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Overview of the Field

Recent developments in high-throughput sequencing have allowed almost all the microbes in a community
to be identified through amplicon sequencing of the 16S rRNA ribosomal gene; further, bacterial genes can
be identified through shotgun metagenomic sequencing. With many different types of omics data being
collected, development of data analysis methods that are tailored towards these different types of data has
lagged behind.
This workshop aimed to address some of the main challenges in dealing with the microbiome data. The
topics of discussion can mostly be divided into four main categories: modelling, calibrating and correcting
for measurement errors in microbiome data; using statistical tools to answer biological questions about the
microbiome; integrating multiple types of omics data and applying microbiome data analysis in scientific and
clinical contexts.
For the first category, each type of data is subject to its own measurement errors, caused by limitations
in the technology. This has contributed to major replicability problems with published results in the field.
Recent research has shed some light into some of the measurement bias and variance arising in microbiome
data.
For the second category, there are a number of biological questions arising in the study of the microbiome,
such as how the microbiome differs between patients and healthy controls, how the microbiome changes over
time, and the organisation of microbial communities. There has been a large amount of work in this area
from the bioinformatics community, but many of the methods used are ad-hoc, without sound statistical
justification, and do not allow statistical inference.
For the third category, the majority of early microbiome studies were based on amplicon sequencing of
16S. However, there are many limitations to this type of data. Therefore, there has been increased interest in
collecting more detailed data, such as whole genome sequencing, transcriptomics, metabolomics, etc. These
data types could give a more complete picture of how the microbial community functions. However, each data
type comes with its own limitations and structure. Therefore new statistical methods are needed to account
for these limitations and structures.
For the fourth category, many of the invited researchers work in scientific and clinical settings, and have
first-hand experience of the application of microbiome research for answering questions. A number of pre1
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sentations at the workshop discussed some of the possible applications of microbiome research, and what
statistical problems need to be solved before these applications could be realised.
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Challenges raised in the workshop

The workshop brought together a number of investigators with different perspectives and different backgrounds that ranged from practitioners and users, to developers of statistical approaches for studying microbial communities. Topics and presentations ranged from highly theoretical to practical applications. The
majority of tools presented were used to analyze Operational Taxonomic Unit (OTU) or higher level datasets.
There were several talks on benchmarking different tools for OTU level analysis, with a general conclusion that further work needs to be done. One challenge is that each tool is developed based on very different
assumptions about how the data were generated, and what error processes were important or even realistic.
There was a spirited discussion about the methodological, biological, and statistical assumptions of various
approaches. Participants with deep knowledge of how the data were collected and generated made the point
that high throughput sequencing data collection was much more complex and technically challenging than
is apparent in many published datasets. One participant made the salient point that the error associated with
microbiome datasets was nested, with different steps in the process generating error with different properties.
The reality of nested error-generating processes is not currently taken into account appropriately by existing
tools and this is a challenge and an opportunity for further development.
One presentation pointed out that microbiome datasets often lack a ground truth, and identified this as
a major challenge in the field. This was a very important point, because many tools are developed with
particular assumptions in mind. Tool development seems to follow a formula, where novel assumptions are
made, tested in silico, and then benchmarked using a publicly-available dataset. The tool is “successful” if
it has “more power” on an existing dataset than previous tools. This approach results in tools that identify
false positive features, or that identify novel features that fit the particular assumptions, but that may not fit
the actual process by which the data is generated. The microbiome field would be well served by datasets
with known ground truths that are externally validated by other means.
Less attention was given to methods specifically designed to deal with Amplicon Sequence Variant (ASV),
shotgun metagenomic or metatranscriptomic datasets (or the integration of these). Several presentations
showed the potential increase in descriptive power by incorporating these approaches. One presentation
showed how metagenomic data analysis, particularly the recovery of genomes from metagenome samples,
can miss important features including those that relate directly to pathogenicity and antimicrobial resistance.
Tools to properly examine these datasets are underdeveloped currently, and it was recommended that there
be a major emphasis on tool development in these areas at the expense of OTU-level analysis. Several
presentations were made showing that compositional-data based approaches showed promise, although the
sentiment was not unanimous that approaches based on log-ratios were always superior.
In the end, the workshop achieved its goals of bringing diverse voices together for a robust discussion.
It is rare to get biomedical scientists, practical and theoretical statisticians in a venue where they can have
meaningful conversations. We need many more opportunities like this where frank conversations can be had
in an environment that can build understanding and trust between all of the fields that need to be present
to properly analyze and understand complex high-dimensional data, like that generated in the analysis of
microbiomes.
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3.1

Modelling and handling measurement error
Bias due to the microbiome experiment

Microbiome experiments are still in their infancy. One manifestation of this is that there are no agreedon methods for standardizing microbiome measurements, or for using positive (external) control samples
to adjust, calibrate, or normalize microbial count measurements. A few ‘model community’ samples with
known composition, typically comprising around 10 OTUs, are available either commercially or from various
consortia. However, even when these model community samples are run as positive controls in a microbiome
experiment, there is no real way to use these results except to qualitatively claim a plate is ‘in control.’
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An exciting new development in microbiome studies is the development of a model for the biases that
can occur in a microbiome experiment. This relatively simple mathematical model may eventually have
a profound effect on how microbiome data are analyzed. If this model is correct, then it also provides a
language to discuss bias, a framework to imagine how samples might be standardized, and even ideas on
types of analysis that could give unbiased results even if individual OTU counts are all biased.
The microbiome bias model was developed by BIRS workshop participant Ben Callahan [15] and presented at the workshop by Ben Callahan. The model states that each OTU (or ASV) is subject to a multi∗
plicative bias. Thus, if the ‘true’ count for OTU j in sample i was Xij
, we would instead observe counts Xij
given by
∗ βj
Xij = Xij
e
where eβj is called the ‘bias factor’ for the jth OTU. This model further implies that the observed OTU
proportions pij are related to true OTU proportions p∗ij by
p∗ij
∗ .
j 0 pij 0

pij = P

(1)

Note that changing βj to βj + b, for every OTU j leaves pij unchanged, so that only relative bias factors can
be defined (i.e., a sample is unbiased when βj = β for all j).
An important consequence of this model is that the shift in observed probabilities pij actually depends
on the composition of the entire sample because of the denominator in (1). Thus, a sample with many OTUs
having the same bias factors may have produce smaller shifts in observed OTU frequencies than a sample
with OTUs having highly divergent bias factors. If the bias factors of two phylogenetically-related OTUs
are more similar than the bias factors of two OTUs that are not phylogenetically close, this would imply that
the sample with phylogenetically-related OTUs would have less biased observations than the sample with
phylogenetically-distant OTUs. As a result, this model predicts it is not safe to compare the OTU frequencies
of two samples with the hope that any bias ‘cancels out.’ Note this phenomenon occurs even if the bias factor
for a fixed OTU is the same in every sample.
One new development reported at the BIRS workshop for the first time was a relatively simple log-linear
modeling framework to estimate bias parameters in (1) using model community data. The original work
of Callahan and colleagues did not provide this kind of simple but universal method for estimating bias
parameters. BIRS workshop participant Glen Satten presented this model, along with two analyses of model
community data.
In the first analysis, the bias factors of a commercially-available (Zymo) model community were compared when extracted under two conditions. In the first condition, the samples were analyzed as provided
by Zymo; in the second condition, the samples were mixed with a smokeless tobacco product (Snus) from
Sweden that was verified to be free of bacteria. The purpose of this experiment was to see if the biological
matrix (i.e., the Snus) affected the bias factors. The experiment was repeated with four different extraction
protocols. The analyses showed that the biological matrix had a significant effect on the bias factors for at
least 3 of the four protocols (significance of the fourth protocol depends on whether we adjust for multiple
comparisons).
The second analysis used the model community data of [2]. These data are unusual in that most samples
had only two or three of the seven OTUs studied by Brooks et al [2]. This allowed a test of whether the
bias factor of an OTU depended on the composition of the sample; a direct test of the model proposed by
Callahan. The analysis showed no evidence of failure of the Callahan model (even while finding significant
plate effects).
A final aspect of the bias model of Callahan is that it suggests how samples might be better analyzed in
the future. Two approaches were discussed: bias adjustment and selection of models that are impervious to
bias. Considering the first approach, it is unreasonable to think that bias factors for every observable OTU
or ASV will be measured at some point. However, it is conceivable that the variability in bias factors can
be explained by covariates. Some covariates would presumably be related to the physical organization of
the bacterium, such as Gram status. Other covariates may be related to PCR, such as primer mismatch or
GC content. Residual variability after accounting for important covariates may segregate according to the
phylogenetic relationships among OTUs. If this is the case, it is possible to imagine a model-based bias
adjustment as a way of normalizing microbiome data. Considering the second approach, it is easy to see that
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the denominator in (1) cancels out if a ratio of OTU frequencies within a sample are considered, e.g. if we
pij
. Similarly, the bias factors would cancel
pick one OTU (say, J) as a reference and only examine ratios piJ
p0
pij
out if we only looked at ratios of ratios, i.e. if we compared the ratio of piJ
to p i0 j . Compositional data
i J
analyses would satisfy these conditions, and so the bias model of Callahan provides an interesting reason to
continue development of compositional data analysis methods for microbiome data.

3.2

Correction of Poisson measurement errors

Another important issue with microbiome data is the variance of the microbiome counts. Typically, for count
data, the observed variance depends upon the total abundance. For rare OTUs, the relative error is much
larger than for common OTUs, while the absolute error is much larger for common OTUs. This discrepancy
can impact a number of data analysis methods. For example, principal component analysis (PCA) is a method
that identifies the major directions in variation for multivariate data set, such as the microbiome.
A method for correcting PCA for Poisson measurement error was recently developed by workshop participants Hong Gu and Toby Kenney [11] and presented at the workshop by Hong Gu. The method estimates
an unbiased variance covariance matrix estimator by correcting Poisson distributed measurement errors. The
method can also estimate the principal components of log-transformed data, under Poisson noise. This offers
the significant benefit of permitting a log-transformation of sparse data. Handling zero counts has been a
challenge for methods based on log-transformation. The semiparametric Poisson model presented offers a
method for dealing with these counts.
The talk precipitated in-depth discussion about the relative importance of Poisson error compared to other
sources of error in the data, such as OTU bias, and amplification variance. On one hand, it was argued that
microbiome data show evidence of large overdispersion, so that the Poisson noise is only a small fraction of
the total noise in the data. On the other hand, it was argued that a lot of the overdispersion is in fact signal, so
needs to not be removed, and while there is some overdispersion due to the data collection, it is challenging
to separate it from the signal until more is know about the data collection. Meanwhile, microbiome data
is sparse, and while the Poisson noise may be a small fraction of the noise for abundant OTUs, it is likely
to play a significantly larger role for rare OTUs. Work is ongoing on extending the method to correct for
overdispersed measurement error.
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4.1

Particular microbiome analyses
Differential abundance

One of the key questions in microbiome research is how microbial communities from two environments
differ, and one of the main approaches to this question is the identification of taxa which are differentially
abundant in the two ecosystems. A number of methods for performing differential abundance analysis were
discussed. Although simulation studies are often conducted to evaluate the performance of various procedures
in terms of false discovery rates (FDR) and power, researchers at this meeting recognized that the following
two issues are important to consider: (a) The parameter of interest in the statistical hypothesis. Some methods
test for relative abundances and others test for absolute abundance. Both of these parameters are important,
depending upon the scientific question of interest. Often researchers are not precise in what exactly they are
testing. This leads to wrong analysis and misinterpretation of data. (b) Some statistical tests are specifically
designed to test statistical hypotheses regarding relative abundances and others for absolute abundance. The
simulation studies are often designed to generate the null data under one or the other type hypothesis, i.e.
null hypothesis of no differential abundance or the null hypothesis of null differential relative abundance.
However, researchers compare the FDR and power using these same simulated data but different hypotheses.
Thus, a data are generated under the null hypothesis of equal relative abundance but are being used to test the
null hypothesis of no differential absolute abundance. This will result in inflated FDR for methods designed
for no differential abundance and vise-versa. For these reasons simulation studies need to be conducted
carefully.
An important issue in differential abundance testing and other microbiome analyses is how to deal with the
variation in sequencing depth. The traditional approach in microbiome data analysis is to consider proportions
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instead of counts. However, as was demonstrated in one presentation, variations in proportions can be caused
by changes in the abundance of OTUs with large bias factors. Log-ratios can be used instead, and have been
used in a number of compositional data analyses. However, the microbiome data is very sparse with many
zero counts, which are problematic when computing log-ratios. Therefore substantial work is needed on
developing methods for approximating log-ratios of sparse counts. Another approach is to treat the count
correction as a parameter to be estimated in the model. The relative merits of these methods were presented
in several talks. However, it is clear that this is a very challenging problem with no completely satisfactory
solutions, and a lot of further work is ongoing in the field.

4.2

Kernel Methods

An alternative to analysis of individual taxa (OTUs) is to conduct community level analysis (also called
β-diversity analysis) wherein the entire microbial profiles is collectively assessed for association with an
outcome or variable of interest. By focusing on the overall profile, this mode of analysis can be more powerful
when taxa show individually modest, yet concerted, shifts. Kernel methods represent a powerful approach
for facilitating community level analyses by way of the Microbiome Regression-Based Kernel Association
Test (MiRKAT) [25]. Focusing on a quantitative outcome (yi ), MiRKAT relates yi to covariates Ci and
microbiome profiles Zi through the model
yi = β0 + Ci0 β + h(Zi ) + εi ,
where β0 and β are coefficents for the intercept and covariate effects and εi follows a distribution with mean 0
and variance σ 2 . h(·) is a generally specified function of the microbiome profiles sitting within a reproducing
kernel Hilbert space generated by a positive definite kernel function K(·, ·). Then through the connections
between kernel methods and linear mixed models, assessing the null hypothesis that H0 : h(Zi ) = 0 can be
done by constructing a variance component score statistic
Q=

1 0
ε̂ K ε̂
σ̂ 2

where σ̂ and ε̂ are estimated under H0 and K is a matrix with (i, j)th element equal to K(Zi , Zj ). Q
asymptotically follows a mixture of χ2 distributions. Intuitively K(·, ·) measures similarity between pairs
of individuals based on their microbiome profiles such that K is a similarity matrix. Then this analysis
essentially compares similarity in microbiome profiles to similarity in outcomes. By constructing similarities
via transformation of ecologically relevant distances and dissimilarities, this enables capture of key structure
in microbiome data such as phylogeny and qualitative/quantitative relationships [13, 4, 19].
Kernel methods are a generalization of commonly used distanced-based permutation approaches[1], but
allow for improved covariate adjustment and computational efficiency through use of asymptotic distributions. In addition, this allows investigators to harness the rich literature on kernel-based association test
procedures, which are widely used within the genetics literature, to facilitate analysis within the context of
more complicated microbiome studies such as those with multivariate, longitudinal, cluster correlated, or
survival endpoints [23, 18, 24].
In the meeting several talks touched upon kernel methods. One talk focused fully on using kernel methods
to conduct integrative analysis of microbiome and other types of genomic data. Specifically, the use of
multiple omic technologies (host genetics, epigenetics, proteomics, metataxonomics, etc.) on the same cohort
is rapidly increasing. However, investigating associations across complex multivariate outcomes with distinct
data structures remains a challenge. One proposed method presented was the use of a dual kernel-based
association test (DKAT) to evaluate the similarity between datasets [22]. Specifically, a kernel machine
regression model, MiRKAT, may be used as a robust microbiome regression-based kernel association test to
circumvent challenges associated with large omics multivariate datasets. This approach is tailored to capture
data structure and their inherent characteristics (e.g. high dimensional data, non-normally distributed, zeroabundant). The utility of such a method was applied to identify associations between the gut microbiome
and host gene expression of IBD patients [17]. The basic approach of DKAT is to first compute the pairwise similarity in the microbiome profiles and that of the other datasets (e.g. host gene expression profiles).
The similarities for each dataset are then compared to each other and assessed via kernels. The test for
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multivariate correlation between the kernelized data using a kernel RV coefficient. As multi-disciplinary
research continues to expand, the number of outcomes measured per subject will invariably grow and increase
in complexity. Sophisticated and computationally efficient statistical approaches that are amenable to large
complex datasets will be necessary to enable intricate association testing between microbiome taxa and other
measured outcomes.

4.3

Modelling temporal dynamics of microbial communities

Another topic raised was modelling of temporal dynamics of microbial communities. This is a very new topic
in microbiome research. While some studies have collected time-series data on the microbiome, the analysis
of these studies in terms of efforts to understand the temporal dynamics has been very limited. One talk
presented new research into the use of stochastic differential equations for modelling the temporal dynamics.
Two projects in this area were presented. The first looked at the dynamics of single genera, focussing on
questions of whether there is evidence for temporal continuity and for mean reversion in microbial communities, looking particularly at data from the human gut microbiome from the moving picture dataset [3]. The
evidence from the data suggests that there is temporal continuity, and strongly indicates that the system is
subject to mean reversion. By analysing the Fisher information matrix for the models in question, it is possible to estimate the most informative sampling scheme for estimating temporal dynamics. For the level of
mean reversion estimated from the gut, the best sampling frequency is found to be in the range of one sample
every 0.8-3.2 days.
For the temporal interactions between multiple genera, a stochastic generalised Lotka-Volterra equation
was used. The theory behind this equation has been developed, and the equation has a unique solution with
a stationary ergodic distribution. The parameters of this equation can be estimated from real data using
Approximate MLE estimators. These are shown to improve upon previous estimators based on deterministic differential equations with normal error. Using this model, it is possible to estimate the interactions
between the most abundant genera. For the gut data from the moving picture data set [3], it was found that
there is evidence that Lachnospiraceae inhibits both Ruminococcaceae and an unspecified genus from family
Bacteroidales. Ruminococcaceae appears to inhibit Bacteroidaceae, which appears to inhibit another unspecified genus from family Bacteroidales. Meanwhile, evidence suggests that Porphyromonadaceae stimulates
growth of the other genera, particularly Ruminococcaceae. This is consistent with what little is known biologically about these organisms, but paves the way for further biological insights into the functioning of
microbial communities.

5
5.1

Metagenomic data and other Omics Data
Limitations of Metagenome-Assembled Genomes

Although the analysis of marker genes such as the 16S ribosomal RNA gene can provide insight into the taxonomic composition of microbial communities, these analyses convey little about the functional capabilities
of the corresponding microorganisms. Assigning a name such as Escherichia coli or Bacteroides thetaiotaomicron to an OTU or ASV gives incomplete information due to the potential for considerable functional
variation among members of a given species. Genome sequencing from culture can yield further insights,
but culturing the entire repertoire of microorganisms from, for example, a stool sample cannot be done.
Metagenomics, the shotgun sequencing of DNA extracted directly from a sample without culturing, can
overcome this limitation, and we can search these metagenomes for important functions such as pathogenicity, metabolic functions, and antimicrobial resistance. However, the power of metagenomic analysis comes at
the cost of tearing genomes into small DNA fragments that lose information about even their closest neighbouring sequence in the genome. Researchers have tried to overcome this last limitation by reassembling
entire genomes from metagenomes. This procedure requires the assignment of reads from a potentially complex metagenome to a bin that hopefully corresponds to a single, real genome, and assembly of the reads in
that bin to produce a metagenome-assembled genome or MAG. The problem is very challenging, and as with
most problems in bioinformatics, multiple approaches have been developed to accomplish this task. A preliminary simulation study of three methods plus one meta-method showed that bin purity (i.e., the percentage
of reads in a bin that belonged to the correct genome) and assembly completeness varied substantially by
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method and by genome, with closely related genomes often confounding MAG assembly. However, overall
accuracy scores fail to address the question of what we are missing in MAG assemblies that are inevitably not
perfect. A deeper analysis of the simulated dataset revealed that two types of genetic structures, plasmids and
genomic islands, were recovered at extremely low (< 40% in the best case) levels of sensitivity. These structures are highly mobile and often bear genes that confer pathogenicity and antimicrobial resistance; thus it is
important to recognize that MAG reconstruction alone should not be used to infer these traits. Future development should focus on incorporating reference-based assembly, better use of reads that do not assemble in
the early stages of the algorithm, and long-read sequencing to augment the traditional short-read approaches.

5.2

Integration of Microbiome and other Omics Data

High throughput microbiome profiling studies have identified associations between microbiome composition and a wide range of human disease and traits including cancer, HIV, menopause, blood pressure, and
others [20, 9, 16, 21]. Despite the plethora of findings, the specific mechanisms by which the microbiome
influences these conditions and health outcomes remain unclear. To this end, many studies are now interested in integrating other types of genomic data such as metabolomics [14], gene expression [17], and DNA
methylation [5] into microbiome studies. These other genomic markers can serve as intermediaries between
microbiome composition and outcomes and may provide clues as to the specific manner by which microbes
drive subsequent processes and disease. Conversely, guided by recent interest in microbiome studies and the
potential impact, many large scale genomic studies, such as large genome wide association study cohorts
[10], are also collecting microbiome data. The ability to integrate microbiome data with other types of genomic data promises comprehensive achievement of many biological, clinical and public health questions
that have eluded researchers for decades.
Despite the promises of these data, statistical analysis of these data continue to present difficulties for
researchers. Some of the central challenges sometimes include the standard problems for analyzing -omics
data including high-dimensionality, nonlinear effects, interactions among data features, modest effect sizes,
and limited availability of samples. However, in analyzing multiple data types, it is also necessary to accommodate the nature of the individual data types. For example, microbiome data are subject to zero inflation,
over-dispersion, compositionality, and structural (e.g. phylogenetic and functional) constraints [12]. Other
data types have their own personalities that present challenges. Finally, a major challenge lies in identifying the problem at hand: many researchers are conceptually interested in data integration yet do not have
a specific problem that is well formed. The vagueness of the problem often prevents direct translation into
mathematical and statistical terms. This last issue poses a particularly grand challenge for statisticians as it
hinders development and application of relevant statistical tools.
Particular problems of interest are contextual, but within the context of multi-omics data, we borrow a
recently presented taxonomy for describing studies involving multiple omics data types developed by Zhao
[26]. In particular, Zhao classifies studies based on data structure and research questions. Data structure,
here, is a simple dichotomization of whether the different types of omics are collected on the same sample
or on different individuals (sampling unit). Research questions can be loosely broken down as synthesis
questions and transfer questions. Synthesis questions essentially are questions wherein multiple -omics are
aggregated to understand an outcome better. Transfer questions are questions wherein one type of -omic data
is used to better understand another -omic data type or to better analyze another (possibly with regard to
outcome).
Some example studies are given in Table 1. For example, subtyping to identify enterotypes or clusters of
microbial communities (individuals) can be done using just microbiome data, but could be improved by also
including metabolomics data measured on the same individuals. That the metabolomics improves an already
feasible analysis implies that the question is a synthesis question. Similarly, mediation analysis generally
requires both data types to be collected on the same individuals. Moreover, mediation would not be feasible
without both types of data. Therefore, the question in this case is a transfer question.
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Data Structure
Same Samples
Different samples

Question Type
Synthesis
Subtyping
Prediction models
Visualization
Understanding relationships between disease

Transfer
Correlation
Mediation analysis
Effect modification
Predicted metabolomics

Table 1: Specific types of multi-omic studies conducted within the context of microbiome profiling fall into
categories based on data structure and research question.
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Application of microbiome data analysis in scientific and clinical
contexts

Decreasing costs for next-generation sequencing have accelerated the availability of this sequencing technology to research labs, hospitals, public health labs, and other regulatory bodies. As such, many are embracing
the use of metataxonomic and shotgun metagenomics approaches for a multitude of purposes including infectious disease detection, antimicrobial resistance prediction, and microbial community characterization across
various sectors. Though many bioinformatics solutions are available for metataxonomic and shotgun metagenomics data processing, relatively few user-friendly statistical solutions are available. This is a critical gap
given that many metagenomic and microbiome studies are being undertaken by biologists, clinicians, or research personnel with limited statistical expertise. In particular, the application of clinical metagenomics –
shotgun sequencing of a clinical specimen for unknown infectious disease detection – is rapidly being embraced by frontline laboratories in cases where conventional microbiological testing has failed to identify the
infectious agent [7, 8]. Unlike microbial community characterization studies, the goal of a clinical metagenomics approach is to identify and report the causative agent with an interpretation criterion supported by
a confidence threshold. To date, no such statistical method or interpretation criterion exists. In this regard,
there is a need for infectious disease experts and statisticians to work together towards the development of an
approach for reporting of clinical metagenomics findings.
Microbiome methodologies are frequently applied in many studies to identify key taxonomic features that
are differentially abundant. As reported during this workshop, many statistical methods have been developed
for differential abundance testing, however, random forest classification, a machine learning approach, can
also be used to identify key taxa of importance in microbiome studies. In one study presented [6], a random
forest classifier approach was used to classify Crohn’s disease and healthy control subjects. The model
performed well and important features for classification were consistent with taxa identified using differential
abundance testing. This approach may be useful to identify biomarkers highly associated with disease.
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