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ABSTRACT:

Longitudinal studies of microbial communities have emphasized that host-associated microbiota
are highly dynamic as well as underscoring the potential biomedical relevance of understanding
35

these dynamics. Despite this increasing appreciation, statistical challenges in the design and
analysis of longitudinal microbiome studies such as sequence counting, technical variation,
signal aliasing, contamination, sparsity, missing data, and algorithmic scalability remain. In this
review we discuss these challenges and highlight current progress in the field. Where possible,
we try to provide guidelines for best practices as well as discuss how to tailor design and

40

analysis to the hypothesis and ecosystem under study. Overall, this review is intended to serve
as an introduction to longitudinal microbiome studies for both statisticians new to the
microbiome field as well as biologists with little prior experience with longitudinal study design
and analysis.
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Introduction
There is an increasing recognition that host-associated microbiota are a contributor to
many aspects of human physiology and health and may ultimately play important roles in the
50

diagnosis, treatment, and prevention of human disease (1–3). Beyond human health, the study
of microbial community composition using high-throughput DNA sequencing have found use in
a variety of fields including ecology, agriculture, and industrial engineering. The most common
method for characterizing these communities is based on sequencing the 16S ribosomal RNA
gene in bacteria which while ubiquitous in bacteria is also diverse enough to act as a molecular

55

fingerprint distinguishing microbial taxa. The resultant data used for modeling and analyses of
microbial community is a count table where each count reflects the relative abundance of a
given taxa in a given sample. Considerable effort now focuses on best practices for designing
microbial community surveys and methods for the analysis of such sequence count data.
An increasing appreciation of the temporal variability of host-associated microbial

60

communities and the potential biomedical relevance of these dynamics has led to new statistical
challenges (1, 4–8). For example, in Caporaso et al. (4), the authors study the natural variability
of human microbiomes over the course of two years. Understanding such intrinsic temporal
variability within microbial communities also requires statistical methods of partitioning observed
temporal variation into technical and biological components (9–11). In contrast, in Yassur et al.

65

(12), the authors focus on the temporal effects of antibiotics on infants gut microbiome in the
first three years of life. Modeling such external factors requires dynamic models capable of
including external covariates and potentially lagged or non-linear effects on the microbiota (13,
14). Alternatively, large longitudinal studies have been collected with the purpose of guiding
diagnosis of inflammatory bowel disease and type 2 diabetes as well as prediction of preterm
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birth (15). Building such diagnostic tools will will require predictive models that can either
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forecast current or future community regimes based on the community composition at earlier
time points are requires (10, 16).
The statistical considerations of longitudinal microbiome studies that could ultimately
affect the biological findings, goes beyond data modeling and encompases study design, data
75

preprosessing, and model evaluation. The data generation process underlying the profiling of
microbial communities, using high-throughput sequencing (e.g., sample processing and
measurement), has implications for the design and analysis of the resulting data. We therefore
begin this review of statistical considerations of longitudinal microbiome data with a thorough
discussion of the measurement process underlying sequence counting (Section 1). Proper
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experimental design can be vital to the ultimate success of a study. As longitudinal studies
impose an added layer of complexity beyond cross-sectional designs, we discuss the design of
longitudinal microbiome studies in Section 2. Finally, we discuss the modeling of longitudinal
microbiome data in Section 3. As data preprocessing and model evaluation are also crucial
components in the analysis of longitudinal data, we discuss these steps as well as part of data

85

modeling in Section 3. We highlight that our discussions regarding the data generation process
and experimental design are largely novel with minimal consideration in previous reviews. This
review is aimed towards applied statisticians unfamiliar with microbiome data and
experimentalists with a minimal background in the analysis of longitudinal data.

90

Sample Processing and Measurement
The majority of longitudinal microbiome studies to date have made use of highthroughput sequencing, where the relative abundance of different bacterial taxa is inferred
based on the amount of distinct DNA reads. Yet, due to a wide variety of technical factors, such
measurements of microbiota can differ substantially from the underlying true community
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structure (17). These discrepancies, which are not limited to longitudinal measurements, can be
attributed to the sample processing – a sequential procedure, where in each step DNA is
randomly selected, processed, and then included in the subsequent step. The randomness of
this data generation process introduces uncertainty into microbiome measurements in the
following way. First, this process results in a competition to be counted, or in other words more

100

of one taxa results in less of another for purely technical reasons (Figure 2). Without knowledge
of the total microbial load in the original ecosystem, this competition to be counted limits us to
inferences regarding the relative abundance of taxa in that ecosystem (Figure 3). The second
issue is that, while the read count data contains only relative information, the random sampling
process also introduces uncertainty in estimates of these relative measurements that must be

105

considered in analyses (18). Given the randomness in the data generation process described
above, we suggest directly modeling the uncertainty in the counts using a model that also
considers this competition to be counted. The multinomial distribution is the prototypical
example of such a model. In particular, the multinomial distribution addresses count uncertainty
rather than directly transforming counts to relative abundances and also models the competition

110

to be counted rather than treating the counts of each taxa as independent. Additionally, the
multinomial distribution may also better model the excess zero values often found in microbiome
datasets that can be due to increase in the abundance of one taxa causing other taxa to fall
below the detection limit of sequencing.
Notably, while the multinomial distribution can account for the uncertainty stemming from

115

random sampling, it alone is not sufficient to model other sources of technical variation in the
observed data. Specifically, studies have found that numerous steps including DNA extraction,
PCR amplification, DNA sequencing, sample collection and even sample storage can impact
measured microbial composition (17, 19–24). To capture these forms of technical variation, and
to model other biological sources of variation, we recommend models that also account for

120

these other sources of variability either through extensions of the count distribution, such as the

bioRxiv preprint doi: https://doi.org/10.1101/448332; this version posted October 20, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Generalized Multinomial-Dirichlet, or as we describe below by modeling variation in the
parameters of the count distribution.
While our discussion to this point has focused on approaches to accurately model
microbial relative abundance from sequence count data, recent methods have proposed
125

approaches that aim to produce measurements based on microbial absolute abundances using
external measurements (25–27). Two methods in particular, qPCR and Flow cytometry have
gained increasing popularity for this purpose (25). Yet, accurately recovering the absolute
abundance of taxa in an ecosystem requires direct measurement of total microbial load which is
often not possible in vivo. Instead, available methods provide an estimation of the microbial load

130

at some later sample processing step that does not necessarily reflect the ecosystem total but
rather the microbial concentration in the stool. Nonetheless, use of such external measurements
to augment relative abundances inferred from sequence count data should still consider
modeling count uncertainty and competition to be counted as well as measurement error
present in the extraneous total information.

135

Experimental Design
Experimental design can be key to the success of any study. Notably, longitudinal
studies require additional parameters be chosen beyond those required for standard crosssectional designs. In particular, the parameters involved in the design of longitudinal microbiome
140

studies include the number of individual time-series to study (e.g., the number of individuals
studied) !, the number of time-points in each time-series, "# (for $ = 1, ⋯ , !), the number of
taxa ), and the number of measured covariates * (e.g., diet, sex, antibiotics, or batch number).
The design of longitudinal studies must also consider the spacing (either equal or variable)
between time-points within each time-series and the synchronization or lack thereof of samples
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between individuals. Additional measurements in the form of technical replicates or positive and
negative controls may also be required to adequately partition biological signal from technical
noise. As a final complication, the design must be motivated and account for subtleties of the
ecosystem under study and the research goals. However, ultimately the general principle
underlying all experimental design is the need to differentiate biological variation (i.e., signal)

150

from technical variation (i.e., noise). For this purpose, we recommend thinking about the
interplay between technical variation,

biological variation, and the temporal distribution of

sample collection.
As sampling effort of biological systems are often limited both by cost and by biological
limitations (e.g., the rate at which an organism defecates), care is needed to appropriately
155

distribute sampling effort. The primary goal when portioning sampling effort is to ensure that
sampling frequency is adequate to capture the biological variation of interest (7, 28). One way to
address resource limitations is to concentrate sampling effort around highly variable timeperiods such as right before and after an experimental intervention or using prior knowledge on
the ecosystem’s dynamics. Yet, modeling such irregularly spaced studies can be challenging,

160

requiring special modeling techniques such as state space models or imputation methods. A
guiding principle when designing irregularly spaced studies is to aim to achieve equal amounts
of variation between consecutive time-points (29). Additionally, if it is known that the biological
variation of interest is periodic and no aliasing is occurring then autocorrelation can be a useful
tool for determining sampling rate and sampling spacing. In this situation, one should consider

165

sampling at twice the frequency of the signal (30).
Given that sampling effort is portioned appropriately to capture the biological variation of
interest, the impact of technical variation must be considered. In particular, it can be helpful to
consider two forms of technical variation, random errors and systematic biases (31). Random
errors, such as pipetting errors, are those sources of variation that cause biologically identical

170

samples processed in parallel (i.e., technical replicates) to differ. Systematic biases, such as a
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consistent underrepresentation of Actinobacteria in measured data (32), are those sources of
variation that cause technical replicates to differ from the truth but remain nearly identical to
each other. If the relationship between technical and biological variation is unknown or technical
variation is known to be at least comparable to biological variation, special care is needed to
175

account for technical variation.
For random errors, the two standard solutions are to either collect ample technical
replicates or to sample more frequently. While the former always works the later can encounter
similar biological or cost limitations on sampling frequency and will also require an assumption
that longitudinal trajectories varying smoothly and slowly compared to the sampling frequency.

180

For example, Silverman et al. (9) quantified and control for random errors (and not systematic
biases) in an in vitro system by using ample technical replicates which allowed the
characterization of the relationship between technical and biological variation as a function of
sampling frequency for an in vitro artificial gut system. They found that at hourly sampling
frequencies technical variation was approximately four times larger than biological variation, and

185

was equal at sampling frequencies of approximately 3.5 hours. These results demonstrated that
subsequent studies in these ecosystems must either account for technical variation or choose to
limit inference to biological variation occurring over longer time-periods (e.g., daily).
As for systematic biases, few solutions are available as measuring and correcting these
biases requires either specially designed calibration experiments or positive and negative

190

controls. A notable example is the work of Davis et al. (33) who proposed a method for
removing contamination in microbiome sequencing studies using designed negative controls.
Nonetheless, capturing other sources of technical bias such as PCR bias or DNA extraction bias
remain outstanding problems. On the positive side, systematic biases, unlike random errors,
may be ignored in many situations where the specific aims of the study are not affected by such

195

technical variation. For example, if the aim of a study is to identify how the community structure
changes over time, a systematic bias such as the consistent underrepresentation of
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Actinobacteria in observed data, may not affect inference. In contrast, if the aim of a study is to
determine which taxa is the most abundant at any given time-point, such underrepresentation
may severely effect inference.
200

Often a chief concern in data analysis is that technical variation covaries with a biological
feature of interest (34). Specifically, in longitudinal studies sample randomization throughout
sample processing can mitigate issues that may arise from covariation between technical
variation and the sample time-index. Additionally, all sample processing information should be
retained and reported with the final dataset as various modeling approaches may be used to

205

correct for differences between groups of samples processed separately such as linear mixed
models (35).
As the problem of experimental design for longitudinal microbiome studies is
challenging, model based methods for optimizing the study design may provide substantial
insights. In particular some of the most basic questions such as how to choose values for ! and

210

"

using sample size or power calculations remain under-studied. Of the few available

techniques, we recommend using simulation studies. As in power and sample size calculations,
simulation studies can provide a simple (yet computationally intensive) method for answering
such questions. For example, Fukuyama et al. (36) used simulation studies to conclude that for
their research goals, crossover longitudinal sampling designs with baseline correction are more
215

powerful than parallel designs. In the same paper the authors, designed their irregular sampling
intervals to achieve approximately equal variance between time-points using simulations
studies. Despite the utility of simulation studies, formal methods of experimental designs such
as those maximizing D-optimality criteria, information gain, or those based on Bayes optimality
may provide methods of optimizing many more aspects of experimental design (37). To the best
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of our knowledge, the only available methods for optimal design of longitudinal microbiome
experiments are those provided in the MC-TIMME package (13) which selects a sampling
frequency to maximize the expected information gain.
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Finally, additional considerations in the design of longitudinal microbiome studies, such
as the temporal relationships between time-series or with respect to external events, should be
225

appraised. Studies involving multiple individuals over time (! > 1) should design the experiment
in a way that will subsequently be utilized by the the data modeling scheme . For example,
multi-person studies of the effect of a targeted intervention may want to collect samples at
similar temporal distances from the intervention. Such synchronization allows for richer
questions to be investigated and greatly reduces modeling complexity. Seasonality effects can
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also be important to consider in experimental design. While perhaps most obvious in
environmental studies, dietary changes surrounding holidays or weekends, or even natural
circadian variation (38) can also be important factors to consider.

Data Modeling
235

Due to the complexity and high-dimensional nature of longitudinal microbiome data,
nearly all datasets will require non-trivial statistical modeling. In this section we discuss various
aspects of data modeling including the initial preprocessing of data, various types of analyses
that are commonly performed, and various considerations in choosing models.

Data Preprocessing
240

Two approaches are commonly used to characterize microbial communities by
summarising raw sequencing reads into a sequence count table: quality filtering OTU-based
methods and denoising methods. In the OTU-based methods, all the sequences are clustered
into OTUs based on a distance matrix at a specified dissimilarity threshold (typically 3%), which
reduces the rate at which errors are misinterpreted as biological variation. However, OTUs

245

underutilize the quality of modern sequencing by precluding the possibility of resolving fine-
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scale variation. The denoising methods, e.g., DADA2, model the error process and evaluate the
validity of individual sequences in the context of the full metagenomic data set, while including
the number of reads corresponding to each sequence. Notably, a growing consensus has arisen
that methods like DADA2 help avoid the inflation of diversity often seen with many OTU
250

clustering methods (39).

Using DADA2 improved resolution of low-frequency taxa may be

achieved by pooling or pseudo-pooling which uses a two pass algorithm to adaptively threshold
low-abundant sequences by pooling information across samples from similar environments.
Despite the significant progress in reducing errors from PCR and sequencing, the
accuracy of microbial community surveys still suffers from the presence of contaminants —
255

DNA sequences not truly present in the sample. Preparing contaminant-free DNA is
challenging, and the sensitivity of PCR and whole-genome amplification methods means that
even trace contamination can become a serious issue (40, 41). To alleviate this issue,
computational methods for ‘microbial source tracking’ (quantifying the contribution of potential

source environments to complex microbial communities) have been proposed (33, 42, 43).
260

These methods identify both the source and quantity of contamination, and could help account
and remove the contamination. Another option to account for contamination is using taxonomydependent methods. These methods rely on the annotated sequences already deposited in the
databases for taxonomic assignment of a query sequence by the best-matching sequence in the
reference database. Although taxonomy-dependent methods can assign taxonomy to the query

265

sequences based on previously characterized microbes, lack of sufficient well-characterized
microbes and reliable taxonomy often make it difficult to characterize novel sequences, and the
robustness and accuracy of such methods are mainly dependent on the completeness of the
annotated reference database.

The count table that results from either OTU clustering or

denoising methods is typically very sparse, often with greater than 90% zero values, which can
270

pose both computational and statistical problems (44). In particular, estimates of relative
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abundance from small counts involves large variance and therefore low certainty (45). To focus
analysis on taxa whose relative abundance can be estimated with higher certainty and to
alleviate the computational burden of excessive sparse taxa, analyses typically filter low
abundance taxa prior to modeling. However, the thresholds used for filtering are typically
275

heuristics and have not been thoroughly investigated. In determining whether initial data filtering
is appropriate, and if so how it will be done, the goals of a study must be considered. In general,
studies aimed at exploratory analyses, such as biomarker discovery, should consider little to no
initial filtering. In particular, such studies may consider filtering taxa based on their temporal
patterns as demonstrated by Shenhav et al. using the time-explainability measurement they

280

introduced, which corresponds to the fraction of variance explained by the microbiome
composition in previous time points. Specifically, time-explainability is informative for selecting
time-dependent taxa (i.e., taxa that can be predicted based on the previous microbial
composition). In contrast, for studies aimed at confirmatory analysis we suggest limiting the
number of taxa analyzed to just those groups under study. For example, if the purpose of a

285

study is to determine the dynamics of butyrate producing organisms, researchers should
consider amalgamating taxa into butyrate producing and butyrate non-producing groups and
restricting analysis to just these two categories. Overall, as the total number of counts in each
sample provides important uncertainty information, we recommend that studies never eliminate
counts/taxa from a dataset but instead amalgamate taxa that are not of primary interest into a

290

category called “other”.

Types of Analysis
In this subsection we focus on modeling the temporal relationship between samples
towards goals such as inference and prediction of microbiota longitudinal trajectories. A
295

common task in the analysis of longitudinal microbiome data is to infer the trajectories of the
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community as well as forecasting future compositions. Longitudinal microbiota data may include
many different temporal patterns such as cyclical effects (e.g., seasonal or circadian effects),
long term trends, or even delayed effects of shifts in community composition. However, models
may differ substantially in the types of temporal patterns they can infer and predict. For
300

example, the model of (14) is capable of capturing single time-step interactions. Other models
such as the Poisson ARIMA model of Ridenhour et al. (46) allow for temporal interactions to be
carried over multiple time-steps. Even greater flexibility is allowed by models such as those of
Shenhav et al. (10) and Silverman et al. (9) which allow for more complex time-series modeling
such as the inclusion of seasonal or polynomial trends to be included as well. Other methods

305

can achieve even greater flexibility by using non-parametric kernel methods to either model
community

trajectories

using

Gaussian

processes

(11)

or

finding

low

dimensional

representations of trajectories (36) (although the later does not, strictly-speaking, enable
prediction or account for the temporal correlation between samples). However, these nonparametric methods may not allow for parameter estimation of distinct temporal components as
310

parametric methods can (e.g., to quantify the relative impact of seasonality versus long term
trend).
Another common goal is to infer or predict the relationship between external metadata
(e.g., covariates or perturbations) and microbiota trajectories, including the effect of
perturbations. For example, the differences in temporal trajectories between treatment and

315

control groups in a longitudinal study may be investigated by incorporation of a binary covariate
indicating presence of a measurement in either a treatment versus control group. Alternatively,
inclusion of time-varying metadata such as the pH of the environment can be used to explore
the impact of such dynamic factors on a microbial community. The methods of (9, 10, 14) all
allow for such external covariates. In particular the MALLARD class of models introduced by
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Silverman et al. (9) further allow for the effects of such external covariates to be time-varying as
well, which is a modeling procedure known as dynamic regression (47). While these methods
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allow for very flexible modeling of linear interactions between covariates and microbiota
trajectories, non-linear modeling of perturbations as is required popular in classical
pharmacokinetic (PK) and pharmacodynamic (PD) studies remains understudied. Multivariate
325

extensions of standard PK-PD models or non-linear transfer function models would likely find
tremendous use in studies aiming to understand the impact of therapeutics on the microbiome.
Of course the above is just a limited sampling of common analysis tasks. Other tasks
include regime or changepoint detection, dimensionality reduction or feature selection, and timeseries synchronization. First, regime and changepoint detection relates to the problem of either

330

identifying a regions within a time-series that differs in some substantial way from other parts of
the time-series. While few methods have been adapted to address the many

specific

challenges of microbiome data, Sankaran and Holmes (16) provide a thorough review of
available methods and recommendations on productive new research directions. Second, as
longitudinal microbiome data is high dimensional, with studies typically analyzing tens to
335

thousands of taxa, methods for dimensionality reduction or feature selection can greatly improve
scalability and interpretability of models. A small number of methods to date have addressed
these issues and include the post-processing dimensionality reduction based low dimensional
representations of biological temporal covariation inferred by state-space models and
introduced in Silverman et al. (9); dimensionality reduction using Kernel ordination as in (36);

340

Dirichlet process clustering of temporal patterns introduced in Gibson and Gerber (14); as well
as autoregressive-based feature selection using linear mixed models introduced by Shenhav et
al. (10) which aims to retain taxa whose trajectories are most explainable by time. Finally, timeseries synchronization refers to the problem of aligning temporal patterns in distinct time-series
or aligning time-series from unsynchronized experimental designs. Specifically, temporal

345

alignment for microbiome data was suggested by Lugo-Martinez et al. (48) as a preprocessing
step, that may improve the prediction accuracy of a Dynamic Bayesian network, similar to the
model suggested by Larsen et al. (49).
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Other Considerations in Model Choice
350

Missing observations in longitudinal microbiome studies are common and can pose a
challenging modeling task by essentially interrupting the temporal chain of observations.
Observations missing due to extraneous factors, such as issues arising during sample
processing, are often termed missing at random and may be handled in a number of ways.
Perhaps the most common means is by concatenating together samples on either side of

355

missing observations. This practice however is discouraged as it can lead to biased inference,
often increasing the inferred temporal variation especially for studies with multiple or
consecutive missing observations. Instead we recommend that observations missing at random
be modeled directly either through marginalization as was performed by Silverman et al. (9), or
through the use of non-parametric kernel methods that concern themselves only with the

360

distance (or conversely similarity) between observations as is the case with the methods of Äijö
et al. (11) and Fukuyama et al. (36). In contrast to observations missing at random,
observations may be missing for other reasons that may confound inference, such as censoring
due to subject withdrawal from a study due to adverse drug reactions. This later type of missing
observations is often termed missing not at random and often requires a combination of expert

365

knowledge and special modeling techniques that are beyond the scope of this review.
Scalability is another important factor of successful inference and prediction in
longitudinal microbiome studies. Importantly there is a balance between the scalability of a
model and the assumptions made, where , the more covariation between parameters in a model
and the more levels of latent variables, the more computationally intensive to infer or predict. In

370

Table 1 we highlight assumptions made by each model. The difference in scalability between
existing models can be large with only a subset of models providing results in a reasonable
time-frame. However, such assumptions must be considered carefully as subtleties of these
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assumptions can have large impacts on results. Specially, only the models proposed by
Shenhav et al. (10), Ridenhour et al. (46) and Fukuyama et al. (36) can be applied on the
375

entire microbial community, at any level of the phylogenetic tree (taxa/genus/order/family etc),
while all other methods mentioned above require either some feature selection in the taxa level
(<200) or amalgamation to a higher phylogenetic level (genus/family/order).
Model evaluation is an important step in developing models as well as assessing their
utility either as inferential or predictive tools. As ground truth is often unknown in many studies,

380

statistical methods based on either model predictive accuracy or goodness of fit to observed
data are often employed. With regards to longitudinal microbiome studies predictive metrics
such as cross-validation which iteratively fits a model to a subset of the data and then assess
the predictive accuracy of the fit model on the held-out samples are particularly useful. Potential
metrics to assess the predictive accuracy of a model include the correlation between estimated

385

relative abundance and the relativised counts or the distance (e.g., Euclidean, Aitchison, or
arcsine) between predicted relative abundance and relativised counts (10, 11). The first
measurement highlights the model’s ability to accurately predict the abundance along time per
taxa, while the second measurement highlights the model’s ability to accurately predict the
microbial community composition per time point. Alternatively, statistical quantities such as the

390

marginal log-likelihood, AIC, BIC, or WAIC can be used to assess the goodness of fit of a model
to observed data (50). Typically such quantities include a penalization based on model
complexity to mitigate overfitting.
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Conclusions
Here we have presented a review of statistical considerations in the experimental design
and analysis of longitudinal microbiome studies. In addition to describing aspects of design and
analysis we also presented a thorough discussion of challenges arising from the measurement
process underlying sequence counting. In particular, we introduced how the process of

400

sampling can introduce a negative correlation between counts (i.e., competition to be counted)
into observed data and a consideration of technical variation and bias that can also be present.
As part of a larger discussion on design of longitudinal microbiome studies, we introduced
concepts relating to the distribution of sampling effort along time as well as the interplay
between biological and technical replicates. Finally, as part of our discussion of data modeling

405

we discussed considerations in data preprocessing, analytic goals, and other considerations
such as missing data, scalability, and model evaluation.
Although we have attempted to provide general guidelines regarding the design and
analysis of longitudinal microbiome studies, these decisions must ultimately be based on the
hypothesis and goals of a given study. For example, consider the following two studies. Study A

410

aims to identify specific microbes in a microbial community that change cyclically along host
day-night cycling (38). In contrast, study B aims to identify compositional shifts of microbial
genera in patients undergoing allogeneic hematopoietic stem cell transplantation with
concurrent antibiotic prophylaxis (51). Differences in the goals in studies A and B should lead to
differences in how they approach technical noise, sampling frequency, data preprocessing, and

415

modeling. For example, while study A is concerned with sub-daily variation and should likely
sample at least every 6 hours, study B is more concerned with longer term trends and likely only
needs to sampled daily. Additionally, we would expect that the effects of antibiotic treatment in
study B would lead to larger compositional shifts than the natural day-night cycling in study A.
Therefore, study A should be more concerned with the impact of technical variation than study
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B. Finally, whereas study A aims to identify, with highest resolution, the taxa that may oscillate
with host day-night cycles, study B is specifically interested in shifts at the level of bacterial
genera. Therefore whereas study A should consider performing inference at the level of
sequence variants or OTUs, study B should likely amalgamate taxa to the level of bacterial
genera to improve statistical power and decrease computational complexity.
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Challenges in the design and analysis of longitudinal studies introduce many new
avenues for future research. Perhaps the most pressing need is for scalable models that
account for count variation and the negative correlation between taxa introduced by random
sampling. While models based around the multinomial distribution account for these features,
existing implementations are not scalable to larger microbiome analyses. Second, the majority
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of existing methods have focused on trajectory inference or prediction. Methods that address
other questions such as trajectory classification would be of great value. Finally, there is a need
for models that account for delayed or multi-time-step effects of perturbations as occur in
pharmacokinetic or pharmacodynamic studies. Few current models can easily handle such
perturbations and as such multivariate PK-PD models or models that incorporate non-linear

435
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transfer functions would fill a current void.
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Figures and Tables

Figure 1: Structural Overview of this Review - statistical considerations of longitudinal
445

microbiome data with a thorough discussion of: the measurement process underlying sequence
counting (Section 1), the experimental design of longitudinal microbiome studies (Section 2) and
modeling of longitudinal microbiome data (Section 3).

bioRxiv preprint doi: https://doi.org/10.1101/448332; this version posted October 20, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

450

Figure 2: Effects of random sampling can lead to spurious conclusions in longitudinal studies.
(A) A longitudinal study of 30 microbial taxa was simulated over 20 time-points. At time 10 a
simulated prebiotic was given. 10 taxa in group 1 were simulated to grow rapidly in response to
the prebiotic. 10 taxa in group 2 were simulated to grow moderately (half the response of group
1) in response. 10 Taxa in group 3 were simulated to have no response. (B) Each sample was
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randomly sampled to even sequencing depth and the resulting counts. This type of subsampling
simulates the sample pooling step performed in multiplex sequencing where the DNA from each
sample is subsampled to even depth to provide even coverage of sequencing depth across
samples. Notably, bacteria in group 2 and 3 now display a marked and spurious decline in
response to the prebiotic. Even the majority of those bacteria in group 1 that did not have the
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largest effect now appear to show no increase in response to the prebiotic. This effect reflects
the competition to be counted that is introduced by random sampling.
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Figure 3: Random sampling limits inferences to the relative abundances of different microbial
taxa and induces negative correlation into the observed data that may lead to spurious
conclusions. Panels A and B illustrates sampling (red square) from two microbial ecosystems
with three types of bacteria (depicted as orange circles, green squares, and blue triangles). In
470

Panel A, measuring three orange taxa reflects only an arbitrary sample size (not the absolute
abundance of the orange taxa). In contrast, measuring three orange and five blue taxa provides
information on the ratio of orange to blue taxa in the entire ecosystem. Panel B depicts sampling
from an ecosystem that is identical to that in Panel A but with an increase in the absolute
number of the green taxa. As overall sampling size is fixed, it is likely that a random sample will
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count fewer orange and blue taxa and more green taxa. Compared to Panel A researchers may
then be led to believe that Panel B contains more green and less blue and orange taxa whereas
in reality only the green has changed. Even if the sample size in Panel B was not the same as in
Panel A spurious conclusions may be reached.
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Name and Summary
Poisson ARIMA (46)

Tasks
Inference and Prediction of long-term
trends, high-order temporal
dependency

Measurement Model

Highlighted
Assumptions

Software

Scalability

Missing
Data

Multiple
Time-Series

Poisson

(1) No relative constraints
(2) Dynamics are
Log-Linear

ARIMA(1,0,0)
(only) offered by
the authors upon
request

++

No

No

MTV-LMM (10) - Linear Inference and Prediction of long-term
Mixed Models with
trends, high-order temporal
Variance Components dependency, and metadata
covariates; Feature selection

Transformed
Multivariate Normal
(e.g., Standard, Log,
or Logistic)

(1) No count noise (2)
Dynamics are Linear or
Log-Linear

R Package

++

Yes

Yes

Adaptive gPCA (36)

Inference of Low dimensional
structure in observed data

Transformed
Multivariate Normal
(e.g., Standard, Log,
or Logistic)

(1) No count noise (2) No R Package
temporal correlation
between samples (3) User
defined kernel

++

Yes

Yes

MDSINE 2.0 (14) Bayesian Ecological
Interaction Model with
Clustering

Inference and Prediction of First-order Negative Binomial for
autoregressive trajectories with
counts, Univariate
metadata covariates; Clustering taxa Normal for qPCR
based on dynamics

(1) qPCR reflects microbial None
load (2) First order
temporal dynamics only (3)
Dynamics are Log-Linear

+

Yes

Yes

GP Microbiome (11) Bayesian Generalized
Gaussian Processes

Inference and Prediction of any
smoothly varying trajectory

Multinomial - Logistic (1) Zero Inflation "Shot
Normal
Noise" is present and
independent for each
count in the dataset. (2)
Stationarity

Command Line
interface to Stan

–

Yes

No

MALLARD (9) Bayesian Generalized
Dynamic Linear Model

Inference and prediction of long term
trends, high-order temporal
dependency, metadata covariates,
and identification and denoising of
technical variation and bias

Multinomial - Logistic (1) Dynamics are
Normal
Log-Linear

Stan code
implementing
MALLARD with
time-invariant
covariance

–

Yes

Yes

Table 1: Comparison of six currently available tools for modeling longitudinal microbiome studies. Other notes: 1) adaptive gPCA
does not provide a method of prediction, but rather a low-rank representation; 2) only GP Microbiome and MALLARD model a
competition to be counted in the sampling process; 3) GP Microbiome can only model stationary dynamics as a result of its radial
basis function kernel.

bioRxiv preprint doi: https://doi.org/10.1101/448332; this version posted October 20, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

References
1.

Human Microbiome Project Consortium. 2012. Structure, function and diversity of the
healthy human microbiome. Nature 486:207–214.

2.
485

Ley RE, Turnbaugh PJ, Klein S, Gordon JI. 2006. Microbial ecology: human gut microbes
associated with obesity. Nature 444:1022–1023.

3.

Marchesi JR, Dutilh BE, Hall N, Peters WHM, Roelofs R, Boleij A, Tjalsma H. 2011.
Towards the human colorectal cancer microbiome. PLoS One 6:e20447.

4.

Caporaso JG, Lauber CL, Costello EK, Berg-Lyons D, Gonzalez A, Stombaugh J, Knights
D, Gajer P, Ravel J, Fierer N, Gordon JI, Knight R. 2011. Moving pictures of the human

490

microbiome. Genome Biol 12:R50.
5.

David LA, Materna AC, Friedman J, Campos-Baptista MI, Blackburn MC, Perrotta A,
Erdman SE, Alm EJ. 2014. Host lifestyle affects human microbiota on daily timescales.
Genome Biol 15:R89.

6.
495

David LA, Maurice CF, Carmody RN, Gootenberg DB, Button JE, Wolfe BE, Ling AV,
Devlin AS, Varma Y, Fischbach MA, Biddinger SB, Dutton RJ, Turnbaugh PJ. 2014. Diet
rapidly and reproducibly alters the human gut microbiome. Nature 505:559–563.

7.

Gerber GK. 2014. The dynamic microbiome. FEBS Lett 588:4131–4139.

8.

Faust K, Lahti L, Gonze D, de Vos WM, Raes J. 2015. Metagenomics meets time series
analysis: unraveling microbial community dynamics. Curr Opin Microbiol 25:56–66.

500

9.

Silverman JD, Durand H, Bloom RJ, Mukherjee S. 2018. Dynamic linear models guide
design and analysis of microbiota studies within artificial human guts. bioRxiv.

bioRxiv preprint doi: https://doi.org/10.1101/448332; this version posted October 20, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

10. Shenhav L, Furman O, Briscoe L, Thompson M, Mizrahi I, Halperin E. 2018. Modeling the
temporal dynamics of the gut microbial community in adults and infants. bioRxiv.
11. Äijö T, Müller CL, Bonneau R. 2018. Temporal probabilistic modeling of bacterial
505

compositions derived from 16S rRNA sequencing. Bioinformatics 34:372–380.
12. Yassour M, Vatanen T, Siljander H, Hämäläinen A-M, Härkönen T, Ryhänen SJ, Franzosa
EA, Vlamakis H, Huttenhower C, Gevers D, Lander ES, Knip M, DIABIMMUNE Study
Group, Xavier RJ. 2016. Natural history of the infant gut microbiome and impact of
antibiotic treatment on bacterial strain diversity and stability. Sci Transl Med 8:343ra81.

510

13. Gerber GK, Onderdonk AB, Bry L. 2012. Inferring dynamic signatures of microbes in
complex host ecosystems. PLoS Comput Biol 8:e1002624.
14. Gibson TE, Gerber GK. 2018. Robust and Scalable Models of Microbiome Dynamics. arXiv
[statML].
15. Integrative HMP (iHMP) Research Network Consortium. 2014. The Integrative Human

515

Microbiome Project: dynamic analysis of microbiome-host omics profiles during periods of
human health and disease. Cell Host Microbe 16:276–289.
16. Sankaran K, Holmes SP. 2017. Inference of Dynamic Regimes in the Microbiome. arXiv
[statAP].
17. Brooks JP, Edwards DJ, Harwich MD Jr, Rivera MC, Fettweis JM, Serrano MG, Reris RA,

520

Sheth NU, Huang B, Girerd P, Vaginal Microbiome Consortium, Strauss JF 3rd, Jefferson
KK, Buck GA. 2015. The truth about metagenomics: quantifying and counteracting bias in
16S rRNA studies. BMC Microbiol 15:66.
18. Gloor GB, Macklaim JM, Vu M, Fernandes AD. 2016. Compositional uncertainty should not

bioRxiv preprint doi: https://doi.org/10.1101/448332; this version posted October 20, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

be ignored in high-throughput sequencing data analysis. Austrian Journal of Statistics
525

45:73–87.
19. Lim MY, Song E-J, Kim SH, Lee J, Nam Y-D. 2018. Comparison of DNA extraction
methods for human gut microbial community profiling. Syst Appl Microbiol 41:151–157.
20. Rosenthal M, Aiello AE, Chenoweth C, Goldberg D, Larson E, Gloor G, Foxman B. 2014.
Impact of technical sources of variation on the hand microbiome dynamics of healthcare

530

workers. PLoS One 9:e88999.
21. Wagner Mackenzie B, Waite DW, Taylor MW. 2015. Evaluating variation in human gut
microbiota profiles due to DNA extraction method and inter-subject differences. Front
Microbiol 6:130.
22. Sinha R, Abu-Ali G, Vogtmann E, Fodor AA, Ren B, Amir A, Schwager E, Crabtree J, Ma S,

535

Microbiome Quality Control Project Consortium, Abnet CC, Knight R, White O, Huttenhower
C. 2017. Assessment of variation in microbial community amplicon sequencing by the
Microbiome Quality Control (MBQC) project consortium. Nat Biotechnol 35:1077–1086.
23. Kennedy K, Hall MW, Lynch MDJ, Moreno-Hagelsieb G, Neufeld JD. 2014. Evaluating bias
of illumina-based bacterial 16S rRNA gene profiles. Appl Environ Microbiol 80:5717–5722.

540

24. Zhou J, Wu L, Deng Y, Zhi X, Jiang Y-H, Tu Q, Xie J, Van Nostrand JD, He Z, Yang Y.
2011. Reproducibility and quantitation of amplicon sequencing-based detection. ISME J
5:1303–1313.
25. Vandeputte D, Kathagen G, D’hoe K, Vieira-Silva S, Valles-Colomer M, Sabino J, Wang J,
Tito RY, De Commer L, Darzi Y, Vermeire S, Falony G, Raes J. 2017. Quantitative

545

microbiome profiling links gut community variation to microbial load. Nature 551:507–511.

bioRxiv preprint doi: https://doi.org/10.1101/448332; this version posted October 20, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

26. Stämmler F, Gläsner J, Hiergeist A, Holler E, Weber D, Oefner PJ, Gessner A, Spang R.
2016. Adjusting microbiome profiles for differences in microbial load by spike-in bacteria.
Microbiome 4:28.
27. Zhang Z, Qu Y, Li S, Feng K, Wang S, Cai W, Liang Y, Li H, Xu M, Yin H, Deng Y. 2017.
550

Soil bacterial quantification approaches coupling with relative abundances reflecting the
changes of taxa. Sci Rep 7:4837.
28. Cao H-T, Gibson TE, Bashan A, Liu Y-Y. 2017. Inferring human microbial dynamics from
temporal metagenomics data: Pitfalls and lessons. Bioessays 39.
29. Diggle P, Department of Mathematics and Statistics Peter J Diggle, . Diggle PJ, Heagerty

555

P, Heagerty PJ, Liang K-Y, Zeger S. 2002. Analysis of Longitudinal Data. OUP Oxford.
30. Åström KJ. 1969. On the choice of sampling rates in parametric identification of time series.
Inf Sci 1:273–278.
31. Taylor J. 1997. Introduction to Error Analysis, the Study of Uncertainties in Physical
Measurements, 2nd Edition.

560

32. Farris MH, Olson JB. 2007. Detection of Actinobacteria cultivated from environmental
samples reveals bias in universal primers. Lett Appl Microbiol 45:376–381.
33. Davis NM, Proctor D, Holmes SP, Relman DA, Callahan BJ. 2017. Simple statistical
identification and removal of contaminant sequences in marker-gene and metagenomics
data. bioRxiv.

565

34. Leek JT, Scharpf RB, Bravo HC, Simcha D, Langmead B, Johnson WE, Geman D,
Baggerly K, Irizarry RA. 2010. Tackling the widespread and critical impact of batch effects
in high-throughput data. Nat Rev Genet 11:733–739.

bioRxiv preprint doi: https://doi.org/10.1101/448332; this version posted October 20, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

35. Kang HM, Ye C, Eskin E. 2008. Accurate discovery of expression quantitative trait loci
under confounding from spurious and genuine regulatory hotspots. Genetics 180:1909–
570

1925.
36. Fukuyama J, Rumker L, Sankaran K, Jeganathan P, Dethlefsen L, Relman DA, Holmes SP.
2017. Multidomain analyses of a longitudinal human microbiome intestinal cleanout
perturbation experiment. PLoS Comput Biol 13:e1005706.
37. Chaloner K, Verdinelli I. 1995. Bayesian Experimental Design: A Review. Stat Sci 10:273–

575

304.
38. Liang X, Bushman FD, FitzGerald GA. 2015. Rhythmicity of the intestinal microbiota is
regulated by gender and the host circadian clock. Proc Natl Acad Sci U S A 112:10479–
10484.
39. Callahan BJ, McMurdie PJ, Rosen MJ, Han AW, Johnson AJA, Holmes SP. 2016. DADA2:

580

High-resolution sample inference from Illumina amplicon data. Nat Methods 13:581–583.
40. de Goffau MC, Lager S, Salter SJ, Wagner J, Kronbichler A, Charnock-Jones DS, Peacock
SJ, Smith GCS, Parkhill J. 2018. Recognizing the reagent microbiome. Nat Microbiol
3:851–853.
41. Tanner MA, Goebel BM, Dojka MA, Pace NR. 1998. Specific ribosomal DNA sequences

585

from diverse environmental settings correlate with experimental contaminants. Appl Environ
Microbiol 64:3110–3113.
42. Knights D, Kuczynski J, Charlson ES, Zaneveld J, Mozer MC, Collman RG, Bushman FD,
Knight R, Kelley ST. 2011. Bayesian community-wide culture-independent microbial source
tracking. Nat Methods 8:761–763.

bioRxiv preprint doi: https://doi.org/10.1101/448332; this version posted October 20, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

590

43. Simpson JM, Santo Domingo JW, Reasoner DJ. 2002. Microbial source tracking: state of
the science. Environ Sci Technol 36:5279–5288.
44. Weiss S, Xu ZZ, Peddada S, Amir A, Bittinger K, Gonzalez A, Lozupone C, Zaneveld JR,
Vázquez-Baeza Y, Birmingham A, Hyde ER, Knight R. 2017. Normalization and microbial
differential abundance strategies depend upon data characteristics. Microbiome 5:27.

595

45. Good IJ. 1956. On the Estimation of Small Frequencies in Contingency Tables. J R Stat
Soc Series B Stat Methodol 18:113–124.
46. Ridenhour BJ, Brooker SL, Williams JE, Van Leuven JT, Miller AW, Dearing MD, Remien
CH. 2017. Modeling time-series data from microbial communities. ISME J 11:2526–2537.
47. Petris G, Petrone S, Campagnoli P. 2009. Dynamic Linear Models with R. Springer Science

600

& Business Media.
48. Lugo-Martinez J, Ruiz-Perez D, Narasimhan G, Bar-Joseph Z. 2018. Dynamic interaction
network inference from longitudinal microbiome data.
49. Larsen PE, Field D, Gilbert JA. 2012. Predicting bacterial community assemblages using an
artificial neural network approach. Nat Methods 9:621–625.

605

50. Vehtari A, Gelman A, Gabry J. 2017. Practical Bayesian model evaluation using leave-oneout cross-validation and WAIC. Stat Comput 27:1413–1432.
51. Taur Y, Xavier JB, Lipuma L, Ubeda C, Goldberg J, Gobourne A, Lee YJ, Dubin KA, Socci
ND, Viale A, Perales M-A, Jenq RR, van den Brink MRM, Pamer EG. 2012. Intestinal
domination and the risk of bacteremia in patients undergoing allogeneic hematopoietic stem

610

cell transplantation. Clin Infect Dis 55:905–914.

