie and Welsh, 2001;
Hall and Zhang, 2011) developed for zero-inflated count data by integrating
maximum likelihood with GEE to deal with correlated longitudinal responses.
However, simply modeling the mean response cannot identify the model parameter
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for the mixture distributions. Moreover, even the estimating equations are unbiased,
the estimators of the regression parameter remain consistent for incorrect working
structure. Specifying an appropriate form for the correlation will increase the
efficiency of estimation, particularly when the correlation within subjects is high.
(Pardo and Alonso 2017; Hardin and Hilbe 2012; Diggle et al. 2002; Zorn 2001).
Misspecification of the working structure can lead to loss in efficiency in estimation
of the regression parameter (Wang and Garey 2003; Yang et al. 2016).

1.2 Proposed work
In chapter 2, I propose a novel procedure, metaDprof, a two stages approach (stage
1- global detection on features; stage 2-time interval detection for significant
features) that is built upon a spline-based method assuming heterogeneous error to
compare different biological/medical conditions across time. This method requires
no prior knowledge of when differences occur and makes no assumption on pattern
type of differential abundant features. Through comprehensive simulation,
metaDprof shows the best performance compared with other existing methods, in
terms of significant feature selection and accurate time-interval detection. It is also
applied to a real mouse gut metagenomic dataset to understand the relationship
between the gut microbiota and diet type.
In chapter 3, I extend the nonparametric longitudinal zero-inflated count model
(ZIDF) proposed by Chen et al. (2017) to a longitudinal setting that incorporates the
working correlation structure estimation to increase the relative efficiency of the
estimation. The correlation structure is defined through a modified bivariate
Pearson correlation estimation. In addition, this method can handle the correlated
structure without specifying the marginal distribution as well. From simulation
results, the methods outperform ZIBR and ZIDF across different settings, from
moderate correlated to highly correlated data, and under different margin
distribution. The method is also applied to a real data analysis to study the vaginal
microbes related to preterm. The result shows this method is also practical in a real
biological study.
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In chapter 4, I review and summarize the most recently developed statistical
methods, in order to give researchers or statisticians a broader view for analyzing
time course/longitudinal microbial data.
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Chapter 2. An informative approach on
differential abundance analysis for time-course
metagenomic sequencing data
2.1 Introduction
As the direct genetic analysis of genomes from environments (e.g., soil, water, or
human gut), metagenomics plays a critical role in detecting differentially abundant
features (e.g., species or genes) based on either taxonomic compositions or
functional components obtained from contrasting microbial communities. With
improvements in high-throughput sequencing technology there is an increased
desire to conduct time-course studies which record the temporal variation of
microbial communities (Faust et al., 2015; Knight et al., 2012). Those analyses can
provide valuable information about the stability of microbial communities and how
they respond to perturbations.
Even though many metagenomic studies are now designed with time series
perturbations in mind there are still several challenges to overcome. For traditional
methods to be medically relevant a disease condition is compared with a control
condition. The metagenomic compositions are compared between multiple
groups/conditions to detect differentially expressed (DE) genes or differentially
abundant features (DAFs), which may indicate a disease status. Appropriately, the
added dimension of time will affect DAFs detection.
Some researchers suggest borrowing the methods for analyzing genomic data
from other types of technology, e.g., microarray or RNA sequencing. Many methods
have been developed to analyze time series microarray data (Storey, 2006; Conesa
et al., 2006; Aijo et al., 2014). However, these methodologies developed for
microarray data are not suitable for analyzing metagenomic count data obtained
from sequencing technology.
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Many methods have been developed for time series RNA-seq data. For instance,
Next-maSigPro was developed to model RNA-seq time series count data by taking
into account the temporal dimension through fitting a polynomial regression
(Nueda, 2014). To detect differentially expressed genes in time-course RNA-seq
data, Gao and Sun (2015) proposed a negative binomial mixed-effects (NBME)
model and a significance test based on the Kullback-Leibler distance ratio by fitting
a spline smoothing ANOVA model. Conventionally, RNA-seq data and metagenomic
sequencing data share some commonality although they are different in library
composition and library preparation protocols. For example, RNA-seq profiles the
transcriptome by assessing the gene expression level whereas metagenomic data
(e.g. 16S rRNA sequencing data) directly describes the abundance for each taxon in
terms of absolute count or relative proportion of features present. Researchers
could analyze those taxa abundances by comparing multiple conditions to detect the
microbial taxonomy (e.g. phylum/species) that influence certain diseases or
treatments.
Recently, Talukder (2015) presented a methodology, (fitTimeSeries function
implemented in the R package metagenomeSeq), that uses a Smoothing-Spline
ANOVA model to directly estimate a smooth function for an area of interest
(regions/times) where such difference area between the two conditions is
statistically significant. Not only can it detect the significant metagenomic feature,
but it can also find the varying time interval. However, this method cannot detect
the features with parallel profiles for two conditions. Furthermore, the statistical
test depends on a user-defined threshold that is subjective and could greatly affect
the result of a real-world problem. In essence the user must already have a good
idea of when, e.g. which time intervals, the differences might arise. Actually, in most
real situations this is unreasonable and ineffective.
Unlike metagenomeSeq that fits the entire data using one smoothing spline
model with an assumption of homogenous error/noise for different conditions, in
this research we propose a spline-based statistical approach, metaDprof, to detect
metagenomic

features

differentially

abundant

between

biological/medical
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conditions by fitting smoothing curves separately. In this way the error/noise can
be allowed to vary for different conditions. For each detected feature the proposed
method can further detect during which time interval the feature shows different
patterns between conditions; thereby detecting DAFs across time. All the results are
supported by solid statistical inference. Moreover, metaDprof requires no prior
knowledge of when differences occur and makes no assumption on the DAFs pattern
type (increasing or decreasing, linear or non-linear). The validity of metaDprof was
assessed with a simulated time-series dataset. This method is also applied to one
recent study carried out on mice gut microbiomes.

2.2 Proposed Methods
2.2.1 Model fitting
Smoothing spline regression models are commonly used to model longitudinal data
(Wahba et al., 1990; Gu, 2002; Wang, 2011). In our research a smoothing spline
model is fitted for each feature under the same condition. Let 𝑌!" be the count of
relative abundance of a feature in sample i = 1, … , 𝑛 at the tth = 1, … , 𝑚 time point
under each condition, we assume that:
log (𝑌!" ) = 𝑓 𝑡, 𝑥! + 𝜀!"

(1)

where 𝑥! are covariates for sample 𝑖 and error term ( 𝜀!" ) are assumed to be
independent, e.g. 𝑁(0, 𝜎 ! ). f is assumed to be a smooth function across all samples
for each condition.
For the general penalized likelihood method in univariate Gaussian regression,
the minimizer of equation (2) can be used to estimate a function of interest f on a
generic domain of the data,
𝐿 𝑓 𝑑𝑎𝑡𝑎 + 𝜆𝐽(𝑓)

(2)

where 𝐿 𝑓 𝑑𝑎𝑡𝑎 represents minus log likelihood of the observed data and 𝐽(𝑓) is
taken as a quadratic roughness function with a low dimension null space 𝑁 𝐽 =
𝑓: 𝐽 𝑓 = 0 (Gu and Wahba, 1993). The solution to a penalized minimization
problem is called smoothing spline (Gu, 2002). For each feature a smoothing spline
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ANOVA model is used to fit a smoothing curve for each condition. As a generic
example we assume two conditions (e.g., treatment vs. control) to compare
throughout the text.
The smoothing spline ANOVA model was fitted using the ssanova function in
“gss” package available in R (Gu, 2011). In the function, generalized cross-validation
(Craven and Wahba, 1979) was used to select the smoothness parameter λ and a
cubic smoothing spline was used for calculating model terms in the smoothing
model.

2.2.2 Statistic testing
In order to better understand the dynamics of microbial communities across time
we propose a two-stage procedure. In the first stage significant differentially
abundant features are selected by comparing each condition’s smoothing spline
globally, across all time points. In the second stage a time interval when the DAFs
start and/or end to change is found, called the change time interval, by comparing
ratios of areas under the smoothing splines from Stage 1.
2.2.2.1 Stage 1 – Global Detection of Features
Within a feature two curves are fitted for the two conditions separately, through the
cubic spline (the thick red and blue curves in Figure 1). If the feature is not related
to a specific condition, then the two curves for the two conditions share the same fit
(dashed purple curve in Figure 1). Therefore, the curve for the combined conditions
can be estimated as a single function of time via the above smoothing spline ANOVA
model, noted as log (𝑦!" ) = 𝑓 𝑡 + 𝜀!" .

50
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Figure 2.1 An illustration of spline smoothing for a simulated feature under two conditions
with ten samples each, and along 10 time points. Each thin solid line represents the
feature’s profile for each sample. The thick solid red and blue lines represent the cubic
smoothing curve fitted separately for each condition under the alternative hypothesis. The
purple dash line represents the smoothing curve under the null hypothesis of combined
conditions.

For each feature a goodness of fit test statistic is computed for the null (one curve
fitting) and alterative (two curves fitting) hypotheses. Under the null model, one
smoothing function is fitted for the combined data across two conditions and the
sum of squared residuals SS0 is calculated. Then, under the alternative hypothesis,
two spline functions are fitted for the two conditions separately, and the sum of
squared residuals SS1 is computed correspondingly. A test statistic is constructed on
the sum of squared residuals to assess the differentially abundant features by
calculating an F-statistic, noted as: 𝐹 =(𝑆𝑆 ! − 𝑆𝑆 ! )/ 𝑆𝑆 ! .
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Instead of estimating the degrees of freedom the null distribution of the Fstatistic is calculated with a permutation based method (Ernst, 2004) where all
profiles (an individual’s whole profile) are randomly permuted via permuting their
condition status. The p-value for a feature is calculated by comparing the calculated
F-statistic on the original data to the empirical null distribution on the permutated
data. As there are multiple features (usually in hundreds, thousands or even more)
in a study, each feature’s p-value is adjusted with the Benjamini-Hochberg
procedure (1995) to control the false discovery rate (FDR).
2.2.2.2 Stage 2 – Time Interval Detection
For the features detected in the first stage the time interval(s) showing a difference
between the two conditions needs to be determined. Under the alternative
hypothesis two smoothing spline functions are fitted separately, therefore, we can
calculate the area under each curve within a unit time interval (i.e., the interval of
two adjacent points, see an illustration plot of Figure 6.1 in the supplementary file).
We then define the ratio of relative change between the two areas under the curves
for each unit interval as:
𝑟𝑎𝑡𝑖𝑜! =

|𝐴!,! − 𝐴!,! |
,
𝑚𝑎𝑥(𝐴!,! , 𝐴!,! )

where Au,k is the area under the curve within the uth unit interval [tu, tu+1] and
𝑢 = 1, 2, … , 𝑚 − 1, for the kth condition, k = 1, 2. Larger ratios indicate more
dissimilar curves/patterns for the two conditions, whereas ratios closer to zero
indicate more similar curves/patterns.
Similar to the permutation test in the previous stage, each permutation irritation
could fit a new curve to each condition. Thus, we also define the ratio for each
permutated dataset:
𝑟𝑎𝑡𝑖𝑜!!

|𝐴!!,! − 𝐴!!,! |
=
, 𝑏 = 1, … , 𝐵,
max (𝐴!!,! , 𝐴!!,! ),

where B is the total number of permutations.
Finally, for each unit time interval, the significance can be assessed by calculating
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the p-value: 𝑝! =

!
!!! I(𝑟𝑎𝑡𝑖𝑜!

< 𝑟𝑎𝑡𝑖𝑜!! )/𝐵. The final detected time interval is the

combined time periods with small p-value (e.g., p < 0.05) for each unit interval.
A series of simulated metagenomic studies were conducted to evaluate the
performance of the proposed method and to compare metaDprof with currently
available methods. One comparison method is metagenomeSeq found in a Rpackage, which implements a Smoothing-Spline ANOVA approach to model the
longitudinal metagenomic data across two biological/medical conditions. We also
include the method Next-maSigPro, as a representative method on analyzing timecourse RNA-Seq data.

2.3 Simulation Studies
2.3.1 Simulation Settings
Due to the over-disperse nature of metagenomic count data, the negative binomial
(NB) distribution is widely used in modeling gene expression sequencing data
(Anders & Huber, 2010; Robinson, 2010). Therefore, within each time point
metagenomic counts were generated using the negative binomial (NB) distribution,
given as:
𝑃 𝑋=𝑥 =

Γ 𝑥+𝛾
Γ 𝛾 Γ 𝑥+1

𝛾
𝛾+𝜇

!

𝜇
𝛾+𝜇

!

,

with expectation and variance: E(X)=µ and Var(X)=µ+ µ2/ 𝛾. The size parameter (𝛾)
in the NB distribution was modeled as a function of the means, meaning the count
data that have larger means also have higher dispersion and data with smaller
means have lower dispersion within each time point.
The abundance of some features in a microbial community may increase or
decrease or may have more complicated patterns over time due to certain
treatments. As a demonstration of microbial communities under treatment, this
research simulates two patterns of microbial growth, exponential and linear for
DAFs; in the control condition these DAF’s assumed to be static over time. The rest
of the features are assumed to have the same static patterns along time for both
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conditions. The abundance of each feature was assumed to follow a first-order
autoregressive (AR (1)) correlation along time, which is widely used in the
longitudinal data analysis to model correlation of time points. Two levels of
correlation (𝜌 = 0.6 and 𝜌 = 0.9) were considered in our simulation setting. Two
sample sizes, 5 and 10 individuals from each condition, were examined. Table 2.1
displays a summary of the simulation settings.
For each combination of parameter settings, we simulated 20 datasets; each
consisting of 1000 features over 10 time points; 100 features were assumed to have
differential abundance, noted as DAFs; the other 900 features were simulated to be
stable over time, noted as non-differentially abundant features (non-DAFs). To
evaluate the performance of our method at the global detection stage 100 DAFs
were simulated with differences along the whole time period, from t = 1 to t = 10.
For time interval detection these 100 features were generated with
abundances/values changing from the fourth time point, and then keeping a linear
growth pattern for the remainder of time points. A detailed description of the
simulation procedure can be found in the supporting information file, with examples
of simulated feature profiles. In this research, we did not include other covariates in
the model, but the algorithm can be easily generalized to more complicated
situations if desired.
Table 2.1 Summary of parameter settings for the simulation studies. Two growth patterns
were generated, linear and exponential, in order to mimic the growth of microbial species
for each simulation setting
Setting
5 samples per
condition
10 samples per
condition

Linear Growth

Exponential Growth

Moderately
Correlated

Highly
Correlated

Moderately
Correlated

Highly
Correlated

𝜌 = 0.6

ρ = 0.9

ρ = 0.6

𝜌 = 0.9

In addition, the count within each time point were also simulated under the ZeroInflated Generalized Passion (ZIGP) distribution in order to evaluate the model
performance when data have excess zero values or are over disperse. The
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simulation details are shown in the supplemental file.

2.3.2 Simulation Results
2.3.2.1 Results of Stage 1 - Global Detection
Normalized count data were used to compare the performance of metaDprof to
Next-maSigPro and metagenomeSeq. To normalize the raw data Trimmed Mean of
M-values (TMM) was used for metaDprof whereas Next-maSigPro. MetagenomeSeq
implements Cumulative Sum Scaling normalization by default in the R-package. The
performance metrics are Receiver Operating Characteristic (ROC) curves, false
positive rate (FPR) or type I error, and the number of true positives and false
positives. As we considered two growth patterns, only the comparison results for
linear growth pattern are shown here.
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Figure 2.2 Partial of mean Receiver Operator Curve (ROC) for various settings based on 20
replicated simulations with 1000 features (including 100 DAFs). The shades around the
lines are 95% confidence bands from replications and the p-values are adjusted by BH pro
procedure. (Note: the method Next-maSigPro is labeled as “maSigPro” in all plots).
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Figure 2.3 Type I error plots in various settings based on 20 replicated simulations with
1000 features (including 100 DAFs) after adjusting multiple comparisons. The dashed line
represents the cutoff of 0.05.
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Figure 2.4 Plots of number of true and false positives for various settings with 1000 features
and 20 replicated simulations. Each bar represents the total number of features that are
detected as statistically significant post BH adjustment and the short error bars represent
the standard deviation from 20 replications. Note: the true number of DAFs in the
simulation is 100.

Figure 2.2 displays the results of the ROC curves for various settings. It is obvious
that metaDprof greatly outperforms the other methods under all scenarios. The
performance of metagenomeSeq is affected by the correlation, particularly when the
sample size is small. The type I error plot for the cutoff of 0.05 on adjusted p-value is
shown in Figure 2.3. As the sample size increases, the performance increases for all
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methods (i.e., closer to the level of 0.05). However, metaDprof presents a well
controlled the type I error across different simulation settings while the other two
methods have substantially inflated type I error. Lastly, the plot of the number of
false positives and true positives is a more intuitive visual comparison of the results
(Figure 2.4). Even though the numbers of true positives are comparable for all
methods, the result from metaDprof contains the fewest false positives, indicating it
would be the most accurate method compared to the others. In other words, the
sensitivity of all methods is comparable but the new method has the highest
specificity.When data was generated under ZIGP model, metaDrop shows the best
performance for larger sample size (Figure 6.7 and 6.8 in the supplemental file). So
far, all analyses were based on normalized data. However, those results would be
affected by inappropriate normalizing time-course metagenomic data. Moreover,
different method implemented with different data normalization procedure. In
order to reduce the effect due to incorrect normalization, we also compared the
performance on raw data. We found out metaDprof still outperforms the other
methods and all methods get better performance compared with the results based
on normalized data. Those results can be also found in the supplemental file.
Among these compared methods Next-maSigPro needs least computational time.
The computational efficiency for metaDprof and metagenomeSeq relies on the
number of permutations which is implemented in both algorithms. However,
metaDprof is at least five times faster than metagenomeSeq.
2.3.2.2 Results of Stage 2 – Time Interval Detection
Stage 2 detects the time interval for the selected features in the first stage. To
compare the performance of different methods, the measurements are defined as
True Interval Detection (TID) rate = (

! !"!
!!! ! )/ℎ,
!

where h is the number of DAFs

assumed in a simulation, and for the ith DAF feature Ci represents its assumed time
interval on changing between conditions (top in Figure 5) and TCi represents the
correctly detected interval on changing (bottom in Figure 5); False Interval
Detection (FID) rate is defined as (

! !"!
!!! !" )/𝑞,
!

where q is the total number of
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features in the simulation and NCi represents the assumed interval for no change
(top line in Figure 5) and FCi denotes the detected interval that is actually no change
(bottom line in Figure 5). When NCi = 0, the feature is assumed change along the
entire time interval of study, then FCi/NCi is defined as 0, since of course, FCi = 0 for
this case.

Figure 2.5 Illustration of measurement for time interval detection. NC: the assumed time
interval when profiles of a feature didn’t show difference between the two conditions; C: the
assumed time changing interval; FC: falsely detected time changing interval; TC: correctly
detected time changing interval.

Since Next-maSigPro only outputs the significance for the detected features (i.e.,
no any time information is outputted) only two methods, metagenomeSeq and the
proposed method metaDprof, are compared for time interval detection (Figure 2.6).
The results show that the proposed method has similar performance with
metagenomeSeq in terms of true interval detection. However, for the false interval
detection rate, metaDprof outperforms metagenomeSeq. In conclusion, the
proposed method results in more accurate detection for time interval of changing,
i.e., higher specificity in revealing the change along time, even for a small sample
size of 5. The detection results for raw data can be found in the supplemental file
(Figure 6.8).
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Figure 2.6 Plot of time interval detection rate. TID: true interval detected; FID: false interval
detected. The plot shows the simulated result from 20 replicates each with 1000 features
(including 100 DAFs whose profile changed from the fourth time point).

2.4 Real Data Analysis on humanized gnotobiotic
Our proposed method was applied to a humanized gnotobiotic mouse gut study
(Turnbaugh et al., 2009). Twelve germ-free adult male C57BL/6J mice were evenly
split into two groups and fed a Low-Fat (plant polysaccharide-rich diet) and
Western diet (high-fat and high-sugar diet), respectively. During eight weeks, each
mouse’s fecal sample was gone through PCR amplification of the bacterial 16S rRNA
gene V2 weekly. The metagenomic count dataset was downloaded from
metagenomeSeq R package (Paulson et al., 2015).

Feature
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Veillonellaceae:60
Ruminococcaceae:635
Ruminococcaceae:272
Prevotellaceae:391
Prevotella:86
Lactobacillales:34
LachnospiraceaeIncertaeSedis:763
LachnospiraceaeIncertaeSedis:705
LachnospiraceaeIncertaeSedis:1009
Lachnospiraceae:4194
Lachnospiraceae:4104
Lachnospiraceae:4098
Lachnospiraceae:4021
Lachnospiraceae:3658
Lachnospiraceae:3622
Lachnospiraceae:3554
Lachnospiraceae:2914
Lachnospiraceae:2626
Lachnospiraceae:2423
Lachnospiraceae:1498
Eubacterium:32
ErysipelotrichaceaeIncertaeSedis:255
ErysipelotrichaceaeIncertaeSedis:232
ErysipelotrichaceaeIncertaeSedis:211
Enterococcus:43
Enterococcus:39
Enterococcus:162
Enterococcaceae:17
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Betaproteobacteria:13
Bacteroides:965
Bacteroides:887
Bacteroides:828
Bacteroides:770
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Bacteroides:1213
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Bacteroides:1153
Bacteroidales:93
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Alistipes:87
2
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Figure 2.7 Time interval detection results for the top 50 selected features. The segment for
each OTU indicates the start and end week that the abundance difference arises between
the two types of diet.

Among 910 operational taxonomical units (OTUs) 606 of them are detected to be
differentially abundant between Low-Fat Diet and Western Diet. We found that most
features belong to the genera of Bacteroides, Enterococcus, Prevotella, Lactococcus,
Eubacterium, and Coprobacillus. The Western Diet was found associated with high
abundance of Enterococcus and also with low abundance in the representation of
members of Bacteroidetes. This result was consistent with the finding by the original
paper. In 2012, Clarke found that when treated with Western diets, there is a
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significant increase in the relative abundance of the Bacilli (corresponding primarily
to the Enterococcus genus), also a significant decrease in the representation of
members of Bacteroidetes. We also found that the abundance of Coriobacteriaceae is
high in Western Diet. It has been proved that Coriobacteriaceae are involved in bile
acid metabolism, a biological function that is linked to gut barrier and metabolic
dysfunctions (Stenman et al., 2013)
In stage 2, metaDprof detected varying time intervals when the OTUs were
identified as DAFs. The time intervals for the top 50 most significant OTUs found in
the global detection stage are shown in Figure. 7. This result could provide further
information for researchers to better understand the changing dynamics or
changing community composition for the target OTU/disease over time.

2.5 Discussion
With the advent of next-generation sequencing technology there is a surge of timecourse metagenomics studies. Finding important features between contrasting
microbial communities can help diagnose, treat or even prevent diseases based on
the composition of microbiomes or illuminate microbial communities in any
differing/contrasting environment. Furthermore, time-course metagenomic data
allow us to identify changing trajectories of microbial communities, which reflects
the dynamic property of microbes. Compared to static metagenomic data, timecourse data contains more information about the communities, which can result in
more accurate and powerful detection of DAFs.
The comprehensive simulation studies show that Next-maSigPro has very large
inflated type I error in all simulation scenarios. Thus, the methods designed for
RNA-Seq data might not be suitable for metagenomic studies. Throughout the
simulation studies metaDprof has demonstrated great ability in detecting significant
DAFs and identifying important time-intervals especially with limited number of
samples. This new tool is built with a spline-based method that could account for
noisy time-course observations without over fitting the data. It takes advantage of
the dependence structure in time series data. The most attractive characteristic
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about the procedure is that it relies on sound statistical support in both detections.
Though we only show the results when the features in experimental condition have
growth patterns along time metaDprof has the ability in analyzing any type of
pattern, e.g., decreasing pattern, or more complicated pattern. Furthermore, the
simulation results for the data generated by ZIGP model also show that metaDprof
can handle count data with excess zero. Additionally, metaDprof is applicable for
comparing more than two conditions. For instance, when k = 3 the null and
alternative hypotheses in the first stage are kept same as k = 2, and so is the Fstatistic calculation; in Stage 2 the only modification is needed for the numerator of
ratio definition: the largest area between any pairwise curves. Because of
metaDprof’s ability to be generalized to many complicated scenarios and because of
its ability detect DAFs and their time change intervals we believe metaDprof is a
powerful tool for time course metagrnomic analysis.
When applied to mouse gut microbiome data the results from metaDprof are
consistent with previous biological conclusions that long-term diets, particularly
protein and animal fat versus carbohydrates, strongly associated with enterotypes,
(Wu et al., 2011). Furthermore, metaDprof replicated the results that
Coriobacteriaceae, that linked to gut barrier and metabolic dysfunctions, was also
associated with Western diet.
In this research, only the significance of each unit interval is assessed at the
second stage. Another option could be firstly finding a unit interval with the largest
difference between distinct conditions, then adding the neighbor unit and test the
significance of the new time period via the ratio definition. However, it could be
challenging to decide which neighbor from the two neighbors (left and right) should
be chosen first, as the order of choosing may affect the final result. Furthermore,
instead of using the absolute difference between two areas under the curves within
the unit interval, the changing trend (increasing or decreasing) of DAFs between the
two adjacent time points can also be identified by the sign of such area differences.
In conclusion metaDprof is applicable under a very wide range of scenarios, making
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it ideal for DAFs detection in time-course metagenomic analysis, and also it could be
directly applied to other types of genomic data, e.g., RNA-seq data analysis.
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Chapter 3. A distribution-free model for
longitudinal zero-inflated count data
3.1 Introduction
With the advancement of high ‐ throughput sequencing technologies, highly
improved analytical tools and rapid decreasing sequencing cost, numerous timecourse/longitudinal studies on microbiome have been conducted (Faust et al., 2015;
Daust et al., 2013; Knight et al., 2012, Portillo et al., 2012; Lauber et al. 2013). By
recording the temporal variation of microbial communities this type of research can
provide us increased insights about the stability of microbial communities and
relationship among microbes. Detecting differentially abundant microbial features
along with their precise time varying intervals plays a critical role in populationbased longitudinal studies, serving as potential biomarkers in biomedical research.
With these potential biomarkers, scientists may utilize such information to target
screening in order to better understand the biological dynamics and its association
with treatments/covariates.
In metagenomic studies the abundance of microbial taxa is characterized as
count. Due to under-sampling microbial samples there may exist excess zeros for
the low abundance species. Early analysis methods fail to consider the unique
characteristic of metagenomics data, which contains a large number of zero due to
the physical absence or under-sampling of the microbes (Coddington et al., 2009;
Unterseher M et al, 2011). Moreover, the observations across different sampling
points are correlated within each subject/patient. The independent correlation
assumption may suffer incorrect inferences.
Poisson distribution and Poisson based log-linear model are widely used for
modeling count data. The main property of those models is that the mean equals its
variance.

However,

overdispersion

exists

universally,

especially

for

the

metagenomic count data, that the variance of the count is much larger than its mean.
Thus, Poisson based models yield biased estimation for the parameters involved.
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The Negative binomial (NB) method is more appropriate for modeling count data,
since it allows overdispersion estimation (Anders and Huber, 2010; Robinson et al.,
2010). However, neither the Poisson nor the NB model can handle the situation of
excess zeroes in the data, which cause the extra variability. The zero-inflated
Poisson (ZIP) model and zero-inflated Negative Binomial (ZINB) model are quite
popular to model such zero-inflated count data, which assume the data are from a
mixture of a regular count distribution and a degenerate distribution at zero. Such
proportion of zeros is the mixing probability of the two-component mixture
distribution. However, ZIP could still yield biased estimates when the non-zero
count in the data is overdispersed. Compared with ZIP, ZINB that account for the
overdispersion in the count can provide more robust inference. However, ZINB also
yields biased estimates when overdispersion does not follow the negative binomial
(Zhang 2011), since it is still based on parametric model.
In the presence of overdispersion and excess zero in the data, generalized linear
mixed-effect model (GLMM) can be used to describe random effects to account for
correlated responses from repeated measurements over time. However, this
approach lack of robustness when real data depart from the assumed distribution
due to its parametric assumptions about random effect and response for inference.
As a popular semi-parametric alternative, estimation equations only rely on the
assumption of conditional mean response. For longitudinal studies, the generalized
estimating equations (GEE) is commonly used to address correlation among
repeated response. However, ZIP and ZINB are a mixture of two distributions,
simply modeling the mean response cannot identify the model parameter. Hall and
Zhang (2004) developed an approach for ZIP and binomial data by integrating
maximum likelihood with GEE to deal with correlated longitudinal responses.
However, it still employs parametric models for the marginal distribution of the
response and sensitive to deviation from the assumed marginal distribution. Dobbie
&Welsh (2001) developed a GEE approach for zero-inflated count data by modeling
the mixture of zeros and truncated Poisson but it does not distinguish the zero
mixture.
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In order to overcome such difficulties, Chen et al (2017) proposed a two-part
mixed-effect model (ZIBR) for longitudinal microbiome compositional data using a
logistic regression component to model presence/absence of a microbe in the
samples; then employed a Beta regression component with a random effect to
model non-zero microbial abundance to account for the correlations among the
repeated measurements on the same subject. However, this method is proposed for
compositional data and assumes a Beta distribution for the non-zero data. A
distribution-free functional response model (FRM) was proposed by Chen et al.
(2016) to model longitudinal zero-inflated count responses (this method is shorted
as ZIDF in the rest content) as a linear function of non-zero count response and a
identity function of the zero count response. They extended the GEE model
inference to general functions of FRM responses and focused on working
independence model.
The working correlation is often selected as independent (assume no correlation
across different observations/sampling points) or exchangeable (assume all pairs of
observations on the same subject have a common correlation) for convenience.
Even though, GEE estimation is consistent as the estimating equations are unbiased
and the estimators of the regression parameter remain consistent for incorrect
working structure. However, the exact form selected for working correlation
structure affect the efficiency. The efficiency of estimation will be increased when
the correct correlation form is specified, particularly when the correlation within
subjects is high. (Pardo and Alonso 2017; Hardin and Hilbe 2012; Diggle et al. 2002;
Zorn 2001). And misspecification of the working structure can lead to loss in
efficiency in estimation of the regression parameter (Wang and Garey 2003; Yang et
al. 2016). Moreover, GEE that using sandwich standard errors may suffer higher
Type I error rate for small longitudinal designs with count outcomes (Bell &
Grunwald, 2010).
Incorporating the working correlation structure into estimation can increase the
relative efficiency of the estimation. In this paper, we extend ZIDF to a longitudinal
setting by introducing the working correlation structure estimation. The proposed
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method, shorted as CorrZIDF, is flexible such that it can handle different types of
correlated structure, without specify the marginal distribution. In section 2, we
introduce the FRM for zero-inflated count responses and extend the model to
account correlation with the roposed approach. The application of the CorrZIDF is
demonstrated in Section 3.3 by simulation study and real data analysis in Section
3.4. Finally, conclusion and discussion are drawn in Section 3.5.

3.2 Methods
3.2.1 Overview of longitudinal ZIP and ZINB model
ZIP and ZINB allows for overdispersion assuming that there are two different types
of subjects in the data: (1) Those who have a zero count with a probability of 1
(True zero), and (2) those who have counts predicted by the standard Poisson/NB
(Structural zero). Observed zero could be from either group, and if the zero is from
the True zero group, it indicates that the observation is free from the probability of
having a positive outcome (Long 1997). The overall model is a mixture of the
probabilities from the two groups, which allows for both the overdispersion and
excess zeros that cannot be predicted by the standard Poisson/NB model.
For a longitudinal ZIP model, let 𝑌𝑖𝑗 denote the longitudinal count response for
subject 𝑖 = 1, … , 𝑁 at time 𝑗 where 𝑗 = 1, … , 𝑀. We assume for each subject the
number of observations remains the same. The distribution of 𝑌!" is:
0
𝑌~ Poisson 𝜇
𝑖𝑗

with probability 𝜌𝑖𝑗

with probability 1 − 𝜌𝑖𝑗

this is a degenerate distribution centered at 0 and a Poisson probability distribution
function with mean 𝜇𝑖𝑗 . Then the probability distribution function can be written as
𝑃 𝑌𝑖𝑗 = 0| 𝐱 !" = 𝜌𝑖𝑗 + 1 − 𝜌𝑖𝑗 𝑒 !!𝑖𝑗
!

𝑃 𝑌𝑖𝑗 = 𝑦𝑖𝑗 | 𝐱 !" = 1 − 𝜌!"

𝜇!"!" 𝑒 !!!"
𝑦!" !

, where 𝑦!" = 1,2, …
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where the Poisson probability at 0 is modified by 𝜌!" + 1 − 𝜌𝑖𝑗 𝑒 !!𝑖𝑗 to account for
structural zero.
In order to address over-dispersed count response within a group, Poisson
component

can

be

replaced

with

Negative

Binomial

distribution

with

parameters (𝜌𝑖𝑗 , 𝜇 , 𝜏) to form a ZINB model, where 𝜏 accounts the dispersion.
𝑖𝑗
Then for a ZINB model, let 𝑌!" denote the longitudinal count response for subject
𝑖 = 1, … , 𝑁 at time 𝑗 where 𝑗 = 1, … , 𝑀. The distribution of 𝑌!" is
0
𝑌~ NegativeBinomial 𝜇 , τ
𝑖𝑗

with probability 𝜌!"
with probability 1 − 𝜌!"

then the probability distribution function can be written as
𝑃 𝑌𝑖𝑗 = 0| 𝐱 !" = 𝜌!" + 1 − 𝜌𝑖𝑗
𝑃 𝑌!" = 𝑦𝑖𝑗 | 𝐱 !" = 1 − 𝜌𝑖𝑗

1 + 𝜏𝜇!"

1
𝛤 𝑦𝑖𝑗 +
𝜏

1
𝛤 𝑦!" + 1 𝛤 𝜏

!!/!

𝜏𝜇𝑖𝑗
1 + 𝜏𝜇!"

!!"
!

𝑦𝑖𝑗 !!

where 𝑦𝑖𝑗 = 1,2, …

3.2.2 Functional response models (FRM) for zero-inflated count
responses
Generally, for a cross-sectional study with 𝑁 subjects at a specific point in time, we
can write any zero inflated count models as:
𝑦! |𝐱 ! ~ Zero-inflated Dist. (𝜌! , 𝜇! )
where 𝜌! , the proportion of zero,

can be estimated through a logit link in a

regression model logit (𝜌! ) = 𝐮!! 𝛽! ; and 𝜇! , the mean response, can be estimated
through a log link in a regression model log (𝜇! ) = 𝐯!! 𝛽! , where 𝐮! and 𝐯! are two
subsets of covariates 𝐱 ! , and 𝛽 = 𝛽! , 𝛽! ! .This equation can be extended to any
zero inflated count model, e.g. ZIP and ZINB.
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Under cross-sectional setting, the conditional variance of the count response
under ZINB for the degenerate distribution centered at 0 is Var 𝑦! 𝐱 ! = 𝜇! 1 +
!!
!

, which is larger than the conditional mean, 𝐸 𝑦! 𝐱 ! = 𝜇! . For the Moment-based

model, the inference is valid regardless of whether 𝑦! given 𝐱 ! follows Poisson, NB or
any other distribution as long as log (𝜇! ) = exp (𝐱 !! 𝛽) is a correct model for the
conditional mean (Kowalski J and Tu XM, 2007; Liang LY et al. 1992). Unfortunately,
simply modeling the mean parameter part of ZIP or ZINB is not able to estimate 𝛽!
and 𝛽! , since the mean alone is not sufficient to identify those parameters.
Tang (2015) proposed a nonparametric FRM approach to model the count
responses through two functions, 𝑓!! = I 𝑦! = 0 and 𝑓!! = 𝑦! (where 𝑦! > 0), to
describe the model parameters. This method has been proved to be robustness for
a broader class of dispersion for cross-sectional data, such as overdispersion under
ZIP, ZINB or normal random effect. Under this approach, the expected value of 𝑦!
can be decomposed as:
E (𝑦! ) = E(𝑓!! , 𝑓!! )! = (ℎ!! , ℎ!! )! , where
ℎ!! = logit

!!

𝐮!! 𝛽!

exp − exp 𝐯!! 𝛽!
+
1 + exp 𝐮!! 𝛽!

, ℎ!!

exp 𝐯!! 𝛽!
=
1 + exp 𝐮!! 𝛽!

Such distribution free regression models are defined as the functional response
models (FRM).
Under the longitudinal setting with 𝑀 observations/sampling points, we may use
a parametric modeling approach to model 𝑦!" as a function of 𝐱 !" . One way is to
incorporate random effects with the generalized linear mixed-effect models (GLMM)
to account correlation from repeated sampling. However, the parametric model
suffers from the interpretational and computational issues when the observed data
depart from the assumed the distribution. Generalized estimating equations (GEE)
as a popular distribution-free alternative with inference based on the GEE specified
the conditional mean of 𝑦!" given 𝐱 !" .
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For traditional longitudinal data, that do not involve a zero-inflation issue, GEE
provides a robust estimation for addressing over-dispersed count responses.
However, for zero inflated longitudinal models that assume a two-part mixture (i.e.,
zero and non-zero parts), GEE cannot work well as it does not provide sufficient
information for all parameters in a mixture model setting, since only modeling the
mean response provides insufficient information to identify both parameter vector
𝜷! and 𝜷! .
Chen et al. (2016) proposed ZIDF to extend the FRM model to the longitudinal
setting by considering a longitudinal responses across 𝑀 sampling/time points, then
let 𝑦!" , 𝐱 !" , 𝐮!" and 𝐯!" denote the respective variables at time j (1≤ 𝑗 ≤ 𝑀), the FRM
can be noted as:
𝐟!" = (𝑓!!" , 𝑓!!" )! , 𝐡!" = (ℎ!!" , ℎ!!" )! , 𝑓!!" = I 𝑦!" = 0 , 𝑓!!" = 𝑦!"
ℎ!!" = 𝜌!" + 1 − 𝜌!" exp(−𝜇!" ) = logit

ℎ!!" = 1 − 𝜌!" 𝜇!! =

!!

𝐮!!" 𝜷!

+

exp(−exp(𝐯!"! 𝜷! ))
1 + exp(𝐮!!" 𝜷! )

exp 𝐯!"! 𝜷!
1 + exp 𝐮!!" 𝜷!

Var 𝑓!!" = ℎ!!" 1 − ℎ!!" ,
Var 𝑓!!" = 𝜇!" 1 + 𝜌!" 𝜇!" 1 − 𝜇!" , where 1 ≤ 𝑖 ≤ 𝑁, 1 ≤ 𝑗 ≤ 𝑀.
The inference for this model will be discussed in the next section.

3.2.3 Model Inference
Let 𝜷 = 𝜷!! , 𝜷!!

!

! !
!
and 𝐟! = 𝐟!!
, 𝐟!! , … , 𝐟!"

!

, 𝐡! = 𝐡!!! , 𝐡!!! , … , 𝐡!!"

!

, and define the

!

following function as 𝐷! = !𝜷 𝐡! , 𝑆! = 𝐟! − 𝐡! . 𝜷 can be estimated by solving the
following set of GEE mechanism:
!

𝐔! 𝜷 =

!

𝐷! 𝑉!!! 𝑆! = 0.

𝐔!" 𝜷 =
!!!

!!!

𝑉! , a matrix function of 𝐱 !" , reflects the correlation between the 𝐟!" over time, where
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𝑉! =

!
𝐴!! 𝑅

𝛂

!
𝐴!! , 𝐴!

= diag ! 𝐴!" , 𝐴!" = Var 𝐟!" 𝐱 !" .

𝑅 𝛂 is the working correlation matrix parameterized by 𝛂 among the
components of 𝐟! . By substituting an estimate 𝛂 in place of 𝛂, it can be solved for 𝜷.
If 𝛂 is n- consistent, the GEE estimate 𝜷 obtained by solving above is consistent
and asymptotically normal with
𝑛(𝜷 − 𝜷) →! 𝑁 0, 𝛴𝜷 , 𝛴𝜷 = 𝐵!! 𝐸 𝐷! 𝑉!!! 𝑆! 𝑆!! 𝑉!!! 𝐷!! 𝐵!! , where 𝐵
= 𝐸 𝐷! 𝑉!!! 𝐷!!
→! means distribution is converged (Kowalski J and Tu XM, 2007). Σ𝜷 is
consistently estimated by substituting moment estimates with the following
respective parameters:
𝛴𝜷 = 𝐵!!

1
𝑁

!

𝐷! 𝑉!!! 𝑆! 𝑆!! 𝑉!!! 𝐷!!
!!!

1
𝐵!! , where 𝐵 =
𝑁

!

𝐷! 𝑉!!! 𝐷!!
!!!

The simplest choice for 𝑅 𝛂 is working independence model that 𝑅 𝛂 = 𝐈!! .
However, the GEE estimation may not be consistent when the data has time-varying
covariates that follow some working correlation structures. Moreover, such simple
working independence model may incur loss of efficiency in parameter estimation.
The First-order linear autoregressive (AR (1)) is a common correlation structure
for longitudinal data, where the correlation between two adjacent time points is a
constant. For a longitudinal design that consists of N subjects, for subject (𝑖 =
1,2, . . . , 𝑁), there are 𝑀 observations (assume the number of observations for each
subject remains the same) and 𝑌!" denotes the 𝑗 !" response and 𝑋!" denote a vector
of covariates. The moment correlation between two observations can be noted as:
Corr 𝑌!" , 𝑌!,!!! = 𝛼 ! , ℎ = 0,1,2, … , 𝑀 − 𝑗
The sample matrix is written as:
1
𝛼
⋮

𝛼 !!!

𝛼 ⋯
1 ⋯
⋮ ⋱
… 𝛼

𝛼 !!!
⋮
𝛼
1
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where 𝛼 =

!

!
!!!

!!!

!!!!! 𝑒!" 𝑒!,!!! ,

where 𝐾 =

!
!!!

𝑀−2 ,

residuals 𝑒!" can be estimated as (𝑌!" − 𝐸(𝑌!" |𝑋!" ))/ Var(𝑌!" |𝑋!" )

and

Pearson

(here we only

include intercept and treatment effect for 𝑋).
Consider the AR (1) correlation structure for the zero-inflated data as following.
In this paper, for each subject CorrZIDF is proposed to estimate the correlation 𝛼
using the modified bivariate Pearson residuals as:
I!
𝛼J!
⋮

𝑅 𝛼 =

𝛼 !!! J!
I! =

⋯
⋯
⋱
𝛼J!

𝛼 !!! J!
⋮
𝛼J!
I!

1 0
1 1
, J! =
,0 < 𝛼 < 1
0 1
1 1

𝐟!" − 𝐡!" 𝛽

𝒆!!" 𝒆!" =

𝛼J!
I!
⋮
…

!

𝐟!" − 𝐡!" 𝛽

Var 𝐟!"

, where 𝒆!" = 𝑒!!" , 𝑒!!"

!

.

then 𝛼 can be estimated as:
1
𝛼=
𝐾−2

!

𝑒!!" 𝑒!!,!!! + 𝑒!!" 𝑒!!,!!! , where 𝐾 = 𝑁 𝑀 − 2 .

!
!!! !!!!!

CorrZIDF is also implemented with exchangeable correlation structure
estimation, which assumes all pairs of observations on the same subject share a
common correlation. For the zero-inflated data, the correlation structure can be
written as:

𝑅 𝛼 =

I!
𝛼J!
⋮
𝛼J!

𝛼J!
I!
⋮
…

⋯
⋯
⋱
𝛼J!

𝛼J!
⋮
𝛼J!
I!

then we proposed the following estimation as
𝛼=

!
!!! !

!
!!!

!!!

𝑒!!" 𝑒!!,! + 𝑒!!" 𝑒!!,! , where 𝐾 = 𝑁𝑀 𝑀 − 2 .
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Here we focus on testing the effect from the none-zero part. The significance for
the none-zero parameter 𝛽! for each feature was assessed using the Wald test. Each
feature’s p-value is adjusted with the Benjamini-Hochberg (BH) procedure (1995)
to control the false discovery rate (FDR).

3.3 Simulation Studies
A series of simulated metagenomic studies were conducted to evaluate the
performance of CorrZIDF, and to compare it with ZIDF and ZIBR by using the Copula
method.
3.3.1 Introduction of Copula
Copula is a joint cumulative distribution function of a multiple dimensional vector.
For example, for a random vector U with d –dimensions, a copula 𝐶 is defined as
𝐶 𝑢! , … , 𝑢! = Pr 𝑈! < 𝑢! , … , 𝑈! < 𝑢! .
Given the fact that, by its probability integral transformation, any continuous
random variable can be transformed to be uniformly distributed over the interval
(0, 1); copulas can be used to provide a multivariate dependence structure
separately from the marginal distribution (Sklar 1959, Nelsen, 2007). For any
random variables 𝑋! , 𝑋! , … , 𝑋! with joint cumulative distribution function (CDF),
𝐹 𝑥! , … , 𝑥! = Pr 𝑋! < 𝑥! , … , 𝑋! < 𝑥! (here 𝑋, 𝑖 and 𝑑 are general notations ) and
marginal CDFs 𝐹! 𝑥 = Pr(𝑋! < 𝑥), 𝑖 = 1, … , 𝑑, there exits a coupla such that:
𝐹 𝑥! , … , 𝑥! = 𝐶{𝐹! 𝑥! , … , 𝐹! 𝑥! }
By the Sklar’s theorem, an elliptical copula is the copula corresponding to an
elliptical distribution. Let F be the multivariate CDF of an elliptical distribution, 𝐹!
be CDF of the ith margin and 𝐹!!! be its inverse function, i = 1, . . ., d. The elliptical
copula determined by F is
𝐶 𝑢! , … , 𝑢! = 𝐹 𝐹!!! 𝑢! , … , 𝐹!!! 𝑢!
the density function of a copula 𝐶 can be expressed as:
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𝐶 𝑢! , … , 𝑢!

𝑓 𝐹!!! 𝑢! , … , 𝐹!!! 𝑢!
=
!
!!
𝑢!
!!! 𝑓! 𝐹!

where 𝑓 is the joint PDF of the elliptical distribution, and 𝑓! , . . ., 𝑓! are marginal
density functions.
Copula package in R is used to name the marginal distribution of each vector and
set the correlation among the vectors. Actual elliptical copula classes implemented
in the package are normalCopula for normal copula, tCopula for t-copula, specified
by multivariate normal and multivariate t distribution, respectively. Both copulas
have a dispersion matrix, inherited from the elliptical distributions. Since copulas
are invariant to monotonic transformation of the margins, the standardized
dispersion matrix, or correlation matrix, determines the dependence structure.
Commonly used overdispersion structures are implemented: AR (1), exchangeable,
Toeplitz, and unstructured.

3.3.2 Simulation Settings
The data were simulated under ZIP and ZINB distributions, where the zero
percentage was modeled to be negatively correlated to the means. That is the zeropercentage decreases with the mean count value increases. For ZINB, the size
parameter that control dispersion was modeled as a function of the means. That is
the count data that have larger means also have larger dispersion and data with
smaller means have smaller dispersion within each sampling point.
Two groups/conditions of data were simulated. One as treatment and one as
control. For treatment group, we simulated a linear increasing changing pattern of
microbial growth for differential abundant features; for the control group the
features were assumed to be static or stable over time. The rest of the features are
assumed to have the same patterns along time for both conditions. Two levels of AR
(1)/exchangeable correlation (𝜌 = 0.6 and 𝜌 = 0.9) were examined to evaluate the
model performance under different correlation structure level. In addition, the
counts within each time point were also generated to mimic an exponential growth
pattern for microbes. The performances under low correlation (𝜌 = 0.3) were also
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compared. The simulation details and results are shown in the supplemental file.
For each combination of parameter settings (i.e., groups of microbes with a
certain correlation structure and a certain correlation level, under a certain
microbial growth pattern, and at a certain sample size), we simulated 50 datasets;
each consisting of 1000 features over 10 sampling/time points; 200 features were
assumed to have differential abundance, noted as differentially abundant features;
the rest 800 features were simulated to be stable over time, noted as nondifferentially abundant features. Two levels of sample size were also compared. The
details of simulation setting are shown in Table 3.1. The data were simulated using
the Copula method.
Table 3.1 Summary of parameter settings for the simulation studies. Two correlation
structures, AR (1) and exchangeable, and two margin distribution, ZIP and ZINB, were
generated.
Setting
25 subjects per
condition follow
ZIP/ZINB
50 subjects per
condition follow
ZIP/ZINB

AR (1)

Exchangeable

Moderately
Correlated

Highly
Correlated

Moderately
Correlated

Highly
Correlated

𝜌 = 0.6

ρ = 0.9

ρ = 0.6

𝜌 = 0.9

3.3.3 Simulation Results
Raw count data were used to compare the performance of CorrZIDF method to ZIDF
and ZIBR. The performance metrics are Receiver Operating Characteristic (ROC)
curves, false positive rate (FPR) or type I error, true positive rate (TPR) or power,
and feature selection bar plot. Figures 3.1-3.4 display the results when each
marginal follows ZINB distribution and shows an AR (1) correlation structure across
different sampling point. The results show that CorrZIDF greatly outperforms the
other methods under all scenarios in terms of different comparison. The type I error
plot for the cutoff of 0.05 on adjusted p-value is shown in Figure 1. The power plot is
shown in Figure 2, ROC plot in Figure 3 and feature selection plot as Figure 4. The
performance of ZIDF is with higher power but substantially inflated type I error
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rate. ZIBR well controlled the type I error but with little power to detect the
changing feature, which imply that method is too conservative. Compared with
them, CorrZIDF presents both a well controlled the type I error and consistently
higher power across different simulation settings. As other comparisons criteria, the
ROC plot shows comparable performance between ZIDF and CorrZIDF and they
both highly outperform ZIBR. Even though the numbers of true positives are
comparable for ZIDF and CorrZIDF, CorrZIDF contains the fewer false positives. On
contrast, ZIBR shows barely false positives detect the lowest number of true
positives.

49

rho=0.6

rho=0.9
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Figure 3.1 Type I error plots in various settings based on 50 replicated simulations with
1000 features (including 200 DAFs) after adjusting multiple comparisons. The dashed line
represents the cutoff of 0.05. Each margin follows ZINB. Assume AR (1) correlation
structure across different sampling points.
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Figure 3.2 Power plots in various settings based on 50 replicated simulations with 1000
features (including 200 DAFs) after adjusting multiple comparisons. The p-values are
adjusted by BH procedure. Each margin follows ZINB. Assume AR (1) correlation structure
across different sampling points.
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False Positive Rate (FPR)
Figure 3.3 Partial of mean Receiver Operator Curve (ROC) for various settings based on 50
replicated simulations with 1000 features (including 200 DAFs). The p-values are adjusted
by BH procedure. Each margin follows ZINB. Assume AR (1) correlation structure across
different sampling points.
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Figure 3.4 Plots of number of true and false positives for various settings with 1000 features
and 50 replicated simulations. Each bar represents the total number of features that are
detected as statistically significant post BH adjustment and the short error bars represent
the standard deviation from 50 replications. Note: the true number of DAFs in the
simulation is 200. Each margin follows ZINB. Assume AR (1) correlation structure across
different sampling points.

The results when each margin follows ZIP distribution and shows an AR (1)
correlation structure across different sample are shown in Figures S2-S5. Similarly,
CorrZIDF greatly outperforms the other methods under all scenarios in terms of
different comparison. The type I error rate for ZIDF method is substantially inflated
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while ZIBR in the contrast shows lowest power compared with each method. All
methods show comparable performance as correlation increased. Thus, CorrZIDF
presents a consistently well controlled the type I error and highest power across
different simulation settings. Under this setting, CorrZIDF shows higher power
when compared with ZIDF. When correlation is stronger, both ZIDF and CorrZIDF
show better performance in terms of lowering the type I error as the changing
pattern is more consistent as the sampling points are more correlated. However, as
sample size increased, ZIDF will detect more false signal that results in a higher
inflated type I error. On contrast, ZIBR shows lower type I error as sample size
increase, however, its power remains quite low due to its conservative.
Figures S6-S13 show the results when each marginal follows ZIP/ZINB
distribution and shows an exchangeable correlation structure across different
sampling point.

(Figures are shown in supplementary file). These results are

consistent with the simulation results under AR (1) assumption, that CorrZIDF
shows well controlled type I error and consistently high power to detect significance
features across different correlation levels and different sample size. It outperforms
ZIDF and ZIBR in terms of all TPR, FPR, ROC and feature selection plot.
We have also discussed the situation when some features follow an exponential
increasing pattern, since some microbiota shows exponential growth at certain
stage (Korem et al., 2015). Under this pattern, both CorrZIDF and ZIDF consistently
show high power in detecting such significance features, whereas, ZIBR shows
power to differentiate such features (Figure S1). When correlation across different
sampling points is low, CorrZIDF well controlled type I under either ZIP or ZINB
across different sample size under different correlation structure compared with
other methods. We also compared the methods performance with our previous
proposed method, metaDprof, a spline-based method to detect differentially
abundant features based on permutation test. Based on the simulation results,
metaDprof well controlled type I error and shows comparable power and overall
ROC performance with CorrZIDF; the computational time for metaDprof is
substantially longer than other methods.
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To complete testing each method on a simulation dataset with 1000 features
across 10 sampling points with 25 samples, CorrZIDF took 10 min with 2 cpus, ZIDF
took 3 min with 2 cpus, ZIBR used 2 and half hours for 2 cpus, metaDprof needs 2
hour and 10 min for 168 cpus. These simulation results are shown in supplemental
files.

3.4 Real Data Analysis
Our proposed method was applied to a subset from a case-control study of 40
pregnant women, 11 of who delivered preterm (DiGiulio et al., 2015). From 40 of
these women, bacterial taxonomic composition of 3,767 specimens collected
prospectively and weekly during gestation and monthly after delivery from the
vagina, distal gut, saliva, and tooth/ gum. We analyzed 10 women who had
consecutive 10 weeks measurement from vagina before delivery, and 5 of them
delivered preterm for a balanced design. We found 99 vaginal OTUs were showing
significant differentiate result. Table 3.2 shows the top selected OTUs that associate
with preterm by applying different correlation structure estimation.
Table 3.2 Vaginal OTUs shows significant change in relative abundance before delivery
Taxon
Prevotella

GreenGenes ID P-value (AR1) * P-value (Exchangeable) *
760967
0.027
0.094
1077373
0.009
0.008
1066814
<0.001
<0.001
Anaerococcus
362308
0.003
0.003
1097113
0.313
<0.01
Porphyromonas
495017
<0.001
<0.001
Lactobacillus jensenii
31171
0.027
0.027
Campylobacter
253584
<0.001
<0.001
Ureaplasma
15806
<0.001
<0.001
Mobiluncus
104135
<0.001
<0.001
Actinomyces
12564
0.053
0.052
Note: *p-values were adjusted by BH method to control false discovery rate.

The original findings suggested that high abundance of Gardnerella and a high
abundance of Ureaplasma combined with low abundance of Lactobacillus associate
with preterm birth. Petricevic (2014) also observed an association between the
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vaginal presence of a single vaginal Lactobacillus species. Based on our results, we
find significance abundance of Prevotella and Lactobacillus. Prevotella bivia is one of
the anaerobic bacteria found in the resident flora of the female genital tract. It was
detected by Mikamo (1998) with aerobic bacteria, related to the alteration of
vaginal microbial flora during the menstrual cycle. Gravett’s completed a study in
2017, he found out African American women tended to have fewer Lactobacillus.
Instead, women who had an abundance of the Prevotella species and other
anaerobic bacteria, tended to experience more preterm births (“Vaginal microbiome
may influence preterm birth risk”, 2019). Fettweis (2019) also made similar
conclusion that the higher level of Prevotella with lower vaginal levels
of Lactobacillus crispatus that associated with preterm from a longitudinal analysis
in the cohort of women with African ancestry.
Tulikangas (2007) stated that pregnant women with Bacterial vaginosis (BV)
including Gardnerella, Prevotella, Mycoplasma, Mobiluncus, Peptostreptococcus and
other

nonculturable

bacteria,

increase

the

risk

of

preterm

labor and

preterm premature rupture of membranes. Compared with conclusion in the paper,
we also detect significant change of Mobiluncus. Foxman (2013) characterized BV by
a reduction of Lactobacillus/lactic acid–producing bacteria and the presence
of Mobiluncus in a high-risk cohort; both factors were associated with risk of
preterm birth, where Mobiluncus that strongly modified by racial/ethnic group had
a marginally significant association with preterm birth.
As a different finding, the effects of three specific bacteria (Mobiluncus
mulieris, Gardnerella vaginalis and Lactobacillus) on cervical cells were examined
recently.

Researchers

found

that

Mobiluncus

mulieri

and

Gardnerella

vaginalis associated with preterm birth and causing changes in the expression of
genes (Holst et al. 1994). However, such effect was not observed from Lactobacillus.

3.5 Discussion
With the advent of high-throughput sequencing and analytical tools, longitudinal
studies provide increased insights about the stability of microbial communities and
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relationship among microbes. Most of the existing methods either using a
parametric method by including a random effect to account for the correlations
among the repeated measurements on the same subject, or nonparametric model
without specify the correlation structure. However, modeling the count data
through inappropriate statistical distribution or ignore the correlation across time
would incur incorrect estimation.
We extended ZIDF, the nonparametric model by accounting the correlation
among the repeated measurement. ZIDF utilized a nonparametric zero-inflated
count model where do not need assumption about each margin under a longitudinal
setting. However, the method assumes independent correlation across different
sample over time. Even though their method has higher power to detect significant
feature, it shows larger Type I error. In the contrast where ZIDF is too optimistic,
ZIBR is too conservative. ZIBR shows well-controlled Type I error across different
scenario, however, it shows the lowest power in detecting significant feature. ZIBR
is proposed to analyze compositional data, which may explain its loss in power
when we convert the count data to compositional data in order to apply this
method. In addition, it assumes that the compositional data follow a Beta
distribution, which may not be true. Therefore, our proposed method, CorrZIDF,
extending ZIDF, shows a robust superior performance under various scenarios (i.e.,
different margin distributions, and even different correlation structures). This
project focused on testing the effect on non-zero count from the mixture, the
method can also provide parameter estimation on zero count part, especially when
researcher interested in estimating biomarker’s effect for Always zero group.
Currently, there is no standard selection criteria for zero-inflated longitudinal
data to select the best working correlation structure. When apply the quasilikelihood under the independence model criterion (QIC) (Pan, 2001) to the zeroinflated longitudinal data, we have found out that when data were simulated under
AR (1) correlation, for features that shown significant changing, there are more than
80% probability that AR (1) model have a smaller QIC; however, for features that
are stable over time, there are less than 25% probability that AR (1) model have a
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smaller QIC. When data were simulated under exchangeable correlation structure,
there are less than 20% probability that exchangeable model have a smaller QIC for
significant features, but with more than 95% probability that exchangeable model
have a smaller QIC for stable features. Due to the fact that QIC used to select the
proper mean model or the working correlation structure, such criteria is not
applicable for the mixture data. As future work, an appropriate selection criterion
for longitudinal zero-inflated data is needed to select the best working correlation
structure.
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Chapter 4. A review of Statistical Methods for
Time-Course Microbiome Studies
4.1 Introduction and background
High-throughput sequencing technology has been widely used to study the dynamic
of microbiome communities. Especially for human microbiome, various methods
have been applied to kinds of disease conditions, such as obesity, diabetes and
cancer.
However, approaches that focusing on examining microbial differences at a single
time point could not capture the dynamic nature of the microbiome data. With
improvements in DNA sequencing technologies and rapid reduction in costs, there is
an increased desire to conduct time-course studies which record the temporal
variation of microbial communities (Faust et al., 2015; Knight et al., 2012). With the
advent of high-throughput sequencing and analytical tools, these longitudinal
studies provide increased insights about the stability of microbial communities and
relationship among microbial.
White et al. (2013) used longitudinal study to identify longitudinal gut microbiota
patterns. They found out the expected growth were associated with developmental
pathways of Staphylococcus species and Escherichia coli. David et al. (2014) also
discovered that the animal-based diet increased the abundance of bile-tolerant
microorganisms and decreased the levels of Firmicutes that metabolize dietary plant
polysaccharides. Therefore, to understand and further predict the relationship
between microbiome and treatment can significantly help us to prevent and even
treat disease. Given the huge amount of sequencing data, plenty of statistical
methods are developed or applied during the past five years (Table 1). The goal of
this paper is to briefly introduce most recently development statistical methods,
from association test to net-work analysis, in order to give researchers or
statistician a broader view to analyze time course/longitudinal microbial data.
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Table 4.1 Statistical analysis and visualization methods for time-course microbiome sequencing data
Association test
and variable
selection

Differential
analysis and timeinterval detection

Interaction and
prediction

Net-work analysis

Tools and web
platform

Method
ZIBR

Reference
Chen & Li, 2017

Data
microbiome compositional data

Model
Zero-inflated beta regression

NBMMs

Zhang, 2017

clustered microbiome count data

NMIT

Zhang, 2017

repeatedly measured microbiome data

MIMIX

Grantham, 2017

KPR

Randolph, 2018

ZILN

Li, 2018

cross-taxa correlated microbiome data; OTU
abundance data.
microbiome compositional data; relative
abundance
repeatedly measured microbiome data

Negative binomial mixed model;
iterative weighted least squares
Two-step multivariate distance-based
test; permutation MANOVA
Bayesian mixed-effects model

LassoGLM

Tipton, 2018

16S rRNA gene survey

MTV-LMM

Shenhav, 2018

Linear mixed model

MetaSplines

Paulson, 2013

longitudinal abundance OTU data (using 16S
rRNA gene sequencing)
16S ribosomal RNA markergene survey data

MetaDprof

Luo, 2017

microbiome count data

Smoothing spline; permutation test

metaLonDA

Metwally, 2018

microbiome count data

Begative binomial; SS-ANOVA

SplinectomeR

Shields-Cutler, 2018

OTU tables and associated metadata

Loess spline

MDSINE

Bucci, 2016

16S rRNA gene sequencing count

Bayesian method

MITRE

Bogart, 2018

16S rRNA gene sequencing count

ARIMA models

Multiple gene expression short time series

Gaussian processes

TGP-CODA

Topa and Honkela,
2015
Aijo, 2018

16S rRNA sequencing count

Gaussian processes; bayes factor

DBN

McGeachie, 2016

16S rRNA gene sequencing reads

Bayesian networks

MPLasso

Lo, 2016

Lotka-Volterra; automated text-mining

TIME

Baksi, 2018

Web-gLV

Kuntal, 2019

scientific literature;
metagenomics time series data
microbiome time-series data; microbial
abundance table with metadata information
Time series microbial abundance data

Kernel-penalized regression; distancebased analysis
Multivariate distance-based test;
MANOVA
GLMM; Lasso

SS-ANOVA

Comprehensive visualization and
analysis framework
Generalized Lotka–Volterra
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4.2 Statistical Methods
4.2.1 Association Test
In order to test the association between microbial abundance and clinical
covariates, several methods listed below have been proposed.
Chen (2017) proposed a two-part mixed-effect models for longitudinal
microbiome compositional data. Based on the highly skewed and sparse property of
compositional data due to normalize read counts to the relative abundances, the
method first uses a logistic regression component to model presence/absence of a
microbe in the samples; then employed a Beta regression component with a random
effect to model non-zero microbial abundance to account for the correlations among
the repeated measurements on the same subject as the second part. However, this
method only focuses on single microbial temporal pattern.
Previous methods tend to ignore special within-subject correlation structures by
assuming the independent within-subject errors in the linear mixed model.
However, samples within the same subject are usually correlated for longitudinal
data.
Zhang et al. (2017) proposed a negative binomial mixed models (NBMMs) to
analyze clustered microbiome data. Recently they extend this method with IWLS
(iterative weighted least squares) algorithm for analyzing longitudinal microbiome
count data that include various types of fixed effects and random effects. This
method also incorporates with various correlation structures for repeated
measurements. They have proved that the method is outperformed linear mixed
models (LMMs) consistently through simulation studies. Thus, this method can not
only model data with over-dispersion and varying total reads, can also detect the
dynamic trend and correlation for longitudinal studies.
Zhang (2017) propose a two-step multivariate distance-based test, Nonparametric Microbial Interdependence Test (NMIT), to evaluate the association
between key phenotypic variables and microbial interdependence utilizing the
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repeatedly measured microbiome data. First Step, for each subject, a pair-wise
correlation analysis is performed to capture the individual microbial dependencies
with taxa over time; second step, a distance-based method, permutation MANOVA
(McArdle & Anderson, 2001; Tang et al. 2016) method is used to evaluate the
differential correlation structure between groups.
MIMIX (MIcrobiome MIXed model), a novel Bayesian mixed-effects model
proposed by Grantham (2017) to explore cross-taxa correlations within the
microbiome. This method assumes the multinomial parameter follows multivariate
logistic normal distributions, to account overdispersion and to capture dependence
patterns among microbial taxa.
Randolph (2018) developed a kernel-penalized regression (KPR) on UniFrac
distances that provides a framework to estimate taxonspecific associations with a
phenotype by incorporating a variety of extrinsic information, such as phylogeny.
A multivariate two-part zero-inflated logistic-normal model (ZILN) was proposed
by Li (2018) for analyzing microbiome relative abundance data. This method can
handle excessive zeros in a two-parts (discrete and logistic-normal) compositional
data structure to analyze risk factors that associated with microbial taxa
individually and overall in the microbial community. The inter-taxa correlation
structure was addressed by an estimating equations approach.
Several methods are proposed for feature selection on a single time point, which
including Sparse method (Clemmensen et al., 2011, Jun Chen and Hongzhe Li 2013)
and Bayesian methods (Lee, et al. 2017)
As for longitudinal studies, there is a need to combine time-course modelling
with multivariate approaches. By introducing a correlation-based screening step
with the lasso penalized generalized linear mixed model (LassoGLM), Tipton et al.
(2018) present a two-stage approach to examine the relationships between the
microbiota and continuous clinical variables related to health and inflammation.
LassoGLMM is used to select the large number of species found in the microbiome
due to the common property of microbiome studies, that the number of variables
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magnitude larger than the number of variables. Then adding a pre-screening step
can reduce the number of variables evaluated in the model. This method is proposed
to determine which microbes are associated with repeated measures.
Recently, another method proposed by Shenhav et al. (2018), MTV-LMM, a linear
mixed model implemented with autoregressive-based feature selection to retain
time dependent taxa in order to understand the microbial trajectory over time.

4.2.2 Time-interval Detection
Identify time intervals across multiple biological conditions/phenotypes of
differentially abundant microbial feature rises more biology meaning rather than at
specific time points. Scientist can utilize that specific time interclass as biomarker
based on such differentially abundant features and precise time varying intervals to
stablish targeted timely screening or intervein promptly with treatment, such as
antibiotics or probiotics.
One popular approach for analyzing the longitudinal microbiome data is by using
the

smoothing

spline

regression

(Gu,

2013; Wahba et

al.,

1995; Wang,

2011). Currently, several spline modelling-based methods has been proposed to
detect time intervals of differentially abundant microbial feature.
MetaSplines, as the first method specifically developed for testing differentially
expressed intervals of markergene survey data. First, cumulative sum scaling
normalization method designed for marker gene surveys (Paulson, Stine, Bravo, &
Pop, 2013) is incorporated; second, in order to allow incorporation of experimental
confounders, it uses, SS-ANOVA, semi-parametric modeling to adapt large
observational studies or studies with complex experimental designs; third, this
method can discover time intervals of differential abundance across multiple
phenotypes of interest; statistical inferences over discovered time intervals of
differential abundance can be identified based on a permutation-based approach.
Another spline-based statistical approach, MetaDprof, is proposed to detect
metagenomic features differentially abundant between varying biological/medical
conditions by fitting smoothing curves respectively that allows varying error for
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different conditions. For each detected feature, it also can detect which time interval
the feature shows different patterns between conditions. However, the method
assumes equivalent number of samples and same sampling time points for a
balanced biological design, that makes it hard to fulfill in microbiome longitudinal
studies.
MetaLonDA as the most recently proposed method with two modeling
components implemented: it models the mapped read counts for each feature using
the NB distribution; for overall longitudinal profiles that potentially affected by
different conditions or associated with different phenotypes using the semiparametric SS-ANOVA process. Compared with MetaDprof, this method can be used
to for unbalanced design that includes the uneven number of subjects and sampling
time points.
SplinectomeR is a direct hypothesis testing of categorical variables for group
differences in longitudinal data. It uses loess splines to smooth longitudinal data
where weighted local polynomial is implemented to model data when any classical
model or shape may not be observed (Cleveland, 1979; Cleveland and Devlin, 1988).
Three permutation-based tests can be performed by this method: 1, an overall
significant test over the longitudinal time course to detect the difference between
two groups’ summary splines; 2, when significant differences exist, the significance
test between two groups at each interval; 3. a significant test on non-zero overall
trend.

4.2.3 Interaction and prediction
MDSINE, is an efficient approach to inferr dynamical systems for microbiome timeseries data. Bucci (2016) proposed a suite of Bayesian algorithm (includes Bayesian
Adaptive Penalized Counts Splines, Bayesian linear modeling techniques, Bayesian
Adaptive Lasso (BAL) or Bayesian Variable Selection (BVS)) for inferring microbial
dynamical systems and predicting temporal behaviors to estimates microbial
growth trajectories and their changes over time.
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For predicting host status for microbiome time-series data, Bogart et al. (2018)
proposed the first machine learning method specifically designed for predicting host
status from microbiome time-series data, Microbiome Interpretable Temporal Rule
Engine (MITRE). ARIMA models are commonly used in the analysis of time-series
data (Ives et al., 2003). Ridenhour (2017) used an ARIMA model fit with elastic-net
regularization with Poisson errors as predictive models to estimate microbiome
dynamic. Shafiei M. et al. (2015) proposed a supervised hierarchical mixedmembership model to track groups of taxa over time to infer the microbial
community structure.
For non-parametric probabilistic model, Gaussian processes (GPs) are widely
applied for continuous data (Rasmussen and Williams, 2006). There are several
models based on GP. Topa (2015) proposed an effective GP modelling of multiple
short time series. By taking the temporal correlation between nearby time points
into consideration, Äijö (2018) proposed a temporal gaussian process model for
compositional data analysis (TGP-CODA) approach to model overdispersion and
sampling zeros using GP to infer community trajectories. Topa developed an R
package, GPrank, for detecting dynamic elements from genome-wide time series, by
modelling each time series by two GPs models (time-dependent and timeindependent GP) and using Bayes factor (BF) to compare the two models.

4.2.4 Net-Work Analysis
A number of microbial association network inference methods are available to
estimate the microbial co-occurrence relationships in the human microbiome.
McGeachie (2016) proposed a Dynamic Bayesian Network (DBN) to infer the
succession of bacterial colonization in the infant gut as a computational pipeline.
They have shown that the predictive performance that infer biological relationships
within the microbiome, as well as between taxa and biological/clinical conditions
were improved by Bayesian networks.
The Lotka–Volterra equations, also known as the predator–prey equations, are a
pair of first-order nonlinear differential equations, frequently used to describe
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the dynamics of biological systems in which two sfpecies interact. Generalized
Lotka-Volterra (gLV) model has been subsequently successfully adopted to analyze
microbiome time-series data. Such dynamical systems are implemented with
several methods. Lo (2017) proposed a novel frame work, MPLasso, to incorporate
biological prior knowledge into its LASSO approach, by performing automated textmining of PubMed abstracts to improve performance that integrates with
automated text mining from scientific literature to obtain microbial co-occurrences
and associations. They also attend that method to infer microbial interactions from
metagenomics time series study.

4.2.5 Tools and Platform
For the analysis of either cross sectional microbiome data or microarray time series
data, several tools and platforms have been developed which are not applicable to
time series microbiome data.
TIME’ (Temporal Insights into Microbial Ecology), a web-based framework for
visualization and analysis of time series microbiome data can be used to understand
the temporal dynamics of microbial communities. The workflow includes: Identify
abundance-based variations in taxonomic groups over time; Compare temporal
trends between selected taxa; Identify temporally stable/unstable taxa; Identify
variations in taxonomic groups between two time ranges; Cluster groups of taxa
that share the similar temporal behavior, et al.
Web-gLV, a GUI based interactive platform for gLV based modeling and
simulation of microbial populations. Researchers can use this tool to predict future
trajectories using numerical simulations.
MDPbiome system implemented with Markov Decision Process (MDP) to model
the undergoing perturbations of longitudinal metagenomics samples. This method
can estimate different microbiome states (i.e. state IV-A in the vaginal microbiome
analysis) and also provide prediction about state changing that affected by
interventions.)
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4.3 Summary of current methods
Here we have summarized some latest statistical methods/tools for microbiome
time-course/longitudinal data. The temporal microbiome data studies growth
exponential along with the decreasing sequencing cost and importance to
understand the microbial community change over time. As a summary, we could see
that during the past two years, network analysis and prediction methods play more
important roles compared with traditional association and differential analyses. In
addition, integration analysis, e.g. gut microbiota and host interaction will play
major role in the future to better understand the complex biological systems.
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Chapter 5. Conclusion and future work
Time-course metagenomic study has been wildly studied in the recent decade to
provide valuable insight for understand the microbial dynamic. In this dissertation, I
first review most recently proposed statistical and computational methods for
different research purposes, from association test to network analysis. Then, I
present two statistical methods, which are designed to describe different
metagenomic data properties and provide powerful approach to address different
statistical purpose. MetaDprof, which built with a spline-based method assuming
heterogeneous error, is proposed to meet with the challenges of detecting
differentially abundant features from metagenomic samples by comparing different
biological/medical conditions across time. It contains two stages: 1) global detection
on features and 2) time interval detection for significant features. Not only can it
accurately detect features relating to the sample biological condition or disease
status, but it also can accurately detect information about the start and end time
points when the differences arise. CorrZIDF is proposed as a distribution free
approach to model the correlated zero-inflated metagenomic count data to offer
powerful and accurate solution for detecting significance features. This method can
handle different working correlation structure without specify each margin
distribution of the count data.
Currently, metaDprof is recommended for balanced design, which means
equivalent number of subjects per phenotypic group, the same number of samples
from each subject, and the same elapsed time between adjacent time points.
However, these conditions are rarely fulfilled in human microbiome longitudinal
studies. As future work, we will extend metaDprof to address missing data issue to
meet unbalanced design. Through simulation studies for CorrZIDF, we have shown
the importance to select an appropriate working correlation structure for timecourse/repeated measures study to enhance the efficiency of estimation. Even
though we only focus on non-zero count in this dissertation, CorrZIDF can make
inference on zero part as well depends on the specific statistical/biological interest.
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Moreover, define a new criterion, especially for zero-inflated metagenomic count
data, for selecting a working correlation structure prior to choose one during model
inference will be more powerful to estimate the model parameter.
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Appendix A – Chapter 2 Supplemental documents
A.1. Illustration for time interval detection in Stage 2

Figure 6.1 An illustration of one simulated feature across two conditions with ten samples
each, and across ten time points. The red and blue thick solid curves represent the cubic
smoothing curve fitted separately for each condition; 𝐴!,! is the area under the blue curve
(for condition 1) in the unit time interval (here is between t=6 and t=7), similarly, 𝐴!,! is the
area under the red curve for condition 2.

A.2. Simulation Settings
Data were generated through the R package ‘corcounts.’ The parameters for each
simulation setting are shown in Table 1.
A.2.1 Simulation Models
At each time point, we generated counts using a negative binomial distribution
given by,
𝑃 𝑋 = 𝑥|µ, 𝛾 =

𝛤 𝑥+𝛾
𝛤 𝛾 𝛤 𝑥+1

𝛾
𝛾+𝜇

!

𝜇
𝛾+𝜇

!

,
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with various means (µ) and size parameters (𝛾).
We also implemented the zero-inflated generalized Poisson (ZIGP) distribution, in
order to model the zero-inflated over-disperse case. The probability density
function of the (ZIGP) is given by
P 𝑋 = 𝑥|µ, 𝜑, 𝜔
=𝐼 𝑥 =0 𝜔+ 1−𝜔 𝑒

!

!
!

+𝐼 𝑥 >0

1−𝜔

! !! !!! ! !!!
!!

𝜑 !! 𝑒

!

!
!

!! !!! !

,

where E(X)= (1 − 𝜔)𝜇 and Var(X) = 𝐸(𝑋)(𝜑 ! + 𝜇𝜔) . It reduces to a Poisson
distribution when 𝜑 = 1 and 𝜔 = 0, to a Generalized Poisson distribution when 𝜔 = 0
and to a zero-inflated Poisson when 𝜑 = 1.
A.2.2 Time Point Correlation Method
For the time-course data we assume that data follows a first-order autoregressive
(AR (1)) correlation. The data with a moderate correlation of 𝜌 = 0.6 and a high
correlation of 𝜌 = 0.9 are examined.
A.2.3 Simulated Growth Patterns
At stage 1, in order to mimic the microbial growth, the mean of the count data was
generated through two different patterns, linear and exponential growth. For the
ZIGP situation, 20% of data were assumed zero counts (i.e., 𝝎 = 0.2 in the above
ZIGP model). We assume that the count data with larger mean have larger
dispersion. Thus, the dispersion parameter (𝝋) or size parameter (𝝍) is modeled as
a function of mean.
Table 6.1 Simulation setting for stage 1. 𝐿𝑛.: linear pattern; 𝐸𝑥𝑝.: exponential pattern. X0
was set as 10. 𝝁: mean for each margnins. 𝝋: dispersion parameter for the ZIGP margins. 𝝍:
size parameter for the NB margins. t: the time (here t = 1, 2, …, 10).
𝝁
DAF

NDAF/control

𝝍

Ln.

10t

Exp.

X0(1+1.5t)
N(10,1)

𝝋

40/ 𝜇

𝜇 /2.5

40/ 𝜇

𝜇 /2.5

At stage 2, we generated 1000 features (including 100 DAFs) across 10 time points
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for two conditions. For DAFs, we assumed that the profile for each feature was static
along the first four time points and after the fourth time point the mean of the count
data was generated through a linear growth pattern. The fourth time point can be
viewed as a change point. The parameters were the same as stage 1 under NB
model. Figure 6.2 shows one simulated feature.

Figure 6.2. One simulated DAF feature in the simulation study of stage 2. The red profiles
represent the abundances of this feature along time in ten samples under the condition 1.
Note, the change starts at the fourth time point.

A.3. Results for Simulation Studies
A.3.1 Normalized data in exponential growth pattern
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B) Type I error
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C) True and false positives
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Figure 6.3. Panel plots of global detection results for normalized data in exponential
growth pattern. There are 1000 features (including 100 DAFs) for all scenarios and each
scenario is replicated 20 times. From left to right: A) Partial of mean Receiver Operating
Characteristic (ROC) curve with 95% confidence bands from 20 replications where the pvalues were adjusted by BH procedure; B) Type I error plots after adjusting multiple
comparisons, where the dashed line represents the cutoff of 0.05; C) Mean true and false
positives plots, where each bar represents the total number of features that are detected as
statistically significant with adjusted p-value < 0.05.

A.3.2 Raw Data (before normalization) in linear and exponential growth pattern
A) Partial ROC curves
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B) Type I error
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C) True and false positives
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Figure 6.4. Panel plots of global detection results for raw data in linear growth pattern.
There are 1000 features (including 100 DAFs) for all scenarios and each scenario is
replicated 20 times. From left to right: A) Partial of mean Receiver Operating Characteristic
(ROC) curve with 95% confidence bands from 20 replications where the p-values were
adjusted by BH procedure; B) Type I error plots after adjusting multiple comparisons,
where the dashed line represents the cutoff of 0.05; C) Mean true and false positives plots,
where each bar represents the total number of features that are detected as statistically
significant with adjusted p-value < 0.05.
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A) Partial ROC curves
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B) Type I error
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C) True and false positives
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Figure 6.5. Panel plots of global detection results for raw data in exponential growth
pattern. There are 1000 features (including 100 DAFs) for all scenarios and each scenario is
replicated 20 times. From left to right: A) Partial of mean Receiver Operating Characteristic
(ROC) curve with 95% confidence bands from 20 replications where the p-values were
adjusted by BH procedure; B) Type I error plots after adjusting multiple comparisons,
where the dashed line represents the cutoff of 0.05; C) Mean true and false positives plots,
where each bar represents the total number of features that are detected as statistically
significant with adjusted p-value < 0.05.

81
A.3.3 Simulation results for sample size 25
A) Partial ROC curves
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C) True and false positives
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Figure 6.6. Plots of global detection results for normalized data in linear growth pattern
with AR (1) correlation of 0.6 and sample size 25 per group There are 100 features
(including 10 DAFs) for all scenarios and each scenario is replicated 20 times. From left to
right: A) Partial of mean Receiver Operating Characteristic (ROC) curve with 95%
confidence bands from 20 replications where the p-values were adjusted by BH procedure;
B) Type I error plots after adjusting multiple comparisons, where the dashed line
represents the cutoff of 0.05; C) Mean true and false positives plots, where each bar
represents the total number of features that are detected as statistically significant with
adjusted p-value < 0.05.

84
A.3.4 Simulation results under ZIGP setting
A) Partial ROC curves
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B) Type I error
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C) True and false positives
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Figure 6.7. Panel plots of global detection results for raw data under ZIGP model. There are
100 features (including 10 DAFs) for all scenarios and each scenario is replicated 20 times.
From left to right: A) Partial of mean Receiver Operating Characteristic (ROC) curve with
95% confidence bands from 20 replications where the p-values were adjusted by BH
procedure; B) Type I error plots after adjusting multiple comparisons, where the dashed
line represents the cutoff of 0.05; C) Mean true and false positives plots, where each bar
represents the total number of features that are detected as statistically significant with
adjusted p-value < 0.05.
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A) Partial ROC curves
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B) Type I error
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C) True and false positives
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Figure 6.8. Panel plots of global detection results for normalized data under ZIGP model.
There are 100 features (including 10 DAFs) for all scenarios and each scenario is replicated
20 times. From left to right: A) Partial of mean Receiver Operating Characteristic (ROC)
curve with 95% confidence bands from 20 replications where the p-values were adjusted
by BH procedure; B) Type I error plots after adjusting multiple comparisons, where the
dashed line represents the cutoff of 0.05; C) Mean true and false positives plots, where each
bar represents the total number of features that are detected as statistically significant with
adjusted p-value < 0.05.
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A.3.4 Time interval detection for simulated raw data
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Figure 6.9. Plot of time interval detection rate for raw data on defined criteria. TID: true
interval detected; FID: false interval detected. The plot shows the simulated result from 20
replicates each with 1000 features (including 100 DAFs whose profile changed from the
fourth time point).
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A.3.5 Time interval detection for simulated normalized data after adjusting by
multiple time intervals
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Figure 6.10. Plot of time interval detection rate for normalized data on defined criteria,
with n=5 and rho=0.6, after adjusting by multiple time intervals. TID: true interval detected;
FID: false interval detected. The plot shows the simulated result from 20 replicates each
with 1000 features (including 100 DAFs whose profile changed from the fourth time point).
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Appendix B – Chapter 3 Supplemental documents
B.1 Simulation results for differential abundant features under exponential
growth pattern.
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Figure 7.1 Power plots for exponential growth pattern in various settings based on 25
replicated simulations with 200 differential abundant features after adjusting multiple
comparisons. X0 was set as 10. For the following time points, 𝜇 =X0(1+2t). The zero
proportion for both ZIP and ZINB, dispersion parameter for ZINB were modeled as a
function of the mean. Sample size is 25 for each setting. AR (1) correlation structure across
different time points.
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B2. Simulation under exchangeable correlation structure. Figures 7.2-7.5
shown results when each margin follows ZIP.
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Figure 7.2 Type I error plots in various settings based on 50 replicated simulations with
1000 features (including 200 DAFs) after adjusting multiple comparisons. The dashed line
represents the cutoff of 0.05. Each margin follows ZIP. Assume AR (1) correlation structure
across different sampling points.
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Figure 7.3. Power plots in various settings based on 50 replicated simulations with 1000
features (including 200 DAFs) after adjusting multiple comparisons. The p-values are
adjusted by BH procedure. Each margin follows ZIP. Assume AR (1) correlation structure
across different sampling points.
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Figure 7.4. Partial of mean Receiver Operator Curve (ROC) for various settings based on 50
replicated simulations with 1000 features (including 200 DAFs). The p-values are adjusted
by BH procedure. Each margin follows ZIP. Assume AR (1) correlation structure across
different sampling points.
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Figure 7.5 Plots of number of true and false positives for various settings with 1000 features
and 50 replicated simulations. Each bar represents the total number of features that are
detected as statistically significant post BH adjustment and the short error bars represent
the standard deviation from 50 replications. Note: the true number of DAFs in the
simulation is 200. Each margin follows ZIP. Assume AR (1) correlation structure across
different sampling points.

B3. Simulation under exchangeable correlation structure. Figures 7.6-7.9
shown results when each margin follows ZIP. Figure 7.10-7.13 shown results
when each margin follows ZIP.
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Figure 7.6 Type I error plots in various settings based on 50 replicated simulations with
1000 features (including 200 DAFs) after adjusting multiple comparisons. The dashed line
represents the cutoff of 0.05. The p-values are adjusted by BH procedure. Each margin
follows ZIP. Assume exchangeable correlation structure across different sampling points.
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Figure 7.7 Power plots in various settings based on 50 replicated simulations with 1000
features (including 200 DAFs) after adjusting multiple comparisons. The p-values are
adjusted by BH procedure. Each margin follows ZIP. Assume exchangeable correlation
structure across different sampling points.
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Figure 7.8 Partial of mean Receiver Operator Curve (ROC) for various settings based on 50
replicated simulations with 1000 features (including 200 DAFs). The p-values are adjusted
by BH procedure. Each margin follows ZIP. Assume exchangeable correlation structure
across different sampling points.
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Figure 7.9 Plots of number of true and false positives for various settings with 1000 features
and 50 replicated simulations. Each bar represents the total number of features that are
detected as statistically significant post BH adjustment and the short error bars represent
the standard deviation from 50 replications. Note: the true number of DAFs in the
simulation is 200. Each margin follows ZIP. Assume exchangeable correlation structure
across different sampling points.
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Figure 7.10 Type I error plots in various settings based on 50 replicated simulations with
1000 features (including 200 DAFs) after adjusting multiple comparisons. The dashed line
represents the cutoff of 0.05. The p-values are adjusted by BH procedure. Each margin
follows ZINB. Assume exchangeable correlation structure across different sampling points.
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Figure 7.11 Power plots in various settings based on 50 replicated simulations with 1000
features (including 200 DAFs) after adjusting multiple comparisons. The p-values are
adjusted by BH procedure. Each margin follows ZINB. Assume exchangeable correlation
structure across different sampling points.
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Figure 7.12 Partial of mean Receiver Operator Curve (ROC) for various settings based on 50
replicated simulations with 1000 features (including 200 DAFs). The p-values are adjusted
by BH procedure. Each margin follows ZINB. Assume exchangeable correlation structure
across different sampling points.
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Figure 7.13 Plots of number of true and false positives for various settings with 1000
features and 50 replicated simulations. Each bar represents the total number of features
that are detected as statistically significant post BH adjustment and the short error bars
represent the standard deviation from 50 replications. Note: the true number of DAFs in the
simulation is 200. Each margin follows ZINB. Assume exchangeable correlation structure
across different sampling points.

B.4 Simulation results when correlation across different time points was 0.3.
Figures 7.14-7.17 shown results under AR (1) correlation structure. Figure
7.18-7.21 shown results under exchangeable correlation structure.
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Figure 7.14. Type I error plots in various settings based on 50 replicated simulations with
1000 features (including 200 DAFs) after adjusting multiple comparisons. The dashed line
represents the cutoff of 0.05. Assume AR (1) correlation structure 𝝆=0.3 across different
sampling points.
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Figure 7.15. Power plots in various settings based on 50 replicated simulations with 1000
features (including 200 DAFs) after adjusting multiple comparisons. Assume AR (1)
correlation structure 𝝆=0.3 across different sampling points.
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Figure 7.16. Partial of mean Receiver Operator Curve (ROC) for various settings based on 50
replicated simulations with 1000 features (including 200 DAFs). The p-values are adjusted
by BH procedure. Assume AR (1) correlation structure 𝝆=0.3 across different sampling
points.
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Figure 7.17 Plots of number of true and false positives for various settings with 1000
features and 50 replicated simulations. Each bar represents the total number of features
that are detected as statistically significant post BH adjustment and the short error bars
represent the standard deviation from 50 replications. Note: the true number of DAFs in the
simulation is 200. Assume AR (1) correlation structure 𝝆=0.3 across different sampling
points.
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Figure 7.18. Type I error plots in various settings based on 50 replicated simulations with
1000 features (including 200 DAFs) after adjusting multiple comparisons. The dashed line
represents the cutoff of 0.05. Assume exchangeable correlation structure 𝝆=0.3 across
different sampling points.

110

ZINB

ZIP

1.00

n=25

0.50

0.25

0.00
1.00

0.75

n=50

Power after multiple comparison adjustment

0.75

0.50

0.25

0.00

F
CorrZID

ZIDF

ZIBR

F

CorrZID

ZIDF

ZIBR

Figure 7.19. Power plots in various settings based on 50 replicated simulations with 1000
features (including 200 DAFs) after adjusting multiple comparisons. Assume exchangeable
correlation structure 𝝆=0.3 across different sampling points.
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Figure 7.20. Partial of mean Receiver Operator Curve (ROC) for various settings based on 50
replicated simulations with 1000 features (including 200 DAFs). The p-values are adjusted
by BH procedure. Assume exchangeable correlation structure 𝝆=0.3 across different
sampling points
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Figure 7.21 Plots of number of true and false positives for various settings with 1000
features and 50 replicated simulations. Each bar represents the total number of features
that are detected as statistically significant post BH adjustment and the short error bars
represent the standard deviation from 50 replications. Note: the true number of DAFs in the
simulation is 200. Assume exchangeable correlation structure 𝝆=0.3 across different
sampling points.
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B5. Simulation results compared with metaDprof when each margin follows
ZIP distribution and the AR (1) correlation across different sampling points

Type I error after multiple comparison adjustment

was 0.6 when sample size was 25.
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Figure 7.22. Type I error plots for four methods comparison based on 10 replicated
simulations with 1000 features (including 200 DAFs) after adjusting multiple comparisons.
Assume AR (1) correlation structure 𝝆=0.6 across different sampling points. The p-values
are adjusted by BH procedure.
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Figure 7.23. Power plots for four methods comparison based on 10 replicated simulations
with 1000 features (including 200 DAFs) after adjusting multiple comparisons. Assume AR
(1) correlation structure 𝝆=0.6 across different sampling points. The p-values are adjusted
by BH procedure.
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Figure 7.24. ROC plots based for four methods comparison on 10 replicated simulations
with 1000 features (including 200 DAFs) after adjusting multiple comparisons. Assume AR
(1) correlation structure 𝝆=0.6 across different sampling points. The p-values are adjusted
by BH procedure.
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Figure 7.25 Plots of number of true and false positives for various settings with 1000
features and 10 replicated simulations. Each bar represents the total number of features
that are detected as statistically significant post BH adjustment and the short error bars
represent the standard deviation from 10 replications. Note: the true number of DAFs in the
simulation is 200. Assume AR (1) correlation structure 𝝆=0.6 across different sampling
points. The p-values are adjusted by BH procedure.
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