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Abstract

Experimental animal studies are typically associated with small sample sizes due to

ethical and practical limitations. However, such research projects often generate

high-dimensional data sets where the number of response variables is much greater than

the number of observations. This leads to several challenges with respect to the choice

of an appropriate statistical method.

The current research project focused on exploratory and inferential analysis of

multidimensional data sets from animal experiments with small group sizes. A

systematic comparison of univariate and multivariate hypothesis testing methods using

Monte Carlo simulations revealed that multivariate techniques offer no real benefit in

terms of power compared to univariate statistics. The well-known dimensionality

reduction technique, principal component analysis (PCA) was demonstrated to capture

dominant patterns in transcriptomic data successfully. However, PCA was outperformed

by ordination methods which take group assignment into account in terms of sensitivity

to detect treatment effects using simulated data. In contrast, multicollinearity combined

with small sample sizes was associated with high false positive rate when not handled

correctly by the multivariate statistical method. Additionally, microbiome studies based

on amplicon sequencing of the 16S rRNA gene were presented as a special case requiring

more flexible ordination and hypothesis testing techniques.

Taken together, this thesis demonstrates that harnessing the full potential of

multidimensional data is a challenging task which requires applying appropriate

statistical methods. A profound understanding of the strengths and limitations of the

alternative strategies is necessary in order to model the complex nature of multivariate

data and in turn draw correct inferences.
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Zusammenfassung

Tierversuche sind aufgrund ethischer und praktischer Einschränkungen typischerweise

mit kleinen Strichprobengrößen verbunden. Solche Forschungsprojekte erzeugen jedoch

oft hochdimensionale Datensätze, bei denen die Anzahl der abhängigen Variablen um

einiges größer ist als die Anzahl der Beobachtungen. Dies führt zu erheblichen

Herausforderungen bei der Wahl einer geeigneten statistischen Methode.

Die vorliegende Forschungsarbeit beschäftigte sich mit der explorativen und

inferentiellen Analyse mehrdimensionaler Datensätze aus Tierversuchen mit kleinen

Stichproben. Ein systematischer Vergleich von univariaten und multivariaten

statistischen Methoden mit Hilfe von Monte-Carlo-Simulationen ergab, dass multivariate

Techniken im Vergleich zu univariaten Statistiken keinen nützlichen Vorteil in Bezug auf

die Teststärke bieten. Die Hauptkomponentenanalyse (PCA), die eine gängige Methode

der Dimensionsreduktion ist, konnte dominante Muster in transkriptomischen Daten

erfolgreich erfassen. Jedoch wiesen Ordinationsverfahren, die die Gruppenzuordnung

berücksichtigen, eine höhere Sensitivität bei der Detektion von Behandlungseffekten

unter Verwendung simulierter Daten auf. Im Gegensatz dazu führte Multikollinearität in

Kombination mit kleinen Stichprobengrößen zu einer hohen Falsch-Positiv-Rate, wenn

sie von der multivariaten statistischen Methode nicht korrekt berücksichtigt wurde.

Zusätzlich wurden Mikrobiomstudien, die auf der Sequenzierung des 16S-rRNA-Gens

basieren, als Sonderfall vorgestellt, bei der flexiblere Methoden zur Dimensionsreduktion

und zum Testen von statistischen Hypothesen angewendet werden müssen.

Zusammengenommen zeigt die vorliegende Forschungsarbeit, dass die Nutzung des

vollen Potenzials mehrdimensionaler Datensätze eine herausfordernde Aufgabe ist, die

die Anwendung geeigneter statistischer Methoden erfordert. Ein tiefgreifendes

Verständnis der Stärken und Grenzen der alternativen Strategien ist notwendig, um die

Komplexität multivariater Daten zu modellieren und wiederum korrekte

Schlussfolgerungen zu ziehen.
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Introduction

Animal experiments usually recruit a limited number of subjects due to ethical

considerations and practical limitations. In contrast, the number of endpoints which are

analyzed often exceeds the number of observations by several orders of magnitude,

which is especially true in the analysis of omics data [Manzoni et al., 2016]. Each

variable produces its own dimension which results in high-dimensional data sets which

follow complex correlation structures. Due to this multivariate nature of the data,

different statistical testing methods can be employed for the analysis of the response

variables. One option is to perform a series of univariate tests, which requires

adjustments to the p-values due to multiple testing [Bender and Lange, 2001, Chen

et al., 2017]. The other option is to use multivariate hypothesis testing methods, which

are able to account for the correlation in the data and control for the family wise error

rate by reducing the number of tests [Tabachnik and Fidell, 2014]. Since animal studies

are often underpowered due to small sample sizes [Button et al., 2013, Sena et al., 2010],

it is of great relevance to investigate if univariate or multivariate methods offer an

advantage in terms of power to detect group differences.

In this line of thought, some fields of research such as neurotrauma have already proposed

applying multivariate statistics to create composite outcome measures which can then be

used for hypothesis testing (e.g. [Ferguson et al., 2011, Nielson et al., 2015, Ferguson et al.,

2013]). However, it is important to systematically investigate how multivariate statistics

perform in terms of type I and type II error rates compared to univariate methods. This

can be achieved through simulation studies which can formally evaluate if the statistical

method correctly retains or rejects a null or an alternative hypothesis.

Prior to formal hypothesis testing, however, it is often crucial to obtain a better

understanding of general patterns of the data and identify important features.

Exploratory analysis of high-dimensional data sets requires multivariate statistical

techniques that are able to capture relevant patterns in the data and adequately

represent them in reduced Euclidean space using 2- or 3-dimensional diagrams. This

process is referred to as dimensionality reduction or ordination in reduced space
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[Borcard et al., 2011, Legendre and Legendre, 2003]. In very general terms, ordination

methods are based on the extraction of eigenvectors of an association matrix. These

eigenvectors serve as axes of a new co-ordinate system onto which the data points are

projected in reduced space. A successful ordination procedure accounts for a large

proportion of the dispersion in the data. Additionally, it preserves the distance

relationship between the objects to a high degree such that objects that are close to

each other in the original hyper-ellipsoid also appear close to each other in the

ordination diagram [Legendre and Legendre, 2003].

Principal component analysis (PCA) represents the best-known and most widely applied

dimensionality reduction technique [Ringnér, 2008]. The method is based on spectral

decomposition of a covariance or correlation matrix by simultaneously preserving the

Euclidean distance between the data points. PCA can be applied to most quantitative

or semi-quantitative variables, however, in certain cases, Euclidean distance is not the

optimal strategy for describing the relationship between the objects of interest.

Alternative ordination techniques can handle different distance or dissimilarity

measures. For instance, principal coordinate analysis (PCoA), which is also known as

classical multidimensional scaling (MDS), can be applied with any distance/dissimilarity

matrix. Non-metric multidimensional scaling (NMDS) is a non-parametric method

based on ranks obtained from any distance measure. Another example is correspondence

analysis (CA), which preserves the χ2-distance between the input objects.

Ordination techniques can be divided into two groups - unconstrained and constrained

(canonical) - depending on how they handle labeling of the input data. Unconstrained

methods are directly applied on the data matrix without considering external

information such as group assignment. Association to grouping factors can be

investigated descriptively once the ordination has been performed. In contrast,

constrained methods relate a matrix of dependent variables Y to a matrix of explanatory

variables X. For instance, redundancy analysis (RDA) [Legendre and Legendre, 2003]

and canonical correspondence analysis (CCA) [Braak, 1986] are the constrained versions

of PCA and CA, respectively. These dimensionality reduction techniques first use

regression to produce a set of fitted values ŷ for the response variables. The fitted values

are then used in the ordination procedure. This also allows formally testing the

hypothesis if the explanatory variables significantly impact the ordination. Discriminant

analysis (DA) is a conceptually different constrained ordination method that treats the

labeling of the data as the dependent variable and a set of quantitative measures as the

explanatory variables. While DA can in fact be used for dimensionality reduction and

ordination, the goal is often actually to classify new observations to a certain group by

training a model on existing data. Alternative versions of DA include linear
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discriminant analysis (LDA) and partial least squares discriminant analysis (PLS-DA).

PLS-DA is also referred to as projection to latent structures discriminant analysis.

An overview of different unconstrained and constrained methods and the distance or

dissimilarity measure they are based on is presented in Table 1.1. A comprehensive

review of dimensionality reduction techniques and their application to omics data is

provided by Meng et al. [2016].

Table 1.1: Overview of unconstrained and constrained ordination techniques

and the respective distance measures they preserve

Unconstrained method Distance

preserved

Constrained method

Principal component analysis

(PCA)

Euclidean distance Redundancy analysis (RDA)

Principal coordinate analysis

(PCoA) / Multidimensional

scaling (MDS)

Any distance /

dissimilarity

Canonical analysis of

principal coordinates (CAP)

/ Distance-based redundancy

analysis (dbRDA)

Correspondence analysis

(CA)

χ2-distance Canonical correspondence

analysis (CCA)

Detrended correspondence

analysis (DCA)

χ2-distance Detrended canonical

correspondence analysis

(DCCA)

Non-metric multidimensional

scaling (NMDS)

Any distance /

dissimilarity

Diversity indices Double principal coordinate

analysis (DPCoA)

Mahalanobis

distance

Linear discriminant analysis

(LDA)

Mahalanobis

distance

Partial least squares

discriminant analysis

(PLS-DA)
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Microbiome studies as a special case for ordination
and dimensionality reduction

Recently, studying the composition of intestinal bacteria has gained tremendous

popularity as there have been multiple reports of associations between impairments in

gut microbiome homeostasis and diseases such as obesity and type II diabetes [Cani

et al., 2008, Turnbaugh et al., 2006, Cani et al., 2009], inflammatory bowel disease

[Henke et al., 2019, Joossens et al., Hall et al., 2017], but also cognitive impairments

[Buffington et al., 2016, Unger et al., 2016, Vogt et al., 2017, Zhuang et al., 2018].

Usually, amplicon sequencing of the 16S rRNA marker gene is employed to study the

bacterial composition of biological samples under different experimental conditions

[Morgan and Huttenhower, 2012]. The downstream analysis, i.e. the annotation of the

findings and the investigation of the biological relevance, is based on matrices containing

the absolute abundance of bacterial taxonomic units. These data present an interesting

case with respect to ordination and dimensionality reduction since bacterial abundance

matrices are sparse, meaning that they contain a great number of zeros [Paulson et al.,

2013]. The absence of a bacterial taxonomic unit might be either due to a true biological

or experimental effect or a consequence of methodological issues such as under-sampling

or low sequencing depth. Incorrect handling of zero entries in the abundance matrix will

very likely lead to spurious conclusions. For instance, two samples might appear more

similar to each other simply because they have a lot of zero entries in the abundance

matrix if the Euclidean distance is applied in an ordination procedure [Legendre and

Legendre, 2003, Borcard et al., 2011]. Furthermore, the Euclidean distance gives a

stronger weight to more abundant bacteria due to the squared term. Many ecologically

more meaningful distance or dissimilarity measures exist. Ordination methods which

can handle this broader range of distance or dissimilarity indices and should therefore be

applied in microbiome studies include PCoA/MDS and its canonical equivalents

constrained analysis of principal coordinates (CAP) and distance based RDA (dbRDA);

CA and its canonical version CCA; NMDS and double PCoA [Pavoine et al., 2004].

Aims and structure of the thesis

The current cumulative thesis had three major aims which are addressed in the respective

publications as detailed below:

• The first aim of the thesis was to provide a user-flriendly and comprehensive

overview of the theoretical aspects of PCA, which is the most widely used

dimensionality reduction technique. This aim is addressed in the publication

10



presented in section 2.1. Apart from elaborating on the mathematical procedure of

calculating the principal components, this publication also details the statistical

application and interpretation of PCA. In particular, an applied example using

transcriptomic data demonstrates how this ordination technique can be employed

to detect gene expression patterns and how they are associated with experimental

factors.

• The second aim of the thesis was to investigate if multivariate statistical

techniques might offer an advantage over univariate techniques for detecting

treatment effects in controlled animal studies with small samples. This aim is

addressed in the publication presented in section 2.2. The power and type I error

rate of alternative multivariate and univariate hypothesis testing methods were

evaluated using Monte Carlo simulations by manipulating the sample and effect

size as well as the distribution and variance of the response variables.

Additionally, the sensitivity and specificity of the dimensionality reduction

techniques PCA, RDA, PLS-DA and LDA to detect treatment effect patterns

without formal hypothesis testing were compared. The simulations were based on

a real traumatic brain injury study in rats in order to closely mimic realistic

experimental conditions.

• The final and major aim of the thesis was to provide practical examples of

applying ordination techniques and statistical testing methods in the special case

of microbiome studies using 16S rRNA sequencing data. This aim is addressed in

the publications included in sections 2.3 and 2.4. The first publication examined

the impact of α-linolenic acid (ALA)-rich diet on the composition of small

intestinal microbiota in mice. The second publication focused on the chronic and

acute effects of amyloid-β exposure on commensal bacteria in wild type or

Alzheimer’s disease model mice (5xFAD). Canonical ordination techniques using

distance/similarity measures appropriate for ecological data were employed to

investigate the β-diversity between different experimental groups.

Permutation-based analysis of variance was then applied to test if the

experimental conditions significantly impacted microbiota composition. The

challenging issue of testing differential abundance of individual bacterial

taxonomic units was tackled by calculating log2-fold changes of bacterial

abundance assuming a negative binomial distribution. To this end, the statistical

procedure implemented by the DESeq2 R package was applied.
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ABSTRACT

Advances in computational power have enabled
research to generate significant amounts of data related
to complex biological problems. Consequently, applying
appropriate data analysis techniques has become
paramount to tackle this complexity. However, theoretical
understanding of statistical methods is necessary to
ensure that the correct method is used and that sound
inferences are made based on the analysis. In this
article, we elaborate on the theory behind principal
components analysis (PCA), which has become a
favoured multivariate statistical tool in the field of
omics-data analysis. We discuss the necessary
prerequisites and steps to produce statistically valid
results and provide guidelines for interpreting the output.
Using PCA on gene expression data from a mouse
experiment, we demonstrate that the main distinctive
pattern in the data is associated with the transgenic
mouse line and is not related to the mouse gender. A
weaker association of the pattern with the genotype was
also identified.

KEYWORDS

Principal components analysis; gene expression;
exploratory data analysis

INTRODUCTION

Research in the field of computational biology
often requires measuring a huge number of variables
simultaneously. This makes exploratory data analysis
challenging since visualization techniques are optimal
only in two- or three-dimensional space. On the other
hand, if variables are analyzed individually, important
associations may be ignored or some calculations may
be redundant due to overlapping variance [1].

Principal components analysis (PCA) is a statistical
technique applied to complex data sets aiming
at reducing the dimensionality of the data while
simultaneously retaining the maximum amount of
variance. Dimensionality reduction is achieved by
creating a set of new variables called principal
components (PC) which are linear combinations of
the original variables. Usually, a small number of

components are sufficient to capture most of the
variability of the data set. Exploratory data analysis can
then be applied to a subset of principal components
rather than analyzing the larger number of initial
variables. Herewith, the complexity of the analysis can
be reduced.

Furthermore, PCA can be applied to investigating
the relationship among the original variables. Principal
components identify subsets of variables which are
correlated with each other, thereby possibly uncovering
meaningful patterns in the original data. Such
patterns might easily be overlooked if multivariate
techniques are not used, since a large number of
variables usually prohibits the systematic investigation
of all possible pairwise interactions or interactions of
higher order, respectively. PCA may also facilitate
uncovering underlying processes in the data set. In
this context, principal components can be perceived
as latent variables which cannot be directly measured.
Latent processes are considered to be responsible for
the correlations between the observed variables [1].

BASIC PRINCIPLES OF PCA

The input for PCA is a data matrix X, in which
the columns represent different variables and the rows
correspond to values measured on the variables. For
simplicity, consider the example in Table 1 which
includes measurements on two variables. 100 data
points (corresponding to different individuals) for each of
the variables were generated using a bivariate normal
distribution with a mean of 30 and 15, respectively,
variances 10 and 2, respectively, and a Pearson
correlation coefficient equal to 0.67 using the mvrnorm()
R function. The maximal number of components
in PCA is equal to the number of variables or
the number of observations, whichever is smaller.
Therefore, a maximum of two components can be
extracted using the data in Table 1. The principal
components are linear combinations of the original
variables, i.e. a weighted sum of the input variables:

PC1 = w1,1V ar1 + w1,2V ar2
PC2 = w2,1V ar1 + w2,2V ar2

where wi,j is a weighting coefficient. Importantly, the
first principal component (PC1) points in the direction of
the largest variance in the data set (Figure 1a). PC2
is orthogonal to PC1 and shows the direction of the

Publisher: Kernel Press. Copyright c© (2018) the Author(s). This is an Open Access article distributed under the
terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits

unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
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Subject Var1 Var2
1 35.19 16.45
2 26.83 13.89
3 32.79 16.2
4 30.82 15.15
5 25.96 13.42
6 28.09 15.5
7 28.86 13.51
8 30.06 12.51
9 29.31 13.62
10 34.2 15.16

Table 1: Simulated data set including two variables. 100
data points were sampled from a random bivariate normal
distribution with means 30 and 15, variances 10 and 2 and a
Pearson correlation coefficient equal to 0.67 for var1 and var2
with the help of the mvrnorm() R function. Scores for 10 random
subjects are shown.

second greatest variance, and so forth, until the maximal
number of components is reached. As PC1 usually
captures the majority of variance, the original (potentially
high-dimensional) data can be projected on a subset of
a few essential principal components only, while higher
dimensions can be discarded without a major loss of
information. In our simplified example (see Figure 1b,
1c), PC1 already captured 83.5% of the original
variance, therefore PC2 can be neglected. Methods
for selecting the appropriate number of components are
discussed below. Furthermore, the R script used to
generate the tables and figures is provided with the
article (Supplementary File 1).

ASSUMPTIONS OF PCA

Several prerequisites need to be met to produce
meaningful results with PCA. Firstly, the input data
need to be continuous, real-valued variables measured
on an interval or ratio scale because standard PCA
investigates patterns of covariance/correlation, which
only makes sense for such variables. Appropriate
methods for discrete variables measured on an
interval scale such as integers or categorical variables
include among others correspondence analysis [2],
multiple correspondence analysis [2, 3] or non-metric
multidimensional scaling [2]. However, these techniques
will not be discussed in the context of this article.
Secondly, covariance/correlation measures require that
the relationship between each pair of variables is linear.
If non-linear relationships are detected, appropriate
data transformation techniques (e.g. logarithmic
transformation) should be considered. Screening for
outliers should be performed prior to the analysis, since
outliers can affect the size of the covariance/correlation
and thus distort the results. Finally, a sufficiently large
sample size is needed to obtain more accurate estimates
for the covariance/correlation population parameters,
which leads to more robust PCA results [1].

(a)

(b)

(c)

Figure 1: Basic principles of PCA. (a) Scatter plot of
the standardized variables shown in Table 1. Variables were
standardized by subtracting the respective mean from each
value and dividing the result by the standard deviation. The
red arrow represents the direction of the largest variance of
the multivariate Gaussian distribution derived from the data.
The blue arrow captures the direction of the second largest
variance orthogonal to the first vector. (b) A scatter plot of
the two variables projected on the first and second principal
components. The amount of variance accounted for by each
component is given in brackets. (c) Dimension reduction in this
example can be achieved by retaining only the first principal
component. Since PC1 captures 83.5% of the variance in the
original data, discarding PC2 does not lead to a major loss of
information.

2
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EXTRACTION OF PRINCIPAL COMPONENTS

The main step of PCA is the computation of the
weighting coefficients that are needed to create the
linear combinations of the original variables. The
different possible approaches are all based on the
principles of low-rank matrix factorization, i.e. on
decomposing a matrix into a product of matrices of
a smaller rank/dimension. A common approach uses
the covariance matrix S of the original variables to
extract the principal components. S is a symmetric
matrix whose off-diagonal elements correspond to the
covariance between pairs of variables in a data set. The
entries in the main diagonal represent the variance of a
variable. In a procedure called eigendecomposition, S
can be represented in the following way:

S = VSLSV
T
S

with VS being the matrix of the normalized eigenvectors
v of S. LS is a diagonal matrix containing the
corresponding eigenvalues and VS

T the transpose of VS.
Note that the eigenvector v of a square matrix M has the
following property:

Mv = λv
where λ is the corresponding eigenvalue. The
eigenvectors of S are orthogonal to each other and the
eigenvalues are non-negative.

The eigenvectors of the covariance matrix S are then
used as weighting coefficients to calculate the principal
component scores:

F = XVS

where X is the matrix of mean-centered data and F is a
matrix whose columns contain the principal components.
From a statistical point of view each principal component
can be regarded as a new variable which can be used
for statistical tests or data visualization. Therefore, every
subject from the original data set has a specific value
measured on each principal component, also called a
principal component score. The first eigenvector v1,
corresponding to the largest eigenvalue λ1, is used to
calculate the first principal component. This procedure
produces principal components with a mean equal to 0
and a variance equal to the corresponding eigenvalue.
The sum of all eigenvalues is equal to the total variance
in the original data matrix X. Since the first eigenvalue
is the largest, the first principal component accounts for
the biggest amount of variability in the original data.

An alternative approach of calculating the principal
components is to use the eigenvectors of the correlation
matrix R as weighting coefficients. Recall that R
is a symmetric matrix whose off-diagonal elements
represent the Pearson correlation coefficients between
pairs of variables in a data set. The entries in the main
diagonal are all equal to 1 because they correspond to
the correlation of a variable with itself. This strategy is
recommended when input variables are measured on
different scales (otherwise variables with a larger scale
dominate the size of the covariance). Component scores
are calculated by multiplying the standardized data
matrix X with the matrix VR containing the eigenvectors
of the correlation matrix R.

Finally, extraction of principal components may be

Eigenvectors
V1 V2 V3 V4

-0.3 0.64 -0.7 -0.12
-0.28 0.65 0.71 0.04
-0.66 -0.25 -0.07 0.71
-0.63 -0.33 0.09 -0.7
Eigenvalues (% variance captured)
1.90 1.63 0.33 0.14
(48%) (41%) (8%) (3%)

Table 2: PCA analysis on simulated data. For this
example, the simulated data set in Table 1 was extended
by two additional variables sampled from a bivariate normal
distribution with means 110 and 135, variances 20 and 33
and Pearson correlation coefficient 0.856. PCA was then
performed by singular value decomposition of the standardized
data matrix (each variable with a mean of 0 and standard
deviation of 1) using the prcomp() R function. The right
singular vectors V1 to V4 which are equal to the eigenvectors
of the correlation matrix were used as weighting coefficients
to calculate the principal components. The corresponding
eigenvalue and the percentage of variance captured by each
component (calculated by dividing each eigenvalue by the sum
of all eigenvalues) are included.

facilitated by performing singular value decomposition of
the original data matrix X:

X = UDV T

where U is a matrix of the so-called left singular vectors,
D is a diagonal matrix of singular values and V contains
the right side singular vectors [4]. Singular value
decomposition is performed either on the mean centered
(each column has a mean of 0) or the standardized data
matrix, respectively, where each column has a mean of 0
and a variance of 1. If the mean-centered matrix is used,
the matrix V (i.e. the right singular vectors) is equal to the
eigenvectors of the covariance matrix S. If, however, the
standardized data matrix is used, then the right singular
vectors correspond to the eigenvectors of the correlation
matrix R. In both cases, the right singular vectors are
used as weighting coefficients to calculate the principal
component scores from the original variables.

In order to show a more detailed example of PCA,
we extended the data shown in Table 1 with two
additional variables. The new variables were sampled
from a bivariate normal distribution with means 110
and 135, variances 20 and 33 and Pearson correlation
coefficient 0.856. Since the scale of the variables
was not specified, PCA was performed by singular
value decomposition on the standardized data using the
prcomp() R function. This produces identical results to
performing eigendecomposition of the correlation matrix
because prcomp() automatically rescales the singular
values to the eigenvalues and reports the square root
of the eigenvalues as standard deviation of the principal
components. However, singular value decomposition is
preferred due to numerical stability. The eigenvectors
and the corresponding eigenvalues from our analysis
on the simulated data set are shown in Table 2. This
example demonstrates important characteristics of PCA,
namely that the maximal number of components is equal
to the number of original variables and that the first
component accounts for the largest variance in the data.

3
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PRINCIPAL COMPONENTS SELECTION

A major issue in PCA is to decide on how many
components to retain in order to still keep a sufficient
amount of variance but, at the same time, to achieve a
substantial reduction in dimensionality. One possibility
is to define a threshold (e.g. a certain percentage
of the original variability) and keep as many principal
components as necessary to exceed this threshold.
Another option is to keep only principal components with
a corresponding eigenvalue equal to or greater than 1,
the so called Kaiser criterion. This, however, is only
applicable if PCA is performed by eigendecomposition
of R or singular value decomposition of the standardized
data matrix X. In this case, each original variable has
a variance of 1. Therefore, only components which
account for more variability than a single variable are
meaningful and should be retained.

The probably most popular approach is the Scree
plot [5], where the principal components are plotted
on the x-axis in descending order against their
corresponding eigenvalues. This leads to a decreasing
function showing the variance explained by each PC.
This plot often shows a clear crease (the so-called
“elbow”) separating the ’most important’ components
from the ’least important’ components. All components
to the right of the break point can be discarded. The
disadvantage of this method is the visual inspection of
the Scree plot - a subjective way to identify the correct
number of principal components. Furthermore, in some
practical applications, it might be difficult to determine
the cut-off point where the slope of the line which goes
through the eigenvalues changes the most.

A more sophisticated technique is parallel analysis [6].
Here, PCA is performed on a simulated data set with as
many variables and cases as there are in the original
data set. Averaged eigenvalues from the simulated data
are compared to the eigenvalues obtained from the real
data. Components from the real data with eigenvalues
lower than the eigenvalues for the simulated data are
discarded. Parallel analysis offers a more objective way
to assess the appropriate number of components to
keep. Therefore, it can be more useful than the Scree
test in many real-world applications of PCA.

We applied the Scree test and parallel analysis on
our example of PCA on the small simulated data
set (Figure 2). Both techniques indicated that two
components are meaningful, therefore the third and
fourth principal components can be discarded.

INTERPRETATION OF PRINCIPAL
COMPONENTS

Principal components are interpreted based on the
original variables which “load” on them. Loadings
correspond to correlations or covariances between the
original variables and principal components. Variable
loadings are stored in a loading matrix, A, which is
produced by multiplying the matrix of the eigenvectors
with a diagonal matrix containing the square root of the
corresponding eigenvalues:

Figure 2: Scree plot and parallel analysis of PCA. Results
from the Scree test and parallel analysis for PCA performed on
the simulated data set with four variables and 100 cases are
shown. The blue line shows the actual eigenvalues obtained
from the PCA analysis. The dramatic slope change between
the second and third principal components indicates that only
the two first components are the most meaningful and so should
be retained. The red line shows random eigenvalues generated
with parallel analysis. Only the first and the second actual
eigenvalues are larger than the random eigenvalues which
indicates that only two principal components should be retained.

A = V
√
L

The entries in A are dependent on the technique
used for extracting the components. If extraction is
based on singular value decomposition of the matrix
of mean-centered data or on eigendecompositon of
the covariance matrix, then unstandardized loadings
represent the covariance between mean-centered
variables and standardized component scores.
However, if eigendecomposition of the correlation
matrix is performed, then standardized loadings are
produced. These loadings represent correlations
between the original variables and component scores.
Standardized loadings are easier to interpret, since
they always range from -1 to 1 and are independent
of the scale used. A threshold is usually defined and
only variables with loadings above this threshold are
considered. A common rule of thumb suggests to only
consider standardized loadings exceeding 0.45 (since
this corresponds to 20% shared variance between the
original variable and the principal component) [1].

The loading matrix for the PCA performed on our
simulated data set with four variables is shown in
Table 3. Since we used singular value decomposition
of the standardized data matrix X, loadings represent
correlations between principal components and original
variables. PCA managed to capture the structural
pattern of high correlation between var1 and var2 and
between var3 and var4, respectively, in our simulated
data.

VISUALIZATION OF RESULTS

PCA results are usually graphically represented by
two- or three-dimensional dot plots of scores on the
first few principal components. Each point represents
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PC1 PC2
Var1 0 0.82
Var2 0 0.83
Var3 -0.91 0
Var4 -0.87 0

Table 3: Standardized loading matrix. The loading matrix
is based on our PCA analysis of simulated data including 4
variables and 100 cases (see Table 1 and Table 2). Loadings on
the retained first two PC (see Figure 2) represent correlations
between the original variables and the principal components.
Loadings below 0.45 were set to 0 to ease interpretation. The
loading matrix reveals a structural pattern in the original data.
Var3 and var4 both load significantly on PC1 whereas var1 and
var2 load significantly on PC2, thus indicating an association
between var1 and var2 on the one hand and between var3 and
var4 on the other.

a subject of the original data set and the coordinates
correspond to the specific value measured for this
subject on the corresponding principal component.
While a scatter plot of scores on PC1 against PC2 is the
most common (Figure 3), it is important to test different
combinations since multivariate patterns might emerge
based on other components.

AN EXAMPLE OF PCA ON GENE EXPRESSION
DATA

In order to show a practical example of PCA applied
to genomic data, we analyzed gene expression data
from brain tissue samples obtained from a transgenic
mouse model and wild-type controls (GEO identifier:
GSE47029). The study by Maung and colleagues
tested whether genetic ablation of the CCR5 chemokine
receptor impacts brain damage induced by HIV envelope
protein gp120 in two transgenic mouse lines [7]. The
input data matrix included 225 samples and 33503
features.

Gene expression levels have been shown to be
heteroscedastic, meaning that their variance changes
depending on mean expression level. Usually, genes
with lower expression levels are associated with higher
variability across different measurements [8]. The
Poisson distribution which is often applied to modelling
count data tends to underestimate the variance in
gene expression data [8]. In contrast, the negative
binomial (NB) distribution has been shown to provide a
good fit when modelling differential gene expression [9].
The NB model assumes that an observation has a
population mean µ and variance σ2 = µ + φµ2,
where φ is the so-called dispersion parameter [9]. To
account for the heteroscedasticity of the input data, we
estimated the dispersion parameter for each gene with
the help of the DESeq R package. Afterwards, we
applied the varianceStabilizingTransformation() function
to the input data in order to produce a data matrix in
which expression levels are homoscedastic. Finally, we
extracted the principal components from the transformed
data using the plotPCA() function. The plotPCA()
function internally calls on prcomp(), meaning that
PCA was performed by singular value decomposition of

the matrix of mean centered, variance stabilized gene
expression data. With default settings plotPCA() extracts
the components using only the top 500 most variable
genes. Therefore, the input data matrix for the example
shown here consisted of 225 rows (samples) and 500
columns (genes).

PCA identified two distinct clusters in the data
separated based on scores on the first principal
component (Figure 3). Different colouring schemes were
applied to investigate if the separation was associated
with a specific factor. This analysis revealed that
the two clusters correspond to mouse line 1 and 2
(Figure 3a), suggesting an overall differential gene
expression between the two transgenic mouse lines.
Maung et al., who conducted the study the data
were obtained from, reported an increased gp120 RNA
expression in animals from line 2 compared to line 1.
Furthermore, an up-regulation associated with gp120
was observed for six genes (CCR5, CCL2, CCL3, CCL4,
CXCL10 and C4b) in mouse line 2 relative to line 1.
These findings are in agreement with the two distinct
clusters corresponding to both mouse lines revealed by
our PCA (Figure 3a).

No differences could be determined based on gender
(Figure 3b), however a certain discrimination associated
with genotype was present based on scores on the
second principal component (Figure 3c). Notably,
Maung and colleagues identified a core common set of
genes for the gp120+ genotype in mouse line 1 and line
2 which were differentially expressed in the presence
or absence of the CCR5 receptor. The multivariate
genotype pattern which we observed within both clusters
corresponding to mouse line 1 and 2 is very similar and
might therefore mainly relate to the core set of genes
identified by Maung et al. A detailed inspection of the
loading matrix could provide even more insights into
which specific genes are differentially expressed based
on genotype.

PC1 and PC2 together only accounted for 24.03%
of the total variance which means that additional
components are important and may be associated with
multivariate patterns. However, our goal here is not
to provide a complete analysis of the gene expression
data set, but more to demonstrate how PCA can be
applied to this type of data for exploratory purposes.
Since a multivariate pattern already emerged based on
PC1 and PC2, we did not further evaluate the remaining
components.

The R script used to perform the PCA analysis on
gene expression data is included in Supplementary File
2.
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Figure 3: PCA analysis on gene expression data. PCA was performed on transformed gene expression data from a mouse
model. PCA identified two distinct clusters in the data separated along the first principal component. Different colouring schemes
revealed that clustering was associated with the mouse line (a). Gender was not associated with a pattern in the data (b), but
genotype revealed a gradient of discrimination along the second principal component (c). The amount of variance in percent
accounted for by each PC is included in brackets.
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Abstract
Background

Small sample sizes combined with multiple correlated endpoints pose a major challenge in

the statistical analysis of preclinical neurotrauma studies. The standard approach of apply-

ing univariate tests on individual response variables has the advantage of simplicity of inter-

pretation, but it fails to account for the covariance/correlation in the data. In contrast,

multivariate statistical techniques might more adequately capture the multi-dimensional

pathophysiological pattern of neurotrauma and therefore provide increased sensitivity to

detect treatment effects.

Results

We systematically evaluated the performance of univariate ANOVA, Welch’s ANOVA and

linear mixed effects models versus the multivariate techniques, ANOVA on principal compo-

nent scores and MANOVA tests by manipulating factors such as sample and effect size,

normality and homogeneity of variance in computer simulations. Linear mixed effects mod-

els demonstrated the highest power when variance between groups was equal or variance

ratio was 1:2. In contrast, Welch’s ANOVA outperformed the remaining methods with

extreme variance heterogeneity. However, power only reached acceptable levels of 80% in

the case of large simulated effect sizes and at least 20 measurements per group or moder-

ate effects with at least 40 replicates per group. In addition, we evaluated the capacity of the

ordination techniques, principal component analysis (PCA), redundancy analysis (RDA), lin-

ear discriminant analysis (LDA), and partial least squares discriminant analysis (PLS-DA) to

capture patterns of treatment effects without formal hypothesis testing. While LDA suffered

from a high false positive rate due to multicollinearity, PCA, RDA, and PLS-DA were robust

and PLS-DA outperformed PCA and RDA in capturing a true treatment effect pattern.
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Conclusions

Multivariate tests do not provide an appreciable increase in power compared to univariate tech-

niques to detect group differences in preclinical studies. However, PLS-DA seems to be a use-

ful ordination technique to explore treatment effect patterns without formal hypothesis testing.

Introduction

The aim of controlled preclinical studies is usually to investigate the therapeutic potential of a

chemical or biological agent, or a certain type of intervention. For this purpose, animals are ran-

domized to a control group and a number of treatment groups in a manner similar to clinical tri-

als. For quantitative endpoints, treatment effects are evaluated by assessing mean differences

between control and intervention groups. In an effort to obtain as much information as possible

with minimal cost of life, usually multiple endpoints are included in the trial [1], which is further

motivated by the fact that the optimal efficacy endpoint for a specific disease might not be known.

In this context, the null hypothesis of no treatment effect (H0) can be rejected in two ways. The

standard approach consists of performing independent univariate tests on each variable sepa-

rately. However, this strategy might lead to an inflated family-wise error rate. In addition, differ-

ent endpoints are usually correlated, implying that preclinical trials are multi-dimensional in

nature. Consequently, the second approach is to use a multivariate technique, which accounts for

the covariance/correlation structure of the data. H0 is usually tested on some kind of linear combi-

nation of the original variables. Due to the increased complexity of analysis and interpretation of

results in this case, such an approach has found limited use in preclinical research so far.

A number of studies have highlighted the potential benefits of multivariate techniques in the

context of preclinical trials [2] and more specifically animal neurotrauma models [3–7]. Trau-

matic or ischemic events to the central nervous system such as stroke, spinal cord or traumatic

brain injury are followed by a multi-faceted pathophysiology which manifests on molecular, his-

tological and functional levels [8–11]. Individual biological mechanisms that are disrupted by or

result from the neurotrauma such as apoptosis [12, 13], neuroinflammation [14–18], oxidative

stress [18–20] and plasticity alterations [21, 22] have provided therapeutic targets in animal

models. However, translation of candidate therapies to humans continues to be mostly unsuc-

cessful [23–26]. Many studies indicate that individual biological processes interact together in

determining functional outcome, which is why multivariate measures might capture the com-

plex disease pattern more successfully and therefore detect therapeutic intervention efficacy

with increased sensitivity [3, 4]. However, no solid proof of the superiority of multivariate meth-

ods beyond these theoretical considerations has been ascertained so far.

The aim of our current study was to obtain empirical evidence as to whether univariate or

multivariate statistical techniques are better suited for detecting treatment effects in preclinical

neurotrauma studies. For this purpose, we performed simulations under a broad range of con-

ditions while simultaneously trying to mimic realistic experimental conditions as closely as

possible. We investigated the empirical type I error rate as well as empirical power of several

competing techniques and evaluated factors which impact their performance.

Methods

Simulation procedure

We performed a Monte Carlo study using the statistical software R [27] and following recom-

mendations of Burton et al. for the design of simulation studies [28]. Artificial data were based
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on a real study in a rat model of traumatic brain injury. In the preclinical trial, twenty animals

per group received either vehicle control or a therapeutic agent. Functional outcome was eval-

uated based on 6 different endpoints including 20-point neuro-score, limb placing score,

lesion and edema volume, and T2 lesion in the ipsilateral and contralateral hemisphere. All

variables were measured repeatedly on three time points, therefore resulting in a data matrix

with 18 columns. In order to obtain more general estimates of the mean vector and covariance

matrix for subsequent simulations, a non-parametric bootstrap procedure was applied using

the data from the saline control group from the in vivo study. Since two animals from this

group were excluded from the study, the resampling procedure was conducted with the avail-

able 18 animals. 10,000 samples were drawn from the original data with replacement and the

average mean vector and covariance matrix were then calculated. In order to retain the covari-

ance structure of the data, complete rows of the data matrix (corresponding to all measure-

ments from a single animal) were always sampled as a 18x1-dimensional vector. The nearPD R

function was then employed to force the calculated dispersion matrix to be positive definite.

The resulting mean vector and covariance matrix were used as parameters for multivariate dis-

tributions, from which data for subsequent simulations were sampled (see S1 Appendix of

Tables 1 and 2). We generated one control group and three treatment groups under each sce-

nario, which corresponds to a typical preclinical trial design where increasing doses of a thera-

peutic agent are tested against a control treatment.

Simulation factors

Sample size. We performed simulations with 5, 10, 15 and 20 measurements per treat-

ment group to investigate the impact of sample size. These values were selected to represent

realistic group sizes commonly encountered in preclinical trials. Additionally, we performed

simulations with 30, 40 and 50 replicates per group to investigate the effect of a larger sample

size beyond those typical for animal studies. In the course of this study we use the terms mea-

surements, subjects and replicates per group interchangeably.

Effect size. Treatment effects were based on Cohen’s d with values set to 0, 0.2, 0.5 and 0.8

corresponding to no effects, small, moderate and large statistical effect sizes relative to the con-

trol group, respectively [29]. We chose Cohen’s d because this standardized statistical measure

of effect size is independent of the scale of the original variables. The population mean values

for the treatment groups were then calculated using the formula μ1 = μ0±s�d, where μ0 corre-

sponds to the population mean of the respective variable in the control group and s signifies

the standard deviation of both groups in case of equal variance or the average standard devia-

tion in case of unequal variance. We performed simulations with no treatment effects in all

groups to investigate empirical type I error rate. Additionally, we investigated empirical power

by simulating either large, moderate or small effects in the treatment groups relative to the

control group.

Distribution of dependent variables. The dependent variables were simulated to follow a

multivariate normal distribution to comply with the assumptions of the investigated methods.

Additionally, we employed the multivariate lognormal distribution and the multivariate

gamma distribution in order to investigate the impact of departures from normality. The mul-

tivariate gamma distribution was modelled using its shape parameter α and its rate parameter

β. These parameters were derived from the target mean and variance values using the follow-

ing relationships: μ = α/β and σ2 = α/β2, where μ and σ2 correspond to the mean and variance

of the gamma distribution, respectively. Since we wanted to simulate specific values for the

mean and variance, we used the following equations to obtain the shape and rate parameter of

PLOS ONE Systematic investigation of therapeutic efficacy in controlled preclinical neurotrauma trials
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the gamma distribution: α = μ2/ σ2 and β = μ/ σ2. The correlation matrix used for the simula-

tion of multivariate data sets is shown in S1 Appendix of Table 2.

Variance. Parametric univariate methods to detect mean differences assume that variance

in all groups is equal, which in the multivariate case extends to the assumption of homogeneity

of covariance matrices [30]. Therefore we first performed simulations with all groups having

equal variance. Then we simulated treatment groups having variance twice or 5 times higher

than the variance in the control group. This allowed us to investigate the impact of increasing

variance heterogeneity.

Factors were crossed to produce 252 different simulation scenarios with 1000 replicate data

sets generated under each combination of simulation conditions.

Methods to detect treatment effects

Univariate statistics. The univariate approach of investigating treatment differences

between groups consisted of a series of independent analysis of variance (ANOVA) tests on

each outcome variable separately. Furthermore, we applied Welch’s ANOVA as implemented

in the oneway.test R function, which does not assume equal variance between groups [31]. In

order to take the repeated measures nature of the input data into account, we also performed

linear mixed effects tests for each endpoint. Since we did not simulate an interaction between

treatment effect and time, we only included the main effects in the mixed effects model with-

out an interaction term. We rejected H0 of no treatment effect if the main effect for the treat-

ment factor was significant.

Multivariate statistics. The first multivariate strategy we investigated was performing

ANOVA tests on principal component (PC) scores obtained from the original variables. We

used eigen decomposition of the population correlation matrix in order to calculate the PCs,

which is the preferred approach when variables are measured on different scales [30, 32]. Based

on the Kaiser criterion, we only retained components whose corresponding eigenvalue was

greater than one [33]. Component scores were obtained by multiplying the standardized data

matrix of original variables with the eigenvectors of the population correlation matrix [32].

The second multivariate technique consisted of a series of multivariate analysis of variance

(MANOVA) tests on each study variable with repeated measures. Each repeated measure was

considered a separate dependent variable for the respective MANOVA. Thus, we performed 6

MANOVA tests, each of which included the three repeated measures of one endpoint as the

dependent variables. The significance of the MANOVA tests was evaluated using four different

statistics which are commonly provided by statistical software such as R, SAS or SPSS: Wilks’

lambda [34], Lawley-Hotelling trace [35], Pillai’s trace [36] and Roy’s largest root [37].

In all cases, H0 was rejected when the p-value from the omnibus test was less than 0.05; no

specific contrasts or post hoc analyses were considered. Different techniques were evaluated

based on the empirical type I error rate or on empirical power. Empirical type I error rate was

defined as the number of significant statistical tests divided by the total number of tests when

no treatment effects were simulated. Empirical power was defined as the number of significant

tests divided by the total number of tests in the cases when treatment effects were simulated.

Multivariate dimensionality reduction techniques for pattern analysis

In addition to formally comparing the type I error rate and power of univariate and multivari-

ate statistics, we also investigated if ordination techniques might be useful to detect patterns of

treatment effects in multi-dimensional preclinical data sets. We focused on methods that per-

form ordination and dimensionality reduction based on Euclidean distances and are therefore

suitable for quantitative and semi-quantitative data. First, we applied PCA, linear discriminant

PLOS ONE Systematic investigation of therapeutic efficacy in controlled preclinical neurotrauma trials
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analysis (LDA), redundancy analysis (RDA), and partial least squares discriminant analysis

(PLS-DA) on 1000 simulated data sets with 5 measurements per group and no treatment

effects. We plotted the first versus the second multivariate dimension and visually inspected

the plots. If the 95% confidence ellipse around the control group did not overlap with the con-

fidence ellipses around the data points for the treatment groups, we considered that the ordi-

nation method falsely captured a treatment effect pattern in the data. Next, we examined the

sensitivity of the ordination methods to detect true treatment effect patterns by simulating

1000 data sets with 5 measurements per group and huge treatment effects (Cohen’s d = 2.0).

We used this effect size as we did not observe a difference between groups when smaller effect

sizes were simulated. We considered that the respective method correctly accounted for a

treatment effect pattern in the data if the 95% confidence ellipse around the control group did

not overlap with the confidence ellipses around the simulated treatment groups.

Finally, we provide an applied example of combining dimensionality reduction techniques

with formal hypothesis testing using one simulated data set with 5 measurements per group

and treatment effects on only half of all the variables.

Results

Competing multivariate statistics

Prior to investigating the performance of univariate and multivariate techniques, we examined

the four MANOVA test statistics in order to identify the most appropriate for subsequent

comparisons. Fig 1 shows representative results for the type I error and power of the

Fig 1. Performance of different multivariate statistics. Example plots show empirical type I error and power of the MANOVA test using four common

multivariate test statistics. Type I error rate is shown for the simulation scenario with no treatment effects, equal variance in all groups and data drawn from a

multivariate normal distribution. An example of power analysis is shown for a simulation with large treatment effects (Cohen’s d equal to 0.8), equal variance in

all groups and data sampled from a multivariate normal distribution. Hotelling: Lawley-Hotelling trace; Pillai: Pillai’s trace; Roy: Roy’s largest characteristic

root; Wilks: Wilks’ lambda.

https://doi.org/10.1371/journal.pone.0230798.g001
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MANOVA test (see S1 Appendix of Figs 1–4 for complete results) using the four different sta-

tistical criteria. We observed the same trend under all simulation scenarios with Roy’s largest

root having a considerably high false positives rate over 30%. In contrast, the remaining statis-

tics exhibited very similar type I error rates. Pillai’s trace was the most robust measure followed

by Wilks’ lambda and Lawley-Hotelling trace. Roy’s largest root was not considered with

regards to power analysis due to the unacceptably high type I error rate. Pillai’s trace consis-

tently demonstrated the lowest power. In contrast, Wilks’ lambda was associated with a slightly

higher probability of correctly rejecting the null hypothesis in the presence of treatment effects

than Pillai’s trace but it was outperformed by Lawley-Hotelling trace. However, we chose

Wilks’ lambda for further analysis because it provided a good compromise between type I

error rate and power in comparison to the other multivariate test statistics.

False positive rate

Empirical type I error rates of the methods we evaluated under different simulation scenarios

are summarized in Fig 2. Differences between univariate and multivariate methods were negli-

gible under all simulation conditions. Furthermore, all methods managed to remain close to

the nominal level of type I error rate around 5% even in the case of extreme variance heteroge-

neity (variance ratio between control and treatment group equal to 1:5). Interestingly, Welch’s

ANOVA was associated with a slightly higher false positive rate compared to other methods

when data were sampled from a multivariate lognormal distribution combined with extreme

variance heterogeneity. Furthermore, linear mixed effects models had a slightly higher type I

error rate in the case of 5 subjects per group.

Empirical power

The results we obtained for empirical power under different simulation conditions are depicted

in Figs 3–5. Linear mixed effects models outperformed the remaining methods in the case of

variance equality or moderate variance heterogeneity (variance ratio 1:2) with smaller sample

sizes of 5 to 20 subjects per group regardless of the effect size we simulated. Welch’s ANOVA

was as powerful as regular ANOVA when the variance between the control and treatment

groups was equal. Furthermore, Welch’s ANOVA outperformed all other methods when we

simulated moderate or small effect sizes combined with extreme variance heterogeneity (ratio

of 1:5 between the control and treatment groups) and data coming from multivariate lognormal

or gamma distributions. MANOVA tests were slightly more powerful than the two types of

ANOVA in the cases of equal variance but still failed to outperform linear mixed effects models

under these simulation scenarios. The multivariate strategy of ANOVA tests on PCA scores was

universally associated with the lowest rate of rejecting H0. It is also worth mentioning that ade-

quate levels of power of around 80% were achieved in the case of at least 20 measurements per

group and large treatment effects (Cohen’s d equal to 0.8, Fig 3). Simulating moderate treatment

effects (Cohen’s d equal to 0.5, Fig 4) required a sample size of at least 40 replicates per group in

order to achieve levels of power of around 80% Finally, the rate of rejecting H0 varied between

5% and 25% when we simulated small treatment effects (Cohen’s d equal to 0.2, Fig 5).

Comparison of ordination techniques for pattern analysis of treatment

effects

We investigated if the dimensionality reduction techniques LDA, PCA, RDA, and PLS-DA

could be useful for investigating patterns of treatment effects without formal hypothesis test-

ing. In 1000 simulated data sets without treatment effects and 5 measurements per group, we

counted how often the control group was separated from treatment groups along the first and
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second multivariate dimensions (indicated by non-overlapping 95% confidence ellipses). LDA

captured a false treatment effect pattern in 387 cases corresponding to a false positive rate of

38.7%. In contrast, the control group was not separated from treatment groups in any of the

simulated sets when using PCA, PLS-DA, or RDA for dimensionality reduction. Example

plots are shown in Fig 6 (the whole set of plots is available in S2 Appendix). Due to the unac-

ceptably high false positive rate, we did not further consider LDA. Next, we simulated 1000

Fig 2. Type I error rate of univariate and multivariate techniques under different simulation conditions. The title of each plot reports the multivariate

distribution from which the data were sampled as well as the variance ratio between the simulated control and treatment groups. ANOVA: Analysis of

variance; MANOVA: Multivariate analysis of variance; Mixed: Linear mixed effects model; MV: Multivariate; PCA: Principal component analysis.

https://doi.org/10.1371/journal.pone.0230798.g002
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data sets with huge treatment effects (Cohen’s d equal to 2.0) with 5 measurements per group

and investigated how often the control group was separated from treatment groups in reduced

multivariate space. PLS-DA managed to capture the true treatment pattern in 13.8% of the

cases whereas PCA only separated the control from treatment groups in 7.7% of the simula-

tions. RDA only marginally outperformed PCA and reported a true treatment effect pattern in

9.6% of the cases (the complete simulated set of plots is available in S3 Appendix).

Fig 3. Empirical power of univariate and multivariate techniques in case of large treatment effects (Cohen’s d equal to 0.8). The multivariate

distribution from which the data were drawn as well as the variance ratio between simulated control and treatment groups are summarized in the title of

each respective plot. ANOVA: Analysis of variance; MANOVA: Multivariate analysis of variance; Mixed: Linear mixed effects model; MV: Multivariate;

PCA: Principal component analysis.

https://doi.org/10.1371/journal.pone.0230798.g003

PLOS ONE Systematic investigation of therapeutic efficacy in controlled preclinical neurotrauma trials

PLOS ONE | https://doi.org/10.1371/journal.pone.0230798 March 26, 2020 8 / 20

28



A practical example of applying ordination techniques and statistical

testing methods

In order to give an example of how ordination techniques can be combined with statistical

testing methods in practice, we simulated a data set with 5 variables per group and huge treat-

ment effects for 9 out of the total 18 variables which we randomly selected. The endpoints with

Fig 4. Empirical power of univariate and multivariate techniques in case of moderate treatment effects (Cohen’s d equal to 0.5). The multivariate

distribution from which the data were drawn as well as the variance ratio between simulated control and treatment groups are summarized in the title of

each respective plot. ANOVA: Analysis of variance; MANOVA: Multivariate analysis of variance; Mixed: Linear mixed effects model; MV: Multivariate;

PCA: Principal component analysis.

https://doi.org/10.1371/journal.pone.0230798.g004
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simulated treatment effects were 20-point neuroscore on day 1 and day 7, limb placing score

on day 1 and day 7, lesion volume on day 1 and day 7, edema volume on day 1 and day 14 and

T2 lesion in the contralateral cortex on day 1. The remaining 9 variables were drawn from the

same distributions in the control and the 3 treatment groups without simulated treatment

effects.

Fig 5. Empirical power of univariate and multivariate techniques in case of small treatment effects (Cohen’s d equal to 0.2). The multivariate

distribution from which the data were drawn as well as the variance ratio between simulated control and treatment groups are summarized in the title of

each respective plot. ANOVA: Analysis of variance; MANOVA: Multivariate analysis of variance; Mixed: Linear mixed effects model; MV: Multivariate;

PCA: Principal component analysis.

https://doi.org/10.1371/journal.pone.0230798.g005
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In the first step of the analysis, we applied PLS-DA which was the most sensitive technique

in our simulations to investigate if the control group differed from the treatment groups in

Fig 6. Comparison of ordination techniques for pattern analysis in the case when no treatment effects were simulated. Plots show results for one out of 1000

simulations with 5 measurements per group drawn from a multivariate normal distribution with equal variance between control and treatment groups. The ordination

technique was considered to falsely capture a treatment effect pattern in the data in case of non-overlapping 95% confidence ellipse of the control group with the

confidence ellipses for the treatment groups (dose1 to dose3). LDA: Linear discriminant analysis; PCA: Principal component analysis; PLS-DA: Partial least squares

discriminant analysis; RDA; Redundancy analysis.

https://doi.org/10.1371/journal.pone.0230798.g006
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reduced multivariate space. We observed that the control group was separated from the treat-

ment groups along the first multivariate axis which accounted for 36% of the variance (Fig 7).

In order to investigate which of the original variables are responsible for group separation, we

calculated the correlations of the original variables with the first PLS-DA multivariate dimen-

sion (axis 1) along which the control and treatment groups were separated. Correlations with

an absolute value below 0.5 were set to 0 in order to filter out unimportant variables. The cor-

relation pattern indicated that all variables with simulated treatment effects along with two

additional variables (lesion volume at day 14 and T2 lesion at day 14) contributed to the sepa-

ration of the control from the treatment groups. Therefore, PLS-DA managed to capture the

treatment effect pattern by identifying all original variables with simulated treatment effects as

important for group separation in reduced space.

Next, we followed up on the multivariate pattern analysis by performing statistical testing

with linear mixed effects models for each variable with repeated measures. The interaction

term between treatment and time was highly significant for all six endpoints thereby rejecting

H0 of no treatment effects even for T2 lesion, which was the only variable without any simu-

lated treatment effects at any time point. Next, we performed post-hoc analysis comparing the

treatment groups against the control group for each time point separately. Results are shown

in Table 1. The difference for the 20-point neuroscore was significant only between treatment

groups 2 and 3 compared to the control group and no statistically significant difference was

detected for 20-point neuroscore at day 7. Similarly, post-hoc analysis did not detect a treat-

ment effect for any of the groups for lesion volume at day 7 and edema volume at day 14. In

contrast, all treatment effects were identified for lesion volume at day 1, edema volume at day

1 and T2 lesion in the contralateral cortex at day 1.

The difference between the control and treatment groups 2 and 3 for T2 lesion at day 14

was reported as significant even though we did not simulate treatment effects for this variable.

Fig 7. Partial least squares discriminant analysis (PLS-DA) to identify treatment effect patterns. We simulated a data set with 5 measurements per group

and huge treatment effects for 9 randomly selected endpoints out of the 18 variables in the data set. The control group was separated from the treatment groups

along the first multivariate dimension in the PLS-DA analysis We calculated the correlation of the original variables with this dimension to identify which

original endpoints explained the multivariate pattern. Correlations with an absolute value below 0.5 were set to 0 in order to filter out unimportant variables.

All 9 variables with simulated treatment effects were significantly correlated with the first multivariate axis. Two additional variables without simulated

treatment effects (lesion volume at day 14 and T2 lesion at day 14) were also significantly correlated with the first multivariate axis.

https://doi.org/10.1371/journal.pone.0230798.g007
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Altogether, post-hoc analysis following linear mixed effects models captured most but not all

individual differences between the control and treatment groups. In contrast, the multivariate

pattern analysis using PLS-DA marked all variables with simulated treatment effects as impor-

tant for group separation in reduced multivariate space.

Discussion

Using Monte Carlo simulations, we evaluated the performance of a number of univariate and

multivariate techniques in an effort to identify the most optimal strategy for detecting treat-

ment effects in preclinical neurotrauma studies.

Importantly, type I error rate was not drastically inflated beyond the 5% nominal rate for all

hypothesis testing methods under the simulation scenarios we investigated, even when

assumptions of normality and homogeneity of variance were violated. Nevertheless, we only

simulated a maximal variance inequality ratio of 1:5 between control and treatment group.

Moreover, sample size was always equal. Extreme heterogeneity is more problematic in case of

unequal group sizes especially when the smallest group exhibits the largest variance [38]. In

such cases, a variance-stabilizing transformation such as log-transformation of the response

variables is advisable. Alternatively, in the univariate case, a non-parametric technique might

be used (e.g. Friedman or Kruskal-Wallis test). In case that MANOVA is performed, a more

robust statistic might be chosen. Our results suggest that Pillai’s trace would be the most

appropriate under these conditions.

In terms of power, taking the repeated measures nature of the data into account proved to

be the optimal strategy as linear mixed effects models outperformed the other methods when

variance between groups was equal or when variance heterogeneity was moderate. Linear

Table 1. Post-hoc analysis following linear mixed effects models for variables with repeated measures.

Variable Control vs. dose 1 Control vs. dose 2 Control vs. dose 3

20 point neuroscore day 1 0.51 0.0001 0.0027

20 point neuroscore day 7 0.293 0.095 0.074

20 point neuroscore day 14 0.688 0.593 0.354

Limb placing score day 1 1.000 0.483 0.047

Limb placing score day 7 0.298 0.033 0.047

Limb placing score day 14 0.297 0.483 0.383

Lesion volume day 1 <0.0001 <0.0001 <0.0001

Lesion volume day 7 0.119 0.117 0.131

Lesion volume day 14 0.778 0.332 0.487

Edema volume day 1 0.0002 <0.0001 <0.0001

Edema volume day 7 0.266 0.494 0.824

Edema volume day 14 0.129 0.122 0.087

T2 lesion day 1 0.309 0.338 0.453

T2 lesion day 7 0.826 0.627 0.827

T2 lesion day 14 0.203 0.001 0.05

T2 lesion contralateral cortex day 1 0.004 0.0005 <0.0001

T2 lesion contralateral cortex day 7 0.230 0.286 0.316

T2 lesion contralateral cortex day 14 0.828 0.201 0.529

We performed linear mixed effects analysis for each endpoint with repeated measures followed by post-hoc pairwise comparisons between the control and each

treatment group for each time point separately. Variables with simulated treatment effects are highlighted with a bold font. The p-values from the post-hoc comparisons

are reported in the table. P-values less than 0.05 are highlighted with a bold font.

https://doi.org/10.1371/journal.pone.0230798.t001

PLOS ONE Systematic investigation of therapeutic efficacy in controlled preclinical neurotrauma trials

PLOS ONE | https://doi.org/10.1371/journal.pone.0230798 March 26, 2020 13 / 20

33



mixed effects are a flexible class of statistical methods which allow building models of increas-

ing complexity with different combinations of random intercepts and slopes. In practice, how-

ever, it might be challenging to assess the significance of fixed effects in the model based on F-

tests as the degrees of freedom might not be correctly estimated. In our current study, we used

the Kenward-Roger approximation for determining the degrees of freedom [39]. Alternatively,

likelihood ratio tests might be used in order to test if including the factor of interest signifi-

cantly improves the model fit compared to a model without the specific factor. Importantly,

this requires refitting the linear mixed effects model using maximum likelihood to estimate

parameters as usually these models are calculated using restricted maximum likelihood.

When the assumptions of normality and homogeneity of variance were violated, univariate

Welch’s ANOVA tests outperformed the remaining methods especially with small effect sizes.

Furthermore, the rate of rejecting H0 was equivalent to that of standard ANOVA when data

were sampled from a multivariate normal distribution with equal variance between groups.

These results suggest that Welch’s ANOVA might be more appropriate for statistical testing of

treatment effects than the much more popular standard ANOVA F-test. Additionally, univari-

ate methods offer the advantage of directly investigating differences on endpoints of interest

whereas multivariate tests are applied on a linear combination of the original variables. Never-

theless, ignoring the correlation structure of the response variables may result in misleading

conclusions. Correlated variables reflect overlapping variance and therefore univariate tests

provide little information about the unique contribution of each dependent variable [30].

The issue of correlated outcome measures is addressed by employing multivariate methods.

When differences are evaluated between groups which are known a priori, MANOVA is the

technique of choice. In our study, MANOVA offered a marginally higher power than univari-

ate ANOVAs when the assumption of variance homogeneity was met. However, a practical

issue of this method is that standard software reports four different statistics which do not

always provide compatible results. Under all simulation conditions we investigated, Roy’s larg-

est root was associated with an unacceptably high type I error rate. This would make interpre-

tation of results with real high-dimensional data sets with few measurements per variable very

ambiguous. However, Wilks’ lambda, Lawley-Hotelling trace and Pillai’s trace were robust to

false positives. In agreement with previous reports, Pillai’s criterion was the most conservative,

which would make it more appropriate when assumptions of MANOVA are violated [40, 41].

Nevertheless, we opted to use Wilks’ lambda for subsequent comparisons between different

techniques because it offered similar robustness but slightly increased power. Another trade-

off of MANOVA and multivariate techniques in general is the complexity of interpretation. If

the omnibus test is significant, a researcher will often want to more precisely identify the vari-

ables which are responsible for group separation. Ideally, follow-up tests should retain the mul-

tivariate nature of the analysis. Such strategies include descriptive discriminant analysis [30,

42] or Roy-Bargmann stepdown analysis [30, 43].

A crucial factor we did not consider in our study is missing data which cannot be handled

by multivariate statistical methods. If the degree of missingness is within a reasonable range

(e.g. not more than 10%) and the assumption of missing at random is satisfied, then a multiple

imputation technique might be employed to estimate the missing data from the existing mea-

surements. Otherwise, a more flexible data analysis method must be employed such as for

instance linear mixed effects models, which are able to handle missing data.

Since MANOVA only very marginally outperformed univariate ANOVAs and failed to pro-

vide an increase of power compared to linear mixed effects models, we believe that this does

not offset the increased complexity and inability to handle missing data. Therefore, our results

would suggest that MANOVA tests are not a practical option for formal hypothesis testing in

preclinical studies with small sample sizes.
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It is important to note that different methods achieved acceptable levels of power of around

80% only when we simulated large treatment effects with 20 measurements per group or mod-

erate effects with at least 40 replicates per group. This finding highlights a serious issue not

only in neurotrauma models but in preclinical research altogether, namely that typical sample

sizes in animal studies do not ensure adequate power unless the effect size is large. Accord-

ingly, some authors argue that animal studies should more closely adhere to the standards for

study conduct and reporting applicable to controlled clinical trials [1, 44]. In a randomized

clinical study, sample size is calculated a priori based on a specific effect size, assumptions

about the variance in the response variable, and the desired level of power. In theory, the

ARRIVE guidelines which were developed in order to improve the quality of study conduct

and reporting of animal trials [45] as well as animal welfare authorities [46] require formal jus-

tification for sample size selection. Group size should be appropriate to detect a certain effect

with adequate power while simultaneously ensuring that no more animals than necessary are

used [46]. In practice, power calculations for preclinical trials are challenging for a number of

reasons. For instance, information about the variance in the response variable might not be

available a priori, however this issue might be tackled by performing a small scale pilot study.

Another problem may be that the estimated effect is small while the variance in the selected

endpoint is high, which results in such large group sizes that might not be acceptable for ani-

mal welfare regulators. One possible way to address this problem is to identify methods which

are associated with higher power in small samples or try to reduce the variability in the

response variables by possibly including other covariates in the analysis [47]. A recent develop-

ment in the effort to increase power of animal studies includes performing systematic reviews

and meta-analysis of existing studies [48]. This approach is well established in clinical research

and it allows scientists to appraise estimated effect sizes more systematically and put them in

the context of existing reports. The majority of preclinical meta-analyses which have been per-

formed in the field of neurotrauma so far are related to experimental stroke (e.g. [49–54]).

However pre-clinical meta-analyses on e.g. spinal cord injury [55, 56] and subarachnoid hem-

orrhage [57] have also been published.

However, since a meta-analysis is not always practicable, especially when a novel study is

conducted, we investigated if ordination techniques might be useful to detect treatment effect

patterns with small sample sizes. Multivariate techniques classically rely on data sets consisting

of more observations than variables, which is not always the case in animal studies especially

in the omics era. Therefore, we first evaluated if LDA, PCA, PLS-DA, or RDA falsely report

non-existing patterns in simulated data sets without treatment effects. With 5 measurements

per group and 18 variables, LDA was associated with a false positive rate of 38.7% while PCA,

PLS-DA, and RDA did not capture false patterns in the data. The extreme over-fitting we

observed for LDA is due to multicollinearity in the data set (see S1 Appendix of Table 2 for the

correlation matrix used for simulating multivariate data sets) combined with a small sample

size [58]. While this is not necessarily a novel finding, our simulation results highlight the dan-

gers of carelessly applying a dimensionality reducing technique to multivariate data sets with

more variables than measurements, which often leads to false inferences. In contrast, PCA is

capable of overcoming the “large p, small n” problem by reducing the large number of vari-

ables to a few uncorrelated components. The method only imposes the constraint that the first

component captures the direction of greatest variance in the data hyper-ellipsoid [32] and

does not perform regression or classification of data. Therefore multicollinearity poses no

issue. However, group assignment is ignored and so differences between groups do not neces-

sarily become apparent in reduced space. RDA is the supervised version of PCA and it imposes

the constrain that the dependent variables in reduced space are linear combinations of the

grouping variable. Surprisingly, RDA demonstrated only a slightly increased sensitivity to
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detect true treatment effect patterns in our simulations compared to PCA. Conversely,

PLS-DA clearly outperformed both PCA and RDA. Although PLS-DA uses the quantitative

variables to predict group membership similarly to classical LDA, classification is performed

after dimensionality reduction [59]. PLS-DA thereby overcomes the problem of multicolli-

nearity and simultaneously tries to maximize group differences, which was the most effective

strategy in our simulations. Nevertheless, differences between methods only became apparent

when we simulated huge treatment effects (Cohen’s d equal to 2.0). However, in our practical

example of combining ordination techniques with statistical testing methods to investigate

treatment effects, PLS-DA managed to identify all variables with simulated treatment effects as

important for the observed multivariate pattern. Follow-up statistical tests did not capture all

differences successfully. PLS-DA might therefore be a useful strategy to preselect important

endpoints for targeted statistical testing with the goal of reducing the overall number of tests.

Conclusion

Assessing therapeutic success in preclinical neurotrauma studies remains challenging when

small samples are combined with small effect sizes. Our simulation study demonstrated that

linear mixed effects models offer a slightly increased power in case of equal variance whereas

Welch’s ANOVA should be used when homogeneity of variance is not present. Additionally,

PLS-DA offers a higher sensitivity to detect treatment effect patterns than PCA and RDA,

whereas classical LDA leads to overfitting and false inferences in multivariate data sets with

few measurements per group. Although we based our simulation on a real neurotrauma pre-

clinical study, our findings might be more generally applicable to multivariate data sets with a

similar correlation structure as we applied standardized measures of effect sizes which are not

restricted to a specific endpoint or type of study.

Ultimately, translational success of animal trials in neurotrauma would greatly benefit from

appropriate sample size calculation prior to conduct of the study. When this is not feasible, it

is advantageous to re-evaluate estimates of treatment effect with combined evidence from

existing studies (if available) by performing systematic reviews and meta-analyses.

Supporting information

S1 Appendix. The file contains the mean and variance vector of the simulated control

group and the correlation matrix used to sample data from multivariate distributions

under different simulation scenarios. Figs 1–4 show comparisons of type I error rate and

empirical power of the four different multivariate statistics used to evaluate the significance of

MANOVA tests.

(PDF)

S2 Appendix. Comparison of ordination techniques to detect treatment effect patterns

when no treatment effects were simulated. The file contains the results from 1000 simulated

data sets without treatment effects, 5 measurements per group with data obtained from a mul-

tivariate normal distribution with equal variance in all groups. LDA, PCA, RDA, or PLS-DA

were considered to falsely capture a non-existing treatment effect pattern if the 95% confidence

ellipse around the control group did not overlap with the confidence ellipses of treatment

groups (dose1 to dose3).

(PDF)

S3 Appendix. Comparison of ordination techniques to detect treatment effect patterns

with huge simulated treatment effects (Cohen’s d equal to 2.0). The file contains results

from 1000 simulated data sets with 5 measurements per group and data obtained from a
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multivariate normal distribution with equal variance in all groups. PCA, RDA, or PLS-DA

were considered to correctly capture a treatment effect pattern if the 95% confidence ellipse

around the control group did not overlap with the confidence ellipses of the treatment groups

(dose 1 to dose3).

(PDF)
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Table S1: An overview of outcome measures from a traumatic brain injury rat model 
included in the simulation study. The mean and covariance vectors were obtained by averaging 
values from a non-parametric bootstrap with 10,000 samples drawn from the original animal 
study using the control group. 

Nr. Variable Mean Variance 
1 20 point neuroscore day 1 15.862 2.612 

2 20 point neuroscore day 7 18.446 1.304 

3 20 point neuroscore day 14 19.196 1.337 

4 Limb placing score day 1 8.78 4.62 

5 Limb placing score day 7 11.057 2.945 

6 Limb placing score day 14 12.504 1.917 

7 Lesion volume day 1 [mm3] 89.554 1169.808 

8 Lesion volume day 7 [mm3] 43.541 72.754 

9 Lesion volume day 14 [mm3] 24.852 147.991 

10 Edema volume day 1 [mm3] 46.448 696.146 

11 Edema volume day 7 [mm3] 16.926 136.323 

12 Edema volume day 14 [mm3] 14.295 103.103 

13 T2 lesion day 1 [ms] 59.447 8.83 

14 T2 lesion day 7 [ms] 54.58 5.888 

15 T2 lesion day 14 [ms] 61.292 129.32 

16 T2 lesion contralateral cortex day 1 [ms] 53.544 1.191 

17 T2 lesion contralateral cortex day 7 [ms] 52.859 0.838 

18 T2 lesion contralateral cortex day 14 [ms] 54.21 0.422 

 

2.2.1 Supplementary material to publication 2
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Table S2 Correlation matrix used for drawing samples from multivariate distributions. The matrix was calculated from the 
covariance matrix obtained from the non-parametric bootstrap procedure Positive correlations are colored red and negative 
correlations are colored blue. The numbering of columns and rows corresponds to the variables in Table S1. 

  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 

1 1 0.509 0.32 0.658 0.566 0.407 -0.318 -0.257 -0.194 -0.341 -0.208 0.106 -0.057 -0.44 -0.372 0.159 -0.202 -0.29 

2 0.509 1 0.829 0.596 0.74 0.513 -0.42 -0.111 -0.511 -0.562 -0.142 0.481 -0.107 0.066 0.059 0.345 0.022 0.123 

3 0.32 0.829 1 0.375 0.681 0.669 -0.709 -0.26 -0.558 -0.77 0.071 0.511 -0.3 0.032 -0.099 0.449 0.102 0.226 

4 0.658 0.596 0.375 1 0.712 0.449 -0.262 -0.273 -0.17 -0.242 -0.191 0.105 0.034 -0.108 -0.065 0.034 0.086 -0.033 

5 0.566 0.74 0.681 0.712 1 0.785 -0.644 -0.261 -0.538 -0.619 -0.02 0.39 -0.102 -0.03 -0.104 0.211 -0.011 -0.102 

6 0.407 0.513 0.669 0.449 0.785 1 -0.649 -0.336 -0.326 -0.557 0.116 0.307 -0.055 0.052 -0.084 0.235 -0.009 0.067 

7 -0.318 -0.42 -0.709 -0.262 -0.644 -0.649 1 0.354 0.656 0.907 -0.144 -0.45 0.566 0.27 0.415 0.044 0.144 0.04 

8 -0.257 -0.111 -0.26 -0.273 -0.261 -0.336 0.354 1 0.378 0.239 0.11 -0.074 0.069 0.312 0.476 -0.002 0.038 -0.06 

9 -0.194 -0.511 -0.558 -0.17 -0.538 -0.326 0.656 0.378 1 0.678 0.013 -0.297 0.248 0.357 0.519 0.063 0.244 -0.014 

10 -0.341 -0.562 -0.77 -0.242 -0.619 -0.557 0.907 0.239 0.678 1 0.095 -0.418 0.63 0.319 0.412 -0.056 0.134 0.071 

11 -0.208 -0.142 0.071 -0.191 -0.02 0.116 -0.144 0.11 0.013 0.095 1 0.321 0.13 0.537 0.177 0.017 0.227 0.002 

12 0.106 0.481 0.511 0.105 0.39 0.307 -0.45 -0.074 -0.297 -0.418 0.321 1 -0.344 0.28 0.236 0.142 0.114 -0.134 

13 -0.057 -0.107 -0.3 0.034 -0.102 -0.055 0.566 0.069 0.248 0.63 0.13 -0.344 1 0.282 0.315 0.153 -0.091 0.178 

14 -0.44 0.066 0.032 -0.108 -0.03 0.052 0.27 0.312 0.357 0.319 0.537 0.28 0.282 1 0.81 0.066 0.476 0.097 

15 -0.372 0.059 -0.099 -0.065 -0.104 -0.084 0.415 0.476 0.519 0.412 0.177 0.236 0.315 0.81 1 0.125 0.127 0.25 

16 0.159 0.345 0.449 0.034 0.211 0.235 0.044 -0.002 0.063 -0.056 0.017 0.142 0.153 0.066 0.125 1 0.138 0.296 

17 -0.202 0.022 0.102 0.086 -0.011 -0.009 0.144 0.038 0.244 0.134 0.227 0.114 -0.091 0.476 0.127 0.138 1 -0.245 

18 -0.29 0.123 0.226 -0.033 -0.102 0.067 0.04 -0.06 -0.014 0.071 0.002 -0.134 0.178 0.097 0.25 0.296 -0.245 1 
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Fig S. Type I error rate of different multivariate statistics used to evaluate the significance 
of MANOVA tests. The multivariate distribution from which variables were sampled and the 
variance ratio between control and treatment groups are shown in the title of each plot. 
MANOVA: Multivariate analysis of variance; Wilks: Wilks’ lambda; Pillai: Pillai’s trace; 
Hotelling: Lawley-Hotelling trace; Roy: Roy’s largest root; MV: Multivariate. 
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Fig S2. Empirical power of different multivariate statistics used to evaluate the significance 
of MANOVA with simulated large treatment effects (Cohen’s d equal to 0.8). The 
multivariate distribution from which variables were sampled and the variance ratio between 
control and treatment groups are shown in the title of each plot. 
MANOVA: Multivariate analysis of variance; Wilks: Wilks’ lambda; Pillai: Pillai’s trace; 
Hotelling: Lawley-Hotelling trace; Roy: Roy’s largest root; MV: Multivariate. 
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Fig S3. Empirical power of different multivariate statistics used to evaluate the significance 
of MANOVA with simulated moderate treatment effects (Cohen’s d equal to 0.5). The 
multivariate distribution from which variables were sampled and the variance ratio between 
control and treatment groups are shown in the title of each plot. 
MANOVA: Multivariate analysis of variance; Wilks: Wilks’ lambda; Pillai: Pillai’s trace; 
Hotelling: Lawley-Hotelling trace; Roy: Roy’s largest root; MV: Multivariate. 
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Fig S4. Empirical power of different multivariate statistics used to evaluate the significance 
of MANOVA with simulated small treatment effects (Cohen’s d equal to 0.2). The 
multivariate distribution from which variables were sampled and the variance ratio between 
control and treatment groups are shown in the title of each plot. 
MANOVA: Multivariate analysis of variance; Wilks: Wilks’ lambda; Pillai: Pillai’s trace; 
Hotelling: Lawley-Hotelling trace; Roy: Roy’s largest root; MV: Multivariate. 
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Abstract: α-Linolenic acid (ALA) is well-known for its anti-inflammatory activity. In contrast, the
influence of an ALA-rich diet on intestinal microbiota composition and its impact on small intestine
morphology are not fully understood. In the current study, we kept adult C57BL/6J mice for 4 weeks
on an ALA-rich or control diet. Characterization of the microbial composition of the small intestine
revealed that the ALA diet was associated with an enrichment in Prevotella and Parabacteroides.
In contrast, taxa belonging to the Firmicutes phylum, including Lactobacillus, Clostridium cluster
XIVa, Lachnospiraceae and Streptococcus, had significantly lower abundance compared to control
diet. Metagenome prediction indicated an enrichment in functional pathways such as bacterial
secretion system in the ALA group, whereas the two-component system and ALA metabolism
pathways were downregulated. We also observed increased levels of ALA and its metabolites
eicosapentanoic and docosahexanoic acid, but reduced levels of arachidonic acid in the intestinal
tissue of ALA-fed mice. Furthermore, intestinal morphology in the ALA group was characterized by
elongated villus structures with increased counts of epithelial cells and reduced epithelial proliferation
rate. Interestingly, the ALA diet reduced relative goblet and Paneth cell counts. Of note, high-fat

Nutrients 2020, 12, 732; doi:10.3390/nu12030732 www.mdpi.com/journal/nutrients
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Western-type diet feeding resulted in a comparable adaptation of the small intestine. Collectively, our
study demonstrates the impact of ALA on the gut microbiome and reveals the nutritional regulation
of gut morphology.

Keywords: α-linolenic acid; microbiota; epithelial renewal; goblet cells; paneth cells;
villus morphology

1. Introduction

The ω-3 polyunsaturated fatty acid (PUFA) α-linolenic acid (ALA, 18:3 n-3) is an essential
plant-derived fatty acid that is abundant in oil produced from perilla, linseed, rapeseed and soy.
This macronutrient exerts anti-inflammatory properties through the generation of oxylipins [1]. ALA
interferes with the arachidonic acid (AA) metabolism and inhibits the prostaglandin biosynthesis
pathway, thereby reducing the concentration of pro-inflammatory oxylipins [2]. In addition to its
effects on the formation of anti-inflammatory mediators [3,4] and its anti-hypertensive action [5–7],
there is increasing evidence that ALA plays a role in ameliorating intestinal inflammatory disease
phenotypes [8–11]. Furthermore, ALA-rich diets were reported to protect from the development of
colon carcinomas [12].

In contrast to the recognized role of ALA in inflammatory bowel disease, information on the
influence of this essential PUFA in normal gut homeostasis and its interplay with the commensal gut
microbiota remains sparse. Nutritional studies on rats fed with perilla oil, a source rich in ALA, indicated
a decrease in the Firmicutes to Bacteroidetes ratio and an increase in the abundance of Spirochaetes in
the perilla oil group relative to normal lab chow [13]. A study in mice showed that flaxseed/fish oil
feeding rich inω-3 PUFA promoted the growth of Bifidobacterium and improved metabolic outcome,
indicated by reduced liver weight and hepatic triglyceride concentration compared to palm oil diet [14].
One of the possible mechanisms by which PUFA might beneficially impact host metabolism is through
the production of conjugated fatty acids by intestinal bacteria. Research so far has mainly focused on
conjugated linoleic acid which is an intermediate metabolite in the saturation pathway of theω-6 PUFA
linoleic acid [15]. However, conjugated isomers of ALA have also gained attention due to their reported
anti-inflammatory, anti-carcinogenic and anti-obesogenic properties [16–18]. In vitro studies have
shown that certain strains of Bifidobacteria [19,20], Propionibacteria [20] and lactic acid bacteria [21,22]
are able to metabolize ALA to conjugated ALA isomers. Furthermore, Druart et al. demonstrated
that the commensal gut microbiota contributes to the production of PUFA-derived metabolites in vivo
by reporting increased colonic contents of conjugated linoleic acid isomers and non-conjugated
metabolites in conventionalized compared to germ-free mice [23]. Ohue-Kitano and colleagues
reported that short-term feeding of C57BL/6 mice with ALA and the ALA-derived metabolites of
intestinal lactic acid bacteria affect intestinal immune homeostasis [24]. The authors showed that
ALA and its metabolite 13-hydroxy-9(Z),15(Z)-octadecadienoic acid promote the accumulation of
anti-inflammatory M2 macrophages in the small intestinal lamina propria. Additionally, PUFA-rich
diets may impact the differentiation of the intestinal epithelial lineage as gastric gavage in rat pups
with rapeseed oil and sunflower oil, which are both rich in PUFA, decreased mucus secreting goblet
cell numbers in the colon [25]. Intestinal epithelial cells originate from stem cells located at the base of
the Lieberkühn crypt and differentiate along the crypt-villus axis. To date, it is not completely clear
how ALA shifts intestinal microbiota composition. Additionally, investigations on the influence of
PUFAs on small intestinal morphology and renewal of the gut epithelial lineage under steady-state
conditions are sparse [26].

In the current study, we hypothesized that an ALA-rich diet leads to compositional changes in
the commensal microbiota of the mouse small intestine. Furthermore, we investigated the potential
impact of increased dietary amounts of ALA on gut morphology in the mid small intestine.
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2. Materials and Methods

2.1. Animals

Male C57BL/6J mice that were 10–14 weeks old were obtained from the Jackson Laboratory.
Animals were held at the Translational Animal Research Center (TARC) of the University Medical
Center Mainz under specific pathogen-free (SPF) conditions in EU Type II individually ventilated
cages under constant room temperature and air humidity with a 12 h light-dark cycle. Mice had
ad libitum access to water and autoclaved chow. The animals were assigned to a control standard
diet group (Altromin Spezialfutter GmbH & Co. KG, Lage, Germany) and to an α-linolenic acid rich
diet group (standard Altromin diet + 20% perilla oil). The composition and fatty acid profile of both
diets is shown in Table 1. To test the specificity of ALA dietary effects on the gut morphology, we fed
an additional group of 7 mice with a pro-inflammatory, cholesterol-rich high-fat Western-type diet
(TD.88137, Envigo, Venray, Netherlands). The composition and fatty acid profile of this diet are shown
in Table 2. After a 4 week treatment period, mice were sacrificed via cervical dislocation. The small
intestine was collected and cut into eight equivalent pieces. Segment 5 was used for all subsequent
experiments. We refer to this segment as the mid small intestine or jejunum.

All animal experiments were approved by the Institutional Animal Care and Use Committee
of Rhineland-Palatinate (23177-07/G13-1-072; 23177-07/G16-1-013). The authors confirm that all
experiments were performed in accordance with relevant guidelines and regulations.

2.2. Histological Analysis of the Small Intestine

2.2.1. Proliferation Assay

The fifth segment of eight equally sized segments of the small intestine was flushed with cold
PBS and fixed in Roti®-Histofix (#P087, Roth) at 4 ◦C overnight. Tissue was processed for paraffin
embedding at the Core Facility Histology at University Medical Center Mainz. Tissue sections were cut
at 3 µm thickness, dewaxed and heat-induced epitope-retrieval was done using citrate buffer (10 mM
sodium citrate, pH 6.6). Unspecific binding was blocked using normal goat serum (#S-1000, Vector
Laboratories, 5% v/v in PBS) and sections were incubated for 1 h at room temperature with rabbit anti
mouse-Ki-67 antibody (1:500 in blocking solution, #IHC-00375, Bethyl Laboratories Inc.). After washing,
sections were incubated with the biotinylated anti-rabbit antibody (#BA-1000, Vector Laboratories) and
signal detection was done using Vectastain® Elite® ABC HRP (#PK-7100, Vector Laboratories) and
3,3’-diaminobenzidine (DAB) as substrate according to the manufacturer’s protocol. Sections were
dehydrated and mounted using Eukitt® mounting medium (#SIAM03989, VWR). Ki67-positive cells
as well as total number of cells per villus/crypt were counted, averaged and represented as percent.

2.2.2. Periodic Acid-Schiff (PAS) Staining

Paraffin slides were stained for analysis of intestinal tissue morphology using PAS staining. Briefly,
the hydrated slides were oxidized with periodic acid for 5 min, washed with distilled water 4–5 times
and subsequently incubated with Schiff reagent for 15 min at room temperature. The stained slides
were then washed for 5 min under tap water and counterstained in hemalaun. Next, slides were held
under flowing water until the counterstain was blue. Finally, slides were dehydrated by incubation in
ethanol in increasing concentrations (3 min in 30% ethanol, 50% ethanol, 70% ethanol, 90% ethanol,
then 2x 5 min in xylol) followed by mounting in Eukitt mounting medium (#SIAM03989, VWR).

Villus morphology of the small intestine was evaluated by inspecting at least 10 villus structures
per cross section from 6–7 animals per group. We determined the average number of epithelial cells
per villus, mucosal thickness, crypt depth, villus length and villus spacing for each animal. Villus
spacing was calculated by measuring the distance from the center of one villus at the villus base to the
center of the next villus. We calculated this measure for at least 10 pairs of villi and took the average
value as the final estimate. Furthermore, we determined the percentage of Paneth cells and goblet cells
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relative to all epithelial cells. Figure 1 shows a schematic representation of how different morphological
parameters were measured.
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Figure 1. Schematic representation of measurements of intestinal morphology parameters. The vertical
red lines correspond to mucosal thickness, blue lines indicate villus length, black lines indicate crypt
depth and horizontal green lines demonstrate how villus spacing was determined.

2.3. GC-MS/MS Quantification of Fatty Acids in Intestinal Tissue and Diet

Fatty acid (FA) extraction, derivatization and analysis of the intestine samples was performed
with slight modifications as previously described [27]. For FA determination, samples of 25–125 mg
lyophilized intestinal tissue were used (n = 10 in the ALA group and n = 9 in the control diet group).
The samples were dissolved in 5 mL of a mixture of hexane/isopropanol 3:2 (v/v; VWR International
GmbH, Darmstadt, Germany; LC-MS grade) spiked with 1 µg of heptadecenoic acid (cis-10; Larodan,
Malmö, Sweden) as internal standard. Then, 3 mL of a 6.7% Na2SO4 solution (Merck KGaA, Darmstadt,
Germany) was added. From the centrifuged mixture, the supernatant hexane phase was removed and
evaporated to dryness under a gentle stream of nitrogen. A solution of 14% boron trifluoride (BF3) in
methanol (Sigma-Aldrich, Hamburg, Germany) was added and incubated at 100 ◦C for 10 min for
complete esterification. The formed FA-methyl esters were extracted after addition of 1 mL water and
3 mL hexane then evaporated under nitrogen and resolved in 500 µL of hexane. To determine the
FAs, a 1 µL aliquot of the hexane solution was injected into a Triple Quad GC-MS/MS (Agilent 7000)
system. A multiple reaction monitoring (MRM) method was used for analyte detection. Individual
FA concentrations were calculated as relative percentage with an evaluated FA reference standard set
(GLC-744, Nu-Chek Prep, Inc. Elysian, MN, USA) at 100% or as absolute values. Mass Hunter Quant
5.0 and Mass Hunter Qual 5.0 software were used for data analysis.

The fatty acid profile of the control and ALA-rich diets was determined using the methods
described above. The amount of each fatty acid relative to all fatty acids was determined in technical
triplicates for each diet and the average value was reported. The amount of each fatty acid as percentage
from the diet (as reported in Table 1) was obtained by multiplying the experimentally measured
amount with the total relative amount of fat in the control and ALA-rich diet, respectively.

2.4. Microbial Composition of the Small Intestine

Upon sacrifice, the contents of the small intestine from 4 mice in the control group and 3 mice from
the ALA-rich diet group were collected. Genomic DNA was purified from these digesta samples with
the NucleoSpin Soil kit (Macherey-Nagel GmbH & Co.KG, Düren, Germany). Targeted sequencing
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of the 16S rRNA marker gene was employed in order to investigate the microbiome composition of
the small intestine under the different dietary conditions. The V4-V5 hypervariable region of the
bacterial 16S gene was amplified using specific PCR primers 515F-Y and 909R [28–30]. Paired-end
sequencing was performed on the MiSeq Illumina platform by StarSEQ GmbH (Mainz, Germany).
Subsequently, 16S data were processed with mothur v1.40.5 [31] following the MiSeq standard operating
procedure [32]. Paired end-reads were merged into contigs, sequences with any ambiguous bases were
removed and maximum homopolymer length was set to 8. Chimeric sequences were identified and
removed with the VSEARCH algorithm within mothur [33]. Sequences were aligned to the SILVA
database [34] and clustered to operational taxonomic units (OTUs) at 97% similarity. Taxonomic
assignment was facilitated with the Ribosomal Database Project v9 [35] and OTUs with non-bacterial or
unknown taxonomy were removed. Data were further analyzed and graphically represented with the
help of the phyloseq R package v1.26.1 [36]. α-diversity was evaluated using the observed richness and
Shannon index. For this analysis, each sample was normalized to the smallest library size by drawing
a random subset of sequences with replacement. This step was repeated 100 times and the average
values over all runs were reported as the final estimates for α-diversity. β-diversity was analyzed
by computing the Bray-Curtis dissimilarity and the Jaccard binary distance. Canonical analysis of
principal coordinates (CAP) [37], a constrained ordination procedure belonging to the same class of
ordination methods as the unconstrained principal component analysis (PCA) [38] was employed to
visualize results and investigate the multivariate hypothesis if an ALA diet significantly influences the
microbial composition of the small intestine. Univariate differential abundance analysis was performed
using the DESeq2 R package v1.22.2 [39]. For this purpose, OTUs were binned into phylotypes on
the genus level. Taxa were considered to be differentially abundant if the adjusted p-value of the
corresponding log2 fold change (FC) was p < 0.1. This more liberal threshold was selected because of
the small sample size in an effort to increase power. P-values were adjusted for multiple comparisons
with the Benjamini–Hochberg method.

2.5. Metagenome Prediction and Characterization

In order to gain insight into the potential functional profile of the small intestinal microbiome
of mice under the different dietary conditions, we analyzed the 16S data using PICRUSt [40]. First,
OTUs were re-assigned to a taxonomy using the Greengenes data base v13.5 [41]. Metagenome
prediction was then performed up to Kyoto Encyclopedia of Genes and Genomes (KEGG) Orthology
(https://www.genome.jp/kegg/ko.html) tier 3 using the PICRUSt online tool (http://huttenhower.sph.
harvard.edu/galaxy/). Finally, results were visualized in STAMP v2.1.3 [42].

2.6. Statistical Analysis of Fatty Acid Profile and Small Intestinal Morphology

Data were graphically represented as mean values + standard error of the mean (SEM) and as
individual values. Differences between two groups were statistically evaluated using unpaired t-test in
case of normally distributed data or Mann–Whitney test when assumptions of normality were violated
(according to the Kolmogorov Smirnov test). More than two groups were statistically compared
with an ANOVA followed by Dunnett’s post-hoc test. P values were two-tailed and differences were
considered statistically significant in case of p < 0.05. Statistical analysis was performed with GraphPad
Prism version 6.07 (GraphPad Software Inc, San Diego, CA).

3. Results

3.1. Fatty Acid Profile of Different Diets

Perilla oil was chosen due to its very high content of ALA varying between 51%–64% [43–46].
In order to obtain an ALA-rich diet containing approximately 10% ALA, we mixed the control Altromin
diet with perilla oil at a ratio of 8:2. The nutrient and energy content of the control diet were directly
obtained from the feed producer (Table 1). The nutrient content of the ALA-rich diet was calculated
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based on the Altromin control chow by taking into account the addition of 20% fat. Furthermore, we
experimentally confirmed the amount of ALA in the diet using GC-MS/MS. The fatty acid profile of the
control and ALA-rich diet is shown in Table 1. ALA represented approx. 9.27% of the total ALA-rich
diet and only 0.03% of the control chow. The addition of fat to the ALA-rich diet resulted in a calorie
increase of approximately 30% relative to the control diet. In order to test the specificity of the effect of
ALA-rich diet on gut morphology, we included a pro-inflammatory Western-type high-fat diet (HFD)
(TD.88137, Envigo, Venray, Netherlands) with a comparable energy content. The composition and
fatty acid profile of this HFD as obtained from the feed producer are summarized in Table 2.

Table 1. Composition and fatty acid profile of the standard Altromin 1814 laboratory chow and
ALA-rich diet.

Ingredient Relative amount in control chow
(% of diet)

Relative amount in ALA-Rich
diet (% of diet)

Proteins 17.61% ~14.1%
Fat 5.1% ~24%

Fiber 4.05% ~3.24%
Disaccharides 11.1% ~8.88%

Polysaccharides 47.2% ~37.76%

Fatty acid Relative amount (% of diet) Relative amount (% of diet)

Palmitic acid C-16:0 0.36% 4.1%
Stearic acid C-18:0 0.35% 5.55%

Oleic acid C-18:1 cis 0.93% 1.61%
Linoleic acid C-18:2 cis 3.3%% 2.96%

α-Linolenic acid C-18:3 n3 0.03% 9.27%
γ-Linolenic acid C18:3 n6 0.0002% 0.05%

Arachidic acid C-20:0 0.04% 0.21%
Eicosanoic acid C-20:1 0.01% 0.04%

Behenic acid C-22:0 0.04% 0.04%
Erucic acid C-22:1 0.02% 0.14%

Lignoceric acid C-24:0 0.01% 0.02%

Metabolizable energy 3518 kcal/kg ~4582 kcal/kg

Table 2. Composition and fatty acid profile of the pro-inflammatory TD.88137 high-fat Western diet.

Ingredient Relative amount (% of diet)

Proteins 17.3%
Carbohydrates 48.5%

Fat 21.2%

Fatty acid Relative amount (% of diet)

Saturated fat 13.1%
C-16:1 0.323%

Oleic acid C-18:1 cis 4.43%
C-18:1 isomers 0.85%

Linoleic acid C-18:2 cis 0.49%
C-18:2 isomers 0.28%

α-Linolenic acid C18:3 n3 0.15%

Metabolizable energy 4500 kcal/kg

3.2. ALA-Rich Diet Alters the Composition of the Microbiota in the Mid Small Intestine of Adult Mice

Microbial characterization of the commensal microbiota in the mid small intestine (jejunum)
of mice resulted in identifying as many as 6747 unique OTUs. The majority of these OTUs were
associated with the most dominant phyla Firmicutes and Bacteroidetes (Figure 2a). The average
Firmicutes/Bacteroidetes ratio was considerably lower in animals fed with ALA-rich diet compared to
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the control diet (CTR) group (Figure 2b). The impact of ALA-rich diet feeding on microbiome
diversity was in contrast to 16 weeks Western-type HFD feeding, which yielded an elevated
Firmicutes/Bacteroides ratio [47]. Nevertheless, the difference was not statistically significant (unpaired
t-test, p = 0.143) due to high intragroup variability. The remaining bacterial phyla represented in the
ALA and CTR groups included Actinobacteria, Proteobacteria and Verrucomicrobia. The relative
abundance of these phyla was comparably low under both feeding conditions. Microbiota composition
of individual samples at the genus level is shown in Supplementary Figure S1.Nutrients 2019, 11, x FOR PEER REVIEW 8 of 21 
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Figure 2. Microbial composition of the small intestine. (a) Bar plots show the relative abundance of
bacterial phyla of individual animals in the control chow (CTR) orα-linolenic acid-rich diet group (ALA).
(b) Firmicutes/Bacteroidetes ratio of CTR compared to ALA animals. α-diversity was investigated
by estimating (c) the observed richness or (d) the Shannon index. Bar plots show mean + standard
deviation for each measure per group. β-diversity was visualized using Canonical analysis of principle
coordinates (CAP) based on (e) the Bray–Curtis dissimilarity or (f) binary Jaccard distance. P-values for
the constrained axis from CAP were obtained using permutational analysis of variance (PERMANOVA)
with 999 permutations. Since the treatment variable has only two levels (CTR or ALA), CAP produced
only one constrained multivariate dimension. The percentage of the total inertia captured by each
multivariate dimension is shown in brackets on the plots.
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ALA-rich diet was not associated with statistically significant changes in the estimates ofα-diversity
(Figure 2c,d). However, it is worth mentioning that the average observed richness was lower in
the ALA group compared to CTR animals (mean difference = −141.14, 95% confidence interval
(CI) = −141.5 to 10.7, p = 0.078). Analysis of β-diversity revealed that ALA mice were separated
from the CTR group along the constrained multivariate dimension following CAP analysis based on
the Bray–Curtis dissimilarity (Figure 2e) as well as the Jaccard distance (Figure 2f). Permutational
analysis of variance (PERMANOVA) on the constrained axis confirmed that the dietary effect of ALA
on microbial composition of the jejunum was statistically significant based on the Jaccard distance
(p = 0.034).

After observing a shift in the multivariate profile of the commensal microbiota between both
feeding conditions, we wanted to identify OTUs responsible for group differences at the genus level.
For this purpose, we estimated the log2 fold changes (FC) of bacterial abundance in the small intestine
of animals fed with an ALA-rich diet compared to control chow. This analysis was based on OTUs
binned into phylotypes on the genus level, which resulted in 89 bins. Out of these, 11 phylotypes
were differentially abundant (Figure 3). Interestingly, most of these OTUs were associated with a
significantly lower abundance in the ALA group. All but one of the OTUs with significantly reduced
abundance following ALA-rich diet were related to the Firmicutes phylum. The effect was most
pronounced for OTUs associated with the genus Anaerotruncus (log2 FC = −7.26, 95% CI = −10.99
to −3.53, adj. p = 0.0046) and Clostridium cluster XIVa (log2 FC = −6.51, 95% CI = -9.57 to −3.15, adj.
p = 0.0046). Both of these belong to the Clostridiales order and two other representatives of this order,
namely Anaerovorax and Lachnospiraceae demonstrated significantly lower abundance in the ALA
group as well. Two representatives of the lactic acid bacteria, namely Lactobacillus and Streptococcus,
also decreased in abundance. An OTU related to the genus Olsenella (phylum Actinobacteria) was the
only taxon, which did not belong to the Firmicutes phylum and had significantly reduced abundance
in animals fed with an ALA-rich diet. In contrast, only three OTUs were enriched in the ALA group
compared to CTR animals. All of these were related to the Bacteroidetes phylum. One OTU could not
be classified beyond the phylum level. The remaining enriched OTUs were associated with the genera
Parabacteroides (log2 FC = 6.23, 95% CI = 1.34 to 11.12, adj. p = 0.0125) and Prevotella (log2 FC = 5.19,
95% CI = 0.94 to 9.44, p = 0.0992).

3.3. ALA-Rich Diet Might Impact the Metagenome Profile of Commensal Microbiota in the Small Intestine

We employed the PICRUSt algorithm in order to predict the metagenome profile of the microbiome
in the small intestine beyond its taxonomic composition. This analysis identified 21 KEGG orthology
(KO) pathways, which might significantly differ between CTR and ALA dietary conditions (Figure 4).
Out of these, 13 pathways were enriched following the ALA diet, though effect sizes (differences in
mean proportions) were universally small. The most significantly enriched pathways in the ALA
group included homologous recombination, ribosome, prenyltransferases, amino acid related enzymes
and notably, the bacterial secretion system pathway. In contrast, eight pathways were predicted to
be significantly downregulated in the ALA group. It is worth mentioning that the number of gene
sequences predicted to be associated with the ALA metabolism pathway was significantly lower in the
ALA group compared to controls (Figure 4).
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Figure 3. Univariate analysis of differentially abundant genera in the mid small intestine. (a) The
plot shows the estimated log2 fold change (FC) of operational taxonomic unit (OTU) abundance in
animals receiving an α-linolenic acid rich diet (ALA) relative to animals in the control chow group
(CTR). The adjusted p-value for each FC is given as the negative decadic logarithm. More significant
results appear as higher values on the y axis. Black dots indicate OTUs with non-significant FC
whereas differentially abundant OTUs appear as colored dots. Negative FCs correspond to OTUs with
a significantly reduced abundance in the ALA group compared to CTR animals. Positive FCs indicate
OTUs with significantly increased abundance following ALA diet. Specific values for the log2 FC
together with the corresponding 95% confidence interval (CI) and the raw and adjusted p-value are
shown in (b).

56



Nutrients 2020, 12, 732 10 of 20

Nutrients 2019, 11, x FOR PEER REVIEW 11 of 21 

 

 

Figure 4. PICRUSt prediction of Kyoto Encyclopedia of Genes and Genomes (KEGG) orthology 

pathways predicted to be significantly different between the control group and animals receiving 

ALA-rich diet. Bar plots show the average proportion of sequences, which were predicted to be 

associated with the respective pathway. Circles correspond to the difference in mean proportions 

together with the 95% confidence interval. Red circles show pathways, which were enriched in the 

ALA group. Groups were compared statistically with an unpaired t-test. ALA: α-linolenic acid; CTR: 

control. 

3.4. ALA-Rich Diet Induces Changes in the Fatty Acid Composition of the Jejunum 

Next, we investigated if increased dietary amounts of ALA are associated with changes in the 

fatty acid profile of the small intestine (Figure 5). The basal level of ALA in intestinal tissue as 

percentage of total fatty acids was around 0.1% in animals in the CTR group (Figure 5a). The ALA-

rich diet led to a significant increase in the intestinal content of this fatty acid to approximately 13.6% 

(median difference = 13.91%, p < 0.0001). Similarly, levels of eicosapentanoic acid (EPA) were very 

low in the CTR group and significantly increased to approximately 2.7% following the ALA enriched-

diet (p < 0.0001, Figure 5b). In contrast, the basal amount of docosahexanoic acid (DHA) was close to 

0.9% (Figure 5c). The ALA diet was associated with a two-fold increase in DHA amount (mean 

difference = 0.92%, p = 0.027). The amount of arachidonic acid (AA) was significantly decreased in the 

ALA group compared to CTR animals (mean difference = −2.9%, 95% CI = −4.36% to −1.45%. p = 

0.0006, Figure 5d). We did not observe a significant change in the amount of the ω-6 PUFA linoleic 

acid (Figure 5e). Furthermore, the ALA-rich diet led to a significant increase in the relative amount 

of γ-linolenic acid (Figure 5f). 

We performed a more extensive profiling of fatty acid composition of the small intestinal tissue 

in a subset of animals (n = 5/group). ALA-rich diet significantly impacted the amount of 5 saturated 

fatty acids, lauric acid, myristic acid, pentadecanoic acid, palmitic acid and arachidic acid 

(Supplementary Table S1). The relative amount of all these saturated fatty acids was significantly 

lower in the ALA group compared to the CTR diet group. The levels of the monounsaturated fatty 

Figure 4. PICRUSt prediction of Kyoto Encyclopedia of Genes and Genomes (KEGG) orthology
pathways predicted to be significantly different between the control group and animals receiving
ALA-rich diet. Bar plots show the average proportion of sequences, which were predicted to be
associated with the respective pathway. Circles correspond to the difference in mean proportions
together with the 95% confidence interval. Red circles show pathways, which were enriched in the ALA
group. Groups were compared statistically with an unpaired t-test. ALA: α-linolenic acid; CTR: control.

3.4. ALA-Rich Diet Induces Changes in the Fatty Acid Composition of the Jejunum

Next, we investigated if increased dietary amounts of ALA are associated with changes in the fatty
acid profile of the small intestine (Figure 5). The basal level of ALA in intestinal tissue as percentage
of total fatty acids was around 0.1% in animals in the CTR group (Figure 5a). The ALA-rich diet led
to a significant increase in the intestinal content of this fatty acid to approximately 13.6% (median
difference = 13.91%, p < 0.0001). Similarly, levels of eicosapentanoic acid (EPA) were very low in
the CTR group and significantly increased to approximately 2.7% following the ALA enriched-diet
(p < 0.0001, Figure 5b). In contrast, the basal amount of docosahexanoic acid (DHA) was close to 0.9%
(Figure 5c). The ALA diet was associated with a two-fold increase in DHA amount (mean difference
= 0.92%, p = 0.027). The amount of arachidonic acid (AA) was significantly decreased in the ALA
group compared to CTR animals (mean difference = −2.9%, 95% CI = −4.36% to −1.45%. p = 0.0006,
Figure 5d). We did not observe a significant change in the amount of the ω-6 PUFA linoleic acid
(Figure 5e). Furthermore, the ALA-rich diet led to a significant increase in the relative amount of
γ-linolenic acid (Figure 5f).

We performed a more extensive profiling of fatty acid composition of the small intestinal tissue in
a subset of animals (n = 5/group). ALA-rich diet significantly impacted the amount of 5 saturated fatty
acids, lauric acid, myristic acid, pentadecanoic acid, palmitic acid and arachidic acid (Supplementary
Table S1). The relative amount of all these saturated fatty acids was significantly lower in the ALA
group compared to the CTR diet group. The levels of the monounsaturated fatty acids myristoleic
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acid, palmitoleic acid, oleic acid and 11-eicosanoic acid were also significantly reduced following
ALA-rich diet. Furthermore, the relative amount of the ω-9 PUFA mead acid and the ω-6 PUFAs
adrenic acid and osbond acid was significantly lower in the ALA group. In contrast, ALA-rich diet was
associated with a significant increase in the levels of theω-3 PUFAs stearidonic acid, eicosatrienoic
acid, eicosatetranoic acid, docosatrienoic acid and docosapentanoic acid (Supplementary Table S1).
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Figure 5. Impact of the ALA-rich diet on fatty acid composition of the mouse small intestine. Bar plots
show mean values + standard error of the mean (SEM). n = 9 in control group, n =10 in ALA group
for (a) ALA, (b) EPA, (c) DHA and (d) AA. n = 5 per group for (e) LA and (f) GLA. #### p < 0.0001,
Mann-Whitney test; *** p < 0.001, * p < 0.05, unpaired t-test. ALA: α-linolenic acid; AA: arachidonic
acid; CTR: control diet; DHA: docosahexanoic acid; EPA: eicosapentanoic acid; GLA: γ-linolenic acid;
LA: linoleic acid.

3.5. ALA-Rich Diet Shapes Small Intestinal Morphology

Since the PUFA-rich diet was suggested to affect the differentiation of the epithelial lineage [25],
we investigated the impact of the ALA-rich diet on the morphology of the small intestine. In order to
test the specificity of the ALA-rich diet effects, we also included a group of seven animals fed with
a Western-type cholesterol-rich HFD. Both the ALA-rich and HFD were associated with significant
increases in mucosal thickness and villus length compared to the CTR group and the effect was more
pronounced in the HFD group (Figure 6a,b). Neither crypt depth nor villus spacing were significantly
affected by the dietary intervention (Figure 6c,d). However, the ALA group showed a trend towards
reduced villus spacing relative to the CTR group. The increased villus length was also reflected by
the significantly higher number of epithelial cells in both the ALA and HFD groups relative to CTR
animals (Figure 6e). However, the proportion of goblet and Paneth cells per villus was significantly
reduced in the ALA-rich and HFD diet groups compared to control chow (Figure 6f,g). Representative
images from PAS staining of goblet cells and Paneth cells are shown in Figure 7a,b, respectively. Finally,
both the ALA-rich and Western-type HFD were accompanied by a significantly reduced proliferation
rate, measured by the percentage of Ki67-positive cells per villus (Figure 6h).
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Figure 6. Impact of ALA-rich diet and Western-type high-fat diet (HFD) on villus morphology of the
mid small intestine. Morphometric analysis of (a) mucosal thickness, (b) villus length, (c) crypt depth,
and (d) villus spacing. Counts of (e) epithelial cells, (f) goblet cells, (g) Paneth cells. Based on Ki67
stained cells the proliferation rate was calculated (h). Bar plots show mean values + standard error
of the mean (SEM). n = 6 in the CTR group, n = 6–7 in the ALA group and n = 7 in the HFD group.
*** p < 0.001, ** p < 0.01, * p < 0.05, ANOVA followed by Dunnett’s post-hoc test. ALA: α-linolenic acid;
CTR: control diet; HFD: Western-type high-fat diet.
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Figure 7. Representative images of Periodic acid-Schiff (PAS) staining of goblet and Paneth cells under
different dietary conditions. Panel (a) shows PAS-stained goblet cells indicated by black arrows/arrow
heads. PAS-stained Paneth cells in intestinal crypts are indicated with black arrows in panel (b). ALA:
α-linolenic acid-rich diet; CTR: control diet; HFD: Western-type high-fat diet.
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4. Discussion

Our study demonstrates that ALA-rich high-fat diet leads to an altered composition of the
commensal microbiota in the mid small intestine in healthy adult mice. This shift was more qualitative
in nature as indicated by the statistically significant effect of diet in the CAP analysis based on the
binary Jaccard index. In contrast, ordination analysis, based on the Bray–Curtis dissimilarity, which
accounts for differences in bacterial abundance between groups, was not associated with a significant
effect of diet. The small intestine of the ALA diet-fed mice showed increased total ALA content
along with changed villus morphology. Specifically, villus length was increased both in ALA-rich
and HFD-fed mice, accompanied with an increased mucosal thickness and number of epithelial cells.
The epithelial proliferation rate as well as the proportion of goblet and Paneth cells was significantly
reduced in the ALA-rich diet and HFD groups.

With regards to the gut microbiome composition, we observed an increase in Bacteroidetes and
a corresponding reduction in the relative abundance of Firmicutes following ALA-rich diet. The
difference in the Firmicutes/Bacteroidetes ratio between groups was not statistically significant, but this
is most likely due to small the sample size. Additionally, differential abundance analysis at the genus
level confirmed these trends as most of the OTUs with reduced abundance in the ALA group were
associated with the Firmicutes phylum. Remarkably, all enriched OTUs belonged to the Bacteroidetes
group. Previous studies reported the opposite effect of an increase in Firmicutes abundance and a
corresponding decrease in Bacteroidetes attributed to the Western-type high-fat diet [48,49]. Such
a shift of the phylum composition has been linked to obesity in both mice and humans [49–52].
Mujico and colleagues observed that increased abundance of Firmicutes as well as Clostridium cluster
XIVa and Lactobacillus was positively correlated with body weight in mice with diet induced obesity,
whereas Bacteroidetes abundance was negatively correlated [49]. In our study, both Lactobacillus and
Clostridium cluster XIVa associated OTUs showed decreased abundance in the ALA-rich diet group.
Our results could therefore imply that an ALA-rich diet might have the potential to shift the microbiota
composition to the lean phenotype. In agreement with this assumption, the Firmicutes/Bacteroidetes
ratio was significantly decreased in type II diabetic patients following 6 months of EPA and DHA-rich
diet compared to baseline [53]. Additionally, Bacteroides-Prevotella abundance was increased, which is
similar to our finding of enhanced Prevotella growth in the ALA group. This suggests thatω-3 PUFA
might exert similar effects on the gut microbiome.

It is important to mention that previous studies investigated microbial composition of the colon
or cecum whereas we focused on the mid small intestine, which might also contribute to differences in
results. In this line of thought, we did not observe a change in the abundance of the Bifidobacterium genus,
although Bifidobacterium strains were previously shown to produce ALA-derived metabolites [19]. This
outcome might simply be due to the fact that these predominantly obligate anaerobic bacteria [54]
are not abundant in the small intestine due to remaining small amounts of oxygen. Supporting this
claim, we detected Bifidobacteria-associated OTUs only in one animal of the ALA group at a relative
abundance of 0.02%. However, the abundance of OTUs associated with the Lactobacillus genus was also
reduced following ALA-rich diet. It is important to mention that the ALA metabolism to conjugated
fatty acids and growth inhibition was reported to be strain specific [19], whereas our analysis lacks
the biological resolution to differentiate between individual bacterial strains. Additionally, Druart et
al. detected the highest amounts of PUFA derived metabolites in the cecum and colon compared to
jejunum and ileum, even though the small intestine is where the majority of fatty acid absorption takes
place [55].

In our current study, we did not investigate the effects of the Western-type HFD on intestinal
commensals as the influence of the HFD was addressed in previous work [48,49,51]. Furthermore,
we tested the same HFD diet in a previous study, where we described a reduced Bacteroidetes and
an increased Firmicutes abundance compared to control diet [47]. This finding is in agreement with
previous reports. In contrast, we observed the opposite trend after feeding mice an ALA-rich diet. An
ALA-rich diet was associated with a reduced abundance of Anaerotruncus and Streptococcus, whereas in

60



Nutrients 2020, 12, 732 14 of 20

our previous study the growth of these genera was stimulated by the Western-type HFD feeding [47].
Since both the ALA-rich diet and Western-type HFD had comparable caloric and fat content, these
results suggest that the fatty acid pattern itself is an important factor shaping the composition of the
intestinal microbiota. In support of this, we included a summary of further studies, which reported
similar effects on microbiota composition following ALA or PUFA-rich diets in Supplementary Table S2.

Our predictive functional metagenome analysis implied that the ALA-rich diet might significantly
impact a number of pathways, although effect sizes were generally small. Contrary to our expectations,
we found the ALA metabolism pathway to be downregulated in the ALA group compared to control
animals. This is probably due to the reduced abundance of OTUs associated with Lactobacillus and
Lachnospiraceae as specific strains of these bacteria are reportedly able to metabolize ALA [21–23].
Furthermore, increased dietary amounts of ALA might interfere with the adaptive capabilities of
gut bacteria since we observed a downregulation of the two-component system in the ALA-rich diet
group. In line, we predicted significantly more sequences associated with the bacterial secretion
system pathway compared to control animals, which might be an adaptive response of the commensal
microbiota. Unsaturated fatty acids were previously reported to activate components of the bacterial
secretion system of Staphylococcus aureus as part of its stress response [56,57]. Interestingly, the prostate
cancer pathway was enriched in the ALA-group and a few reports have linked ALA levels with an
increased risk for prostate cancer [58–60]. Nevertheless, other studies did not identify such association,
so results remain controversial [16]. However, our findings regarding the functional metagenome
are only based on in silico predictions and would have to be validated by whole metagenome
shotgun sequencing.

Apart from the pronounced changes in gut microbiota composition, ALA-enriched diet resulted
in an expected increase in ALA levels in the small intestinal tissue of mice. In line, the relative
amount of EPA and DHA, oxylipins linked to reduced synthesis of inflammatory cytokines [61],
was elevated in these tissues. The higher increase of EPA levels compared to DHA supports the
conventional assumption that ALA is a better precursor for EPA than DHA in vivo [62]. In contrast to a
previous study on the absorption of essential fatty acids in the rat jejunum [63], we noted a significant
reduction in small intestinal AA levels in the ALA diet-fed group. Of note, the ALA diet-dependent
up-regulation of fatty acid-binding protein 1 (FABP1; L-FABP) was reported in the small intestine of
the C57BL/KsJ-db/dg obesity mouse model [64], demonstrating a direct influence of this essential fatty
acid on the regulation of host metabolism. Overall, the ALA-rich diet was linked to a very consistent
effect on the fatty acid profile of the small intestine as different classes of fatty acids were all regulated
in the same direction. Namely, all significantly altered saturated fatty acids (SFA), monounsaturated
fatty acids (MUFA),ω-6 PUFA andω-9 PUFA demonstrated reduced levels in the ALA group whereas
all significantly altered ω-3 PUFA showed an increased concentration. This indicates that an ALA-rich
diet drives the fatty acid composition of the intestinal tissue towards an anti-inflammatory phenotype.
For instance, decreasing the dietary ω-6/ ω-3 PUFA ratio was associated with significantly lower
circulating levels of the pro-inflammatory marker interleukin-6 as well as non-high-density lipoprotein
(non-HDL) cholesterol in low-density lipoprotein (LDL) receptor-deficient mice, which in turn led to
attenuated aortic lesion formation [65]

In addition to influences on host metabolism, trophic effects on the mid small intestine were
reported for bolus doses of essential fatty acids (i.e., ALA) [66]. In our study, the enrichment
of ALA-derived metabolites in the small intestinal tissue was accompanied by the morphometric
adaptation of the small intestine, as shown by increased mucosal thickness, increased villus length and
an elevated number of epithelial cells per crypt-villus axis. These ALA-rich diet-induced elongated
villus structures were associated with a vastly decreased epithelial cell proliferation rate. Considering
that 4 weeks of Western-type HFD feeding yielded a similar gut mucosal morphology, the observed
adaptation in gut morphology likely is a general feature of fat-rich diets. Noteworthy, the ALA-rich
diet group showed a tendency of reduced villus spacing relative to the CTR group. Remarkably, our
findings on dietary ALA, evoking reduced epithelial cell proliferation in the small intestine, are in
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support of the identified proliferation inhibitory effect of conjugated isomers of ALA (C18:3 c9, t11, c15
conjugated ALA), generated by Bifidobacterium breve National Collection of Industrial Food and Marine
Bacteria (NCIMB) 702258 on the SW480 colon cancer cell line. Thus, we here provide direct evidence
for the functional role of an ALA-enriched diet in influencing the small intestinal architecture. The
functional involvement of HFD-induced dysbiosis in pathways driving morphometric adaptation of
the small intestinal architecture is subject to further investigation. This aspect is in particular interesting
since elongated villus structures and a decreased epithelial proliferation rate is a prominent trait of the
germ-free mouse model [67]. The impact of a fat-rich diet on the morphogenetic adaptation of the
small intestine may consequently have broad implications for nutrient uptake.

The nutritional impact on ALA-rich diet may also influence the differentiation of the secretory
lineage. Specifically, we observed a marked decrease in the percentage of goblet and Paneth cells
in the ALA group. This strongly suggests that additional gut developmental pathways are likewise
influenced by fat-rich diet. In line with this, Benoit and colleagues demonstrated that ALA led to a
significant decrease in the secretion of mucin 2 (MUC2) in a HT29-MTX cell line in vitro. Furthermore,
the expression of the human atonal homolog 1 transcription factor (ATOH1), which is involved in
goblet cell differentiation [68], was downregulated by ALA [25]. Interestingly, in the same study, oral
administration of rapeseed oil to rat pups, which is rich inω-3 PUFAs, was associated with reduced
goblet cell numbers. An alternative mechanism through which a high-fat diet might influence intestinal
morphology is via modifications in the composition of the commensal microbiota. Further studies such
as feeding experiments in germ-free and conventionally raised mice would be necessary to investigate
these hypotheses. As recent studies showed that modern nano-sized food additives are able to interact
with both gut microbiota and biomolecules, it will be interesting to study the combined effects of
nanoparticulates and macronutrients, such as ALA, in future studies [69–73].

Limitation of the Analysis

The main limitation of our study is the small sample size for the analysis of the commensal
microbiota composition in the small intestine. Due to the resulting low statistical power, our analysis
was theoretically only able to detect large effect sizes. Therefore, an ALA-rich diet might result in
additional changes in microbiome composition, which remained undetected. This limitation is partially
offset by the statistical technique we employed. DESeq was previously shown to have increased
sensitivity for differential abundance analysis in small samples compared to other methods [74]. Hence,
our results on the effects of an ALA-rich diet on microbiota composition in the mouse small intestine
should be verified in a larger cohort.

5. Conclusions

Our study on adult C57BL/6J mice revealed that an ALA-rich diet influences the microbiota
composition and the predicted metagenome of the small intestine. Interestingly, the two-component
system was downregulated, and the bacterial secretion system was upregulated in the ALA group,
suggesting that an ALA-rich diet might affect bacterial adaptive responses. Moreover, we demonstrated
the adaptation of gut morphology to an ALA-enriched diet, a trait that was also observed by feeding
a Western-type HFD. Strikingly, the percentage of goblet and Paneth cells per crypt-villus axis was
dramatically reduced under ALA-rich diet and Western-type HFD feeding conditions.
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Table S1. Fatty acid profile of intestinal tissue of mice receiving α-linolenic acid-rich diet or control diet; Table S2.
Studies reporting similar effects of ALA- or PUFA-rich diet on microbiome composition; Figure S1. Composition
of the small intestine microbiota at the genus level.
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Table S1. Fatty acid profile of intestinal tissue of mice receiving α-linolenic acid-rich diet or 
control diet. 

Fatty acid Control diet 
(mean  ± SEM) 

ALA diet 
(mean  ± SEM) 

p-value 

C8:0 Caprylic acid 

C10:0 Capric acid 

C11:0 Undecylic acid 

C12:0 Lauric acid 

C13:0 Tridecylic acid 

C14:0 Myristic acid 

C14:1 Myristoleic acid 

C15:0 Pentadecanoic acid 

C15:1 Pentadecenoic acid 

C16:0 Palmitic acid 

C16:1 Palmitoleic acid 

C17:0 Margaric acid 

C18:0 Stearic acid 

C18:1 trans Elaidic acid 

C18:1 cis Oleic acid 

C18:2 trans Linolelaidic acid 

C20:0 Arachidic acid 

C20:1 11-Eicosanoic acid 

C21:0 Heneicosylic acid 

C18:4 n3 Stearidonic acid 
C20:2 Eicosadienoic acid 

C22:0 Behenic acid 

C20:3 n9 Mead acid 

C20:3 n3 Eicosatrienoic acid 

C23:0 Tricosylic acid 

C22:2 Docosadienoic acid 

0.00 ± 0.00 

0.00 ± 0.00 

0.00 ± 0.00 

0.026 ± 0.007 

0.00 ± 0.00 

1.84 ± 0.24 

0.038 ± 0.010 

0.086 ± 0.002 

0.00 ± 0.00 

31.43 ± 1.01 

4.50 ± 0.96 

0.17 ± 0.02 

9.51 ± 1.05 

0.048 ± 0.024 

15.16 ± 0.68 

0.016 ± 0.016 

0.32 ± 0.03 

0.44 ± 0.03 

0.01 ± 0.0 

0.37 ± 0.14 
0.12 ± 0.011 

0.08 ± 0.014 

1.13 ± 0.07 

0.00 ± 0.00 

1.34 ± 0.38 

0.00 ± 0.00 

0.00 ± 0.00 

0.00 ± 0.00 

0.00 ± 0.00 

0.006  ± 0.002 

0.00 ± 0.00 

0.45 ± 0.06 

0.002 ± 0.002 

0.07 ± 0.003 

0.00 ± 0.00 

14.82 ± 0.54 

0.41 ± 0.09 

0.20 ± 0.02 

12.54 ± 1.10 

0.042 ± 0.004 

7.20 ± 0.88 

0.002 ± 0.002 

0.25 ± 0.01 

0.24 ± 0.02 

0.008 ± 0.002 

10.64 ± 0.63 
0.13 ± 0.013 

0.056 ± 0.006 

0.61 ± 0.09 

0.16 ± 0.02 

1.15 ± 0.55 

0.002 ± 0.002 

n.s. 

n.s. 

n.s. 

0.032# 

n.s. 

0.003** 

0.008## 

0.024# 

n.s. 

<0.0001*** 

0.013* 

n.s. 

n.s. 

n.s. 

<0.0001*** 

n.s. 

0.048* 

0.016# 

n.s. 

0.008## 
n.s. 

n.s. 

0.002** 

<0.0001*** 

n.s. 

n.s. 
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68



C24:0 Lignoceric acid 

C20:4 n3 Eicosatetranoic acid 

C22:3 Docosatrienoic acid 

C24:1 Nervonic acid 

C22:4 n6 Adrenic acid 

C22:5 n6 Osbond acid 

C22:5 n3 Docosapentanoic acid 

0.048 ± 0.007 

0.042 ± 0.042 

0.00 ± 0.00 

0.036 ± 0.005 

0.64 ± 0.08 

0.45 ± 0.05 

0.056 ± 0.019 

0.046 ± 0.006 

2.64± 0.53 

5.49 ± 0.36 

0.04 ± 0.004 

0.094 ± 0.011 

0.012 ± 0.002 

1.29 ± 0.19 

n.s. 

0.008## 

0.008## 

n.s. 

0.002** 

0.008## 

0.008## 

n.s. not significant *** p<0.001, ** p<0.01, *p<0.05 unpaired t-test; ### p<0.001, ## p<0.01, 
#p<0.05 Mann-Whitney U test. 
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Table S2. Studies reporting similar effects of ALA- or PUFA-rich diet on microbiome composition 

Study Study population Diet ALA/PUFA effects on microbiome 
comparable to our study 

Tial et al. 20161 Male Sprague-Dawley rats, 
8-9 weeks old at study start 

1. Normal chow diet with 10kcal% fat for 
16 weeks  

2. Western style lard-rich diet with 45 
kcal% fat 

3. Fish oil rich diet with 10% fish oil 

4. Perilla-oil rich diet with 5.5 % perilla oil 

Reduced Firmicutes/Bacteroidetes 
ratio; enhanced Prevotella and 
Parabacteroides growth; reduced 
Lactobacillus growth 

Wang et al. 20182 8-week old spontaneously 
diabetic male KKay mice 
(DM) or age-matched 
C57L/6 mice (NC) 

1. NC + normal chow  

2. DM + control chow 

3. DM + low dose perilla oil (0.67 
g/kg/bw/d) 

4. DM + middle dose perilla oil (1.33 
g/kg/bw/d) 

5. DM + high dose perilla oil (2 g/kg/bw/d) 

Enhanced Parabacteroides growth; 
reduced abundance of Lachnospiraceae 
in low dose perilla oil group compared 
to DM control. 

Power et al 20163 4-week old male C57Bl/6 
mice 

1. Basal diet for 3 weeks 

2. Basal diet supplemented with 10% whole 
ground flaxseed oil 

Enhanced abundance of Prevotella 

Patterson et al. 
20144 

8-week old male C57Bl/6 
mice 

1. Low fat- high maize starch diet for 16 
weeks 

2. Low fat-high sucrose diet 

3. High fat-palm oil 

Reduced Anaerotruncus growth in 
flaxseed/fish oil group compared to 
low fat-high sucrose group 
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4. High fat-olive oil 

5. High fat-safflower oil 

6. High fat-flaxseed/fish oil 

Pusceddu et al. 
20155 

17-week old female 
Sprague-Dawley rats 
(maternally separated and 
non-separated animals) 

1. Saline water 

2 Low dose EPA/DHA (0.4 g/kg/day 
mixture with 80% EPA and 20%DHA) 

3. High dose EPA/DHA (1 g/kg/day 
mixture with 80% EPA and 20%DHA) 

Enhanced Prevotella growth in low 
dose and high dose EPA/DHA group 
compared to control group (non-
separated animals) 

Beilharz et al. 
20166 

Male Srague-Dawley rats 1. Control diet (12 or 13 days) 

2. Saturated fat diet (with lard as source) 

3. PUFA rich diet (with sunflower oil as 
source) 

4. Sugar diet 

Reduced Lactobacillus growth in 
PUFA group compared to control diet 
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Figure S1. Composition of the small intestine microbiota at the genus level. Data are shown 
as relative abundance for each animal in the α-linolenic acid-rich diet group (ALA) or the control 
chow group (CTR). 
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Impact of Acute and Chronic
Amyloid-β Peptide Exposure on Gut
Microbial Commensals in the Mouse
Malena dos Santos Guilherme1†, Hristo Todorov2,3,4†, Carina Osterhof5, Anton Möllerke1,
Kristina Cub1, Thomas Hankeln5, Susanne Gerber2,3 and Kristina Endres1*

1 Department of Psychiatry and Psychotherapy, University Medical Center, Johannes Gutenberg University Mainz, Mainz,
Germany, 2 Faculty of Biology, Institute for Developmental Biology and Neurobiology, Center of Computational Sciences
Mainz, Johannes Gutenberg University Mainz, Mainz, Germany, 3 Institute for Human Genetics, University Medical Center,
Johannes Gutenberg University Mainz, Mainz, Germany, 4 Fresenius Kabi Deutschland GmbH, Oberursel, Germany,
5 Institute of Organismic and Molecular Evolution, Molecular Genetics and Genome Analysis, Johannes Gutenberg University
Mainz, Mainz, Germany

Alzheimer’s disease (AD) is the most common form of dementia. Besides its cognitive
phenotype, AD leads to crucial changes in gut microbiome composition in model
mice and in patients, but the reported data are still highly inconsistent. Therefore, we
investigated chronic effects of AD-characteristic neurotoxic amyloid-β (Aβ) peptides as
provided by transgenic overexpression (5xFAD mouse model) and acute effects due to
oral application of Aβ on gut microbes. Astonishingly, one-time feeding of wild type mice
with Aβ42 provoked immediate changes in gut microbiome composition (β diversity)
as compared to controls. Such obvious changes were not observed when comparing
5xFAD mice with wild type littermates. However, acute as well as chronic exposure to
Aβ significantly affected the abundance of numerous individual operational taxonomic
units. This provides first evidence that acute in vivo exposure to Aβ results in a shift in
the enteric microbiome. Furthermore, we suggest that chronic exposure to Aβ might
trigger an adaptive response of gut microbiota which could thereby result in dysbiosis in
model mice but also in human patients.

Keywords: Alzheimer’s disease, microbiome, anti-microbial, Amyloid-β peptide, mouse model, 5xFAD

INTRODUCTION

Improvements in our healthcare system have led to a global increase in the percentage of elderly
people. Currently, nine percent of the population in the world is aged 65 or older; in 2050
this number will increase approximately to 16 percent and the older people will outnumber
adolescents aged 15 to 24 years (United Nations Department of Economic and Social Affairs, 2019).
Currently, 50 million people suffer from dementia (Alzheimer Disease International, 2019). The
most common form of these divergent disorders is Alzheimer’s disease (AD) and age is the major
risk factor for developing AD (Alzheimer Disease International, 2019). One of the characteristic
hallmarks in the brain of AD patients are amyloid plaques derived from amyloid-β (Aβ) peptides –
a cleavage product of the amyloid precursor protein (APP). APP can be processed in two different
ways: (1) cleavage by α-secretase gives rise to non-amyloidogenic APPs-α and (2) cleavage by

Abbreviations: Aβ, amyloid-β peptide; AD, Alzheimer’s disease; CFU, colony forming units; Sc, Scrambled; 5xFAD,
Alzheimer’s disease mouse model; OTU, operational taxonomic unit.
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β-and γ-secretase generates neurotoxic Aβ peptides (for detailed
reviews see Rossner et al., 2006; Endres and Deller, 2017).
Imbalances of this processing or changes in Aβ degradation
lead to oligomerization of neurotoxic Aβ peptides which are
presumed to be the cause of sporadic AD (Hardy and Higgins,
1992; Yang et al., 2003; Roberts et al., 2017; Lane et al.,
2018). Besides this, formation of neurofibrillary tangles of
hyperphosphorylated tau protein and a loss of synapses as
well as neurons are characteristics of the disease (Whitehouse
et al., 1982; Kowall and Kosik, 1987; Shin et al., 1989). In sum,
these pathological hallmarks are responsible for the observed
decline in cognitive and general abilities in AD patients and
finally lead to death. So far, there is no preventive or curative
therapy. Treatment with, e.g., Rivastigmine, which acts as an
acetylcholinesterase inhibitor, can help to ameliorate disease
progression, but cannot stop it (Farlow et al., 2005). The etiology
of sporadic AD is not yet fully understood; therefore a more
systemic view – including other organs than CNS and also their
microbiome – could provide new therapeutic targets.

Only recently, the interplay between brain and gut has gained
more attention for researchers regarding neurodegenerative
diseases (Quigley, 2017). However, investigations in the field
of AD are still rare (for a detailed review see Endres, 2019).
Research in the field of, e.g., Parkinson’s disease (PD), a dementia
with α-synuclein deposition in analogy to Aβ deposits in AD,
is far more advanced and already gave insights into relevant
gut-brain-connections. For example, differences in microbial
composition of the gut, such as reduced Bacteroidetes and
increased Enterobacteriaceae, were found when comparing fecal
samples from PD patients with samples of healthy controls
(Unger et al., 2016). Simultaneously, about 80% of PD patients
suffer from gastrointestinal dysfunction (Poewe, 2008; Cersosimo
and Benarroch, 2012). It has also been shown that gut microbiota
can directly influence disease progression in PD model mice by
regulating motor deficits and neuroinflammation (Sampson et al.,
2016). Furthermore, α-synuclein, the main driver of the disease
which was also found in gut tissue, is discussed as a biomarker
for pre-motor PD by using colon biopsies (Shannon et al., 2012).
These investigations give profound basis for the assumption that
a neurodegenerative disease might derive from or be influenced
by gastrointestinal properties. The avenues which are used for this
are not fully understood so far.

Brain and gut are connected via the so-called gut-brain-axis
which consists of the enteric nervous system (ENS), the Nervus
vagus, immune cells and the microbiome (Mayer, 2011). The
Nervus vagus allows bidirectional communication via efferent
and afferent fibers (Quan and Banks, 2007). The connection
between brain and gut enforces speculation if the microbiota and
their metabolites may influence AD progression or vice versa if
AD pathogenesis impacts the microbiome.

Joachim et al. (1989) already showed Aβ deposition in the
gut of individual patients. Also, antimicrobial properties of Aβ

on single microbial strains have been demonstrated (Soscia
et al., 2010). Furthermore, different studies concluded, that
transgenic AD model mice as well as AD patients present
differences in microbiota composition in comparison to healthy
controls (Brandscheid et al., 2017; Cattaneo et al., 2017;

Harach et al., 2017; Shen et al., 2017; Vogt et al., 2017; Bauerl
et al., 2018). The investigations of the role of microbiota in AD
are still highly inconsistent. Harach et al. (2017), for example,
showed an increase of Firmicutes, but a decrease of Bacteroidetes,
in fecal samples of 1 month old AD model mice (APPPS1) as
compared to wild type controls. The opposite result could be
found in the same mouse strain at an age of 8 months. In a
study using fecal samples of 9 week old 5xFAD mice, elevated
amount of Firmicutes and less Bacteroidetes were detected as
compared to wild type controls (Brandscheid et al., 2017). The
investigated mouse strains represent genetic models, which can
be used for observatory studies of chronic exposition of gut tissue
with neurotoxic Aβ peptides especially because the peptide itself
has also been detected in the gut (Brandscheid et al., 2017).
However, acute effects have not been investigated so far in vivo
and compared to the prolonged exposure.

The aim of our study was to investigate chronic as well as acute
effects of Aβ exposition in the gut. 5xFAD mice were used as a
model for AD, which express mutated human APP and PSEN1
transgenes with a total of five mutations and show Aβ deposition
in the brain and gut tissue already at an age of 4 weeks (Oakley
et al., 2006; Brandscheid et al., 2017). We analyzed gut bacteria
of C57Bl/6J wild type mice in comparison to 5xFAD transgenic
littermates by 16S-rDNA sequencing. Additionally, acute effects
of Aβ were investigated in vivo after oral administration of Aβ

peptides to wild type mice. As expected, differences in the gut
microbiome could be observed by comparing 5xFAD mice with
wild type controls but interestingly, also acute exposition of gut
tissue for just 5 h with Aβ peptides (one complete gut passage) led
to substantial differences in microbiota as compared to animals
treated with a scrambled, non-active peptide.

MATERIALS AND METHODS

Peptides
For the incubation of feces bacteria and oral application to the
mice, human Aβ1−42 or scrambled, biologically inactive peptide
(both AnaSpec, Seraing, Belgium) in 5 mM NH4OH buffered
in PBS was used. TAMRA-labeled peptide (AnaSpec, Seraing,
Belgium) was used for detecting gut transition of Aβ.

Quantitation of Colony Forming Units
and Bacterial Viability Assay
Anaerobic Cultivatable Community
Freshly collected fecal pellets were suspended in isotonic sodium
chloride solution (0.9%, 100 µl/mg) using a hand-held electric
stirrer (Xenox, Fähren, Germany). Aliquots of 50 µl were
supplemented with 5 µl of peptide solution in 0.4 mM NH4OH
buffered in PBS. After 10 min incubation at room temperature
under careful mixing for every 2 min, 20 µl of this suspension
were added to 4 ml of thioglycollate bouillon (Becton Dickinson
GmbH, Heidelberg, Germany) and kept for overnight at 4◦C. The
following day, 1 µl of the diluted fecal suspension was spread
on Schaedler agar plates (Becton Dickinson GmbH, Heidelberg,
Germany) and incubated for 48 h anaerobically (Anoxomat,
Mart Microbiology B.V, Drachten, Netherlands). Lastly, colony
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forming units (CFU) were counted and normalized to controls
from the same donor mouse incubated with scrambled peptide.

Family-Specific Cultivation
For assessing toxic effects of Aβ on specific microbial families,
freshly collected feces was suspended and incubated with 2 µM
peptide solution as described above. Afterward, feces suspensions
were diluted with 0.9% sodium chloride solution for plating
1 ml on 3MTM-Petrifilm plates specific for Enterobacteriaceae
and Lactobacillaceae (3M Deutschland GmbH, Neuss, Germany).
Plates were incubated for 20 h at 37◦C. CFU were counted and
normalized to samples from the same donor mouse incubated
with scrambled peptide.

Viability Assay
After incubation of diluted feces samples with Aβ peptide
or scrambled control for plating (see above), additional 1:100
dilutions were prepared and viability measured by using the
BacTiter Glo assay as indicated by the vendor (Promega,
Mannheim, Germany). Relative luminescence was measured and
normalized to controls from the same donor mouse incubated
with scrambled peptide.

Animals
B6SJL-Tg(APPSwFlLon,PSEN1∗M146L∗L286V)6799Vas/Mmjax
(5xFAD) mice (Jackson Lab, Bar Harbor, Maine, United States)
were maintained by crossbreeding with C57BL/6J background as
described in Reinhardt et al. (2018). Animals aged 9–10 weeks
were used and non-transgenic offspring served as control and for
acute treatment with peptides. All animals were group-housed
with 3–5 animals per cage in a 12 h light/dark cycle with food
(Ssniff Spezialdiäten GmbH, Soest, Germany) and water available
ad libitum. At least one week before sampling of feces or chyme,
animals were single-caged to avoid microbial transfer, e.g., by
coprophagy. All procedures were performed in accordance with
the European Communities Council Directive regarding care and
use of animals for experimental procedures and were approved
by local authorities (Landesuntersuchungsamt Rheinland-Pfalz;
approval number G17-1-035).

Oral Peptide Application
Animals were lightly anesthetized with Isoflurane and 10 µg of
peptide or solvent (10 mM NH4OH) administered slowly into the
oral cavity. Mice were kept in manual fixation up to ingestion of
the fluid to prevent aspiration.

Collection of Chyme
Animals were deeply anesthetized with isoflurane and sacrificed
by decapitation. For microbiome determination, feces pellets
close to the rectum were taken. For assessing fluorescence after
feeding of TAMRA-labeled Aβ, the whole gut was placed in
ice cold isotonic sodium chloride to prevent further peristalsis
movement. Segments of 2 cm length were then chopped starting
from the stomach, the content collected by longitudinal opening
and stored on ice until further use.

Western Blot and Fluorescence
Detection
To measure the stability of TAMRA-labeled Aβ in the
gastrointestinal milieu, chyme samples were collected as
described before and diluted with 500 µl ice cold PBS. TAMRA-
labeled Aβ (0.025 µM or 0.005 µM) was added to chyme or PBS
as control and incubated for 2 h at 37◦C with gently mixing every
20 min. Afterward, LDS NuPAGE buffer (1×, Life Technologies,
Carlsbad, California, United States) and DTT (1 M, 10% v/v, Carl
Roth GmbH & Co. KG, Karlsruhe, Germany) were added and the
solution was heated for 10 min at 70◦C. Proteins were separated
on a 12%-SDS polyacrylamide gel and subsequently transferred
to a nitrocellulose membrane (GE Healthcare, Chalfont, Great
Britain). The membrane was blocked with I-block solution (0.2%
in PBS/T, Thermo Fisher Scientific) for 1 h before incubation
with primary antibody in a dilution of 1:1,000 overnight at
4◦C. On the next day, the membrane was washed with PBS/T
and incubated with the secondary antibody coupled with horse
reddish peroxidase (Thermo Scientific, Chalfont, Great Britain).
Chemiluminescent signals were detected after application of
SuperSignal West Femto chemiluminescent substrate (Thermo
Scientific, Chalfont, Great Britain) by using a CCD-camera (Stella
3200 Camera, Raytest, Straubenhardt, Germany). Fluorescence
signal was detected by using the Storm Scanner 860 (Molecular
Dynamics, Caesarea, Israel).

Assessment of Gut Transition Time of
Peptides
After oral application of TAMRA-labeled Aβ or NH4OH as
control and sacrifice of the animals 2, 4, or 24 h later, chyme
samples were diluted with 500 µl ice cold PBS, incubated for
5 min and centrifuged. Fluorescence was measured by using
50 µl of the supernatant in duplicates (Exc 540 nm and Em
580 nm, FLUOstar Optima, BMG Labtech GmbH, Ortenberg,
Germany) at intervals of 1 min over a period of 1 h at 37◦C with
shaking before every measurement. The mean of the values of the
measurements between 15 and 45 min was used to calculate the
difference between the TAMRA-labeled Aβ-treated animals and
solvent-treated control animals.

DNA Extraction From Fecal Samples
Fecal samples were stored at −80◦C before DNA extraction was
done by using the QIAmp Fast DNA Stool Mini Kit (Qiagen
GmbH, Hilden, Germany) as recommended by the vendor.

Sequencing and Taxonomic Assignment
of 16S rDNA Amplicons
Library preparation and Illumina sequencing was performed by
StarSEQ GmbH (Mainz, Germany). For amplicon generation,
the V3-V4 16S metagenomics sequencing system (Illumina) was
used. Amplicons were paired-end sequenced (2 × 300 bp) on an
Illumina MiSeq platform. De-multiplexed sequences were loaded
into QIIME2 version 2018.6 (Caporaso et al., 2010) and de-
noising was done using the DADA2 algorithm (Callahan et al.,
2016). Due to a low quality of the reverse reads, neither read
merging within QIIME nor external read merging with BBMerge
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from the BBMap suite1 retained a sufficient amount of reads,
so we decided to exclude the reverse reads from downstream
analysis. Forward reads were truncated to 255 bp after quality
control. A naïve Bayes classifier was trained on Greengenes
database 13_8 containing the V3–V4 region only with QIIME’s
internal implementation of scikit-learn. Taxonomic assignment
was then done on 97% sequence identity. A multiple sequence
alignment was done with MAFFT and a phylogenetic tree was
calculated using the q2-phylogeny plugin.

Microbial Composition of Fecal Samples
We employed the phyloseq R package for downstream analysis of
16S data. Separate statistical comparisons were always performed
between wild type vs 5xFAD and scrambled Aβ vs Aβ-fed
animals, respectively. Alpha diversity was estimated using the
Chao and Shannon index. In order to account for different
library sizes, each sample was normalized to the smallest
library size by random sampling with replacement. This process
was repeated a 1,000 times and the average values from all
runs were considered as final estimates for alpha diversity.
Groups were compared statistically with an unpaired t-test.
Differences in beta diversity were analyzed using canonical
analysis of principal coordinates (CAP) (Anderson and Willis,
2003) as implemented in the vegan R package. Ordinations
based on both the Bray–Curtis dissimilarity as well as the binary
Jaccard distance were performed to investigate quantitative and
qualitative differences in beta diversity. Community composition
at the phylum and family level was compared based on
relative abundance. Subsequently, we performed differential
abundance analysis by estimating log2 fold changes (FC) of
bacterial abundance with the DESeq2 package (Love et al.,
2014). This method was chosen because DESeq2 was previously
shown to offer increased sensitivity to detect differentially
abundant operational taxonomic units (OTUs) while keeping
false discovery rates below 0.05 with small sample sizes
(Weiss et al., 2017). Briefly, absolute bacterial abundances were
transformed to normalized counts using the median-of-ratios
method implemented in DESeq2. FC of bacterial abundance
were calculated using generalized linear models assuming a
negative binomial distribution. The relationship between the
mean and dispersion parameters was estimated using local
regression. The significance of FC was evaluated with Wald z
tests. Differences were considered statistically significant if the
adjusted p-value of the respective FC was below 0.05. p-values
are two-tailed and adjustment for multiple comparisons was
performed by controlling the false discovery rate with the help
of the Benjamini–Hochberg method.

Statistical Analysis
All statistical analyses were performed using GraphPad Prism 6
for Windows or R version 3.5. Data are graphically represented
as mean + standard error of the mean (SEM) (Figure 1) or with
boxplots and scatter plots showing individual values (Figure 3).
Statistical analysis was performed with an unpaired two-tailed

1https://sourceforge.net/projects/bbmap/

Student’s t-test (∗p < 0.05, ∗∗p < 0.01, and ∗∗∗p < 0.001) if not
stated otherwise.

RESULTS

Impact of Aβ on Viability of Murine Fecal
Bacteria
An antimicrobial effect of Aβ42 on single microbial species such
as Enterococcus faecalis or Candida albicans has been shown
before (Soscia et al., 2010). In order to ensure the toxic properties
of Aβ peptides in complex microbiota mixtures, fecal samples
from 5xFAD mice and wild type littermates were incubated with
Aβ42 or scrambled peptide as control (incubation with solvent
only did not statistically deviate from scrambled control, data
not shown). Ten minutes of incubation sufficed to significantly
reduce viability of fecal microorganisms from wild type mice in
comparison to scrambled peptide treated samples (Figure 1A).
Interestingly, no such toxic effect of the active peptide could
be shown within samples derived from transgenic AD model
mice. Furthermore, samples derived from wild type mice treated
with 2 or 10 µM Aβ42 were plated on Schaedler agar plates
to analyze the effect on all anaerobically cultivatable bacteria.
Two different concentrations were selected to address a wider
range of bacteria. CFU were counted after 48 h of incubation.
At both concentrations, a significant reduction of about 30–
40% of bacterial growth was observed (Figure 1B). To assess
if differences in vulnerability due to Aβ exist in different
bacterial families, diluted bacterial suspension from transgenic
and wild type animals were subsequently plated on agar plates
selective for Lactobacillaceae (Figure 1C) or Enterobacteriaceae
(Figure 1D). Both families were significantly reduced after Aβ42
treatment in comparison to scrambled peptide control when
fecal material was derived from wild type mice. However, no
significant effects could be observed for Lactobacillaceae from
transgenic 5xFAD animals, and only a non-significant reduction
of Enterobacteriaceae occurred (p = 0.09).

Gastro-Intestinal Passage of Orally
Administered Aβ Peptides
Before oral treatment of the mice, the stability of the Aβ peptide
in the gastro-intestinal milieu had to be proven. Therefore,
TAMRA-labeled Aβ42 was incubated with PBS-diluted content
of the stomach of wild type mice or PBS as control for 2 h
at 37◦C (exponential decay constant of stomach emptying in
mice: 74 min; Schwarz et al., 2002). Detection of Aβ-dependent
signals by Western blotting using the antibody 6E10 showed
similar patterns of Aβ monomer and oligomers incubated
with gastric content or PBS, independent of Aβ concentration
(Figure 2A, upper panel). Fluorescence detection supported a
clear assignment of the TAMRA-labeled peptide as the same
pattern could be obtained as with the antibody (Figure 2A,
lower panel). In sum, this indicated that the peptide would at
least be stable within a 2 h period of digestive passage. After
the stability of the Aβ peptide in the gastrointestinal milieu
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FIGURE 1 | Toxic effects of synthetic Aβ42 on murine fecal microbial organisms. (A) Fecal samples of transgenic 5xFAD mice and wild type littermates were diluted
and incubated with Aβ42 peptide or scrambled control (2 µM) for 10 min. Viability was measured and calculated in percent of scrambled peptide treated samples
(n = 13 animals per group, ♂ = 6–7, ♀ = 6–7). (B) Fecal material suspension from wild type mice were incubated with 2 or 10 µM Aβ42 or the respective amount of
scrambled peptide. Subsequently, aliquots of further diluted bacteria suspension were plated on Schaedler agar and incubated anaerobically for 48 h at 37◦C.
Number of colony forming units (CFU) of samples treated with scrambled peptide control were set to 100% (n = 7 animals per group; ♂ = 3, ♀ = 4). (C, D) After
incubation of fecal samples from transgenic or wild type mice with 2 µM Aβ42 or scrambled peptide, suspensions were spread on plates selective for
Lactobacillaceae (C) and Enterobacteriaceae (D) (n = 10–11 per group, ♂ = 5–6, ♀ = 5). Datapoints for individual normalized measurements are shown in each
graph (*p < 0.05; **p < 0.01).

could be ensured, mice were orally treated with the TAMRA-
labeled peptide and sacrificed after 2, 4, and 24 h. To measure
the transit time of the peptide, the gut was divided into 2 cm
segments and fluorescence was measured within diluted chyme.
Two hours after treatment, the TAMRA-labeled peptide could be
detected in the 10th segment of the gut of the wild type animal
(according to cecum) and in the 11th segment of the transgenic
one (Figure 2B). Two hours later, in both animals the signal was
measured in the 11th segment (cecum ampulla). No signal could
be detected in any sample 24 h after the treatment. For further
experiments, a complete gut passage was suspected after 5 h in
mice of respective age and strain which fits to earlier reports on
C57Bl/6 mice (Schwarz et al., 2002).

Diversity of the Gut Microbiome Under
Chronic and Acute Exposure to Aβ

Peptides
We employed high-throughput sequencing of the bacterial 16S
rRNA gene in order to investigate the impact of acute or
chronic exposure to the toxic Aβ peptide on the murine gut
microbiome in vivo. Therefore, feces from 5xFAD mice and wild

type littermates as well as feces from wild type mice treated with
Aβ or scrambled Aβ were collected. Subsequently, DNA was
purified and subjected to 16S rDNA sequencing. All animals used
in these experiments were female.

In the first step of the analysis we compared the alpha and
beta diversity of the negative control sample to all experimental
groups as means of quality control. Estimates of species
richness as well as evenness were considerably lower for the
negative control sample as indicated by the Chao and Shannon
index, respectively (Supplementary Table S1). Furthermore,
unconstrained analysis of principal coordinates based both, the
Bray-Curtis dissimilarity and Jaccard index, revealed that the
negative control was distinctly separated from all experimental
groups in reduced space (Supplementary Figure S1). This
accounted for a large amount of the dispersion in sample scores,
therefore the negative control was removed from the subsequent
downstream analysis in order to better represent differences
between experimental groups.

We did not observe differences in the alpha diversity estimates
between wild type and 5xFAD animals in terms of species
evenness (Figure 3A) and richness (Figure 3B). The comparison
of mice fed with scrambled Aβ or the active form of the
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FIGURE 2 | Stability and time-dependent localization of per os administered Aβ peptides in the murine gastrointestinal tract. (A) TAMRA-labeled Aβ peptide was
incubated in two different concentrations [high (H): 0.025 µM; low (L): 0.005 µM] with PBS-diluted gastric content of wild type mice for 2 h at 37◦C. Solvent of the
peptide was used as a negative control (–). Additionally, samples with PBS instead of chyme were incubated as described (buffer). Proteins were separated on PAA
gel and transferred to nitrocellulose. Detection of Aβ-dependent signal was conducted by antibody 6E10 (upper panel) or by fluorescence (lower panel). The arrow
indicates a cross reactivity only occurring in chyme. (B) To assess the passage of orally administered Aβ peptides, wild type or 5xFAD mice were fed with 10 µg of
TAMRA-labeled Aβ peptides and sacrificed at indicated time points. TAMRA-dependent fluorescence was determined in the chyme of 2 cm gut sections numbered
from 1 (oral end = stomach) to 12 (rectal section). Values are presented as measured difference between the TAMRA-Aβ-treated animals and solvent-treated control
animals (one animal per time point, technical duplicates).

peptide yielded similar results with a very slight non-significant
trend of reduced species richness in the Aβ group (mean Chao
index = 423.4 vs 387.9 in scrambled Aβ compared to Aβ-fed
animals, p = 0.24, Figures 3C,D).

Comparison of beta diversity of 5xFAD vs wild type mice
using CAP resulted in better separation of experimental groups
along the constrained dimension based on the Jaccard index
(Figures 3E,F). Nevertheless, experimental group assignment
only explained a small amount of the dispersion between
samples and the grouping effect was not significant. In contrast,
beta diversity significantly differed between Aβ- and scrambled
Aβ-fed animals in the Jaccard distance based ordination. This
was indicated by non-overlapping 95% confidence ellipses
(Figure 3H). The difference was not significant when beta
diversity was measured with the Bray–Curtis dissimilarity,
implying that the shift in microbiota composition was qualitative
in nature (Figure 3G).

Community Composition of Gut
Microbiome
Community composition of the gut microbiome at the phylum
level was highly similar in 5xFAD mice as compared to wild
type littermates (Figure 4A). The most dominant phylum was

Bacteroidetes with an average relative abundance around 60%,
followed by Firmicutes with an average relative abundance
of approximately 30% in both groups. Proteobacteria and
Verrucomicrobia were the only remaining classified phyla with a
relative abundance of above 1%. The phylum composition of Aβ-
compared to scrambled Aβ-fed animals revealed similar trends
(Figure 4B). The average relative abundance of Bacteroidetes
was slightly lower in the Aβ group (53.9% compared to 59.5%
in the scrambled Aβ group, p = 0.463). In contrast, Firmicutes
average relative abundance of 25.4% in Aβ-fed animals was
marginally higher than the scrambled peptide group (20.2%,
p = 0.102). Nevertheless, differences in relative abundance at the
phylum level were not statistically significant. The community
composition at the family level is shown in Supplementary
Figure S2 for wild type and 5xFAD animals and Supplementary
Figure S3 for animals fed with Aβ or the scrambled peptide.

Differential Abundance Analysis
We performed a differential abundance analysis on the OTU
level by calculating log2 FC of bacterial abundance using the
DESeq2 package. Diagnostic plots from this analysis are shown in
Supplementary Figure S4. This analysis revealed 109 phylotypes
with a significantly different abundance in 5xFAD animals
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FIGURE 3 | Diversity measures of gut microbiota following chronic or acute exposure to Aβ. Species richness and evenness of each experimental group were
evaluated by estimating the Chao index and Shannon index, respectively. Panels (A) and (B) show results for wild type compared to 5xFAD mice. Differences in
alpha diversity between wild type animals receiving scrambled Aβ (scAβ) or Aβ are depicted in panels (C) and (D). Data are shown as boxplots and individual values.
Beta diversity was evaluated by calculating Bray–Curtis dissimilarity (E, G) and binary Jaccard distance (F, H). Results were visualized using canonical analysis of
principal coordinates (CAP) for each dissimilarity measure separately. Since there are two groups in each ordination analysis, only one constrained dimension is
calculated (CAP1), which is shown on the x-axis. The y-axis corresponds to the first unconstrained dimension (MDS1). Confidence ellipses around the respective
group centroid were drawn at the 95% confidence level. The percentage of total inertia captured by each axis is shown in brackets. MDS: Multi-dimensional scaling.

relative to the wild type group (Figures 5A,B). The majority of
these OTUs were associated with the Clostridiales order within
the Firmicutes phylum. A large amount of the differentially
abundant OTUs could not be classified to a reference taxonomy

beyond the order and family level. These taxonomic units
included OTUs with either significantly increased or decreased
abundance in 5xFAD animals which implies different influence
of chronic Aβ exposure on the growth of bacteria at lower
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FIGURE 4 | Community composition at the phylum level. Bars show the relative abundance of bacterial phyla in (A) wild type compared to 5xFAD mice and (B) wild
type animals fed with scrambled Aβ (scAβ) versus active Aβ. Phyla with a relative abundance below 0.05% were filtered out from the data set. The label “p__”
corresponds to operational taxonomic units that could not be classified to a reference phylum.

taxonomic levels such as genera, species, or strains. At the
genus level, we detected individual OTUs associated with
Allobaculum, Prevotella, Anaeroplasma, Bacteroides, SMB53, and
Turicibacter, respectively, all of which demonstrated significantly
increased abundance in 5xFAD animals as compared to
wild type littermates. At the species level, we observed an
enhanced growth of individual OTUs belonging to Bacteroides
acidifaciens, Lactobacillus reuteri, and Ruminococcus gnavus
in the 5xFAD group. In contrast, abundance of Helicobacter
hepaticus was significantly decreased relative to wild type animals
whereas individual OTUs associated with Alistipes massiliensis
demonstrated both, increased and decreased abundance in
5xFAD animals (for single fold changes and adjusted p-values see
Supplementary Table S2).

Our comparison of the abundance of individual OTUs
between Aβ- and scrambled Aβ-fed animals resulted in 55
differentially abundant OTUs (Figures 5C,D) most of which
belonged to the Clostridiales order. Similarly to the previous
analysis, multiple OTUs could not be classified beyond the
order and family level. At the genus level, one OTU assigned
to Anaeroplasma showed significantly decreased abundance
in the Aβ group. In contrast, OTUs classified to Oscillospira
and Ruminococcus were associated with instances of both,

increased and decreased abundance, relative to the samples
derived from scrambled Aβ-fed animals. At the species level,
we identified one OTU associated with Lactobacillus reuteri
and two OTUs belonging to Ruminococcus gnavus which
demonstrated significantly reduced growth following feeding
with Aβ (fold changes and adjusted p-values are given in
Supplementary Table S3).

DISCUSSION

The link between AD and alterations in the gut microbiome
composition has already been established in several experimental
animal models (Brandscheid et al., 2017; Harach et al., 2017; Shen
et al., 2017; Zhang et al., 2017; Bauerl et al., 2018; Peng et al.,
2018; Zhan et al., 2018) and clinical studies (Cattaneo et al., 2017;
Vogt et al., 2017; Zhuang et al., 2018). However, the exact causal
mechanism is still not understood. On one hand, perturbations
in gut bacterial homeostasis might lead to increased intestinal
permeability, low grade inflammation or insulin resistance and
obesity (Turnbaugh et al., 2006; Cani et al., 2008, 2009), the last
two of which are risk factors for developing AD (e.g., Kivipelto
et al., 2005; Fitzpatrick et al., 2009; Luchsinger et al., 2012;
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FIGURE 5 | Differential abundance analysis of bacterial operational taxonomic units (OTUs). Log2 fold changes of bacterial abundance were calculated using
DESeq2. Volcano plots show the log2 fold changes versus –log10 adjusted p-values for 5xFAD relative to wild type mice (A) and animals fed with Aβ relative to mice
receiving the scrambled peptide (C). OTUs were considered to be differentially abundant if the adjusted p-value (Benjamini–Hochberg method) was below 0.05
(indicated by a dashed horizontal line). Significant log2 fold changes appear as black dots in panels (A) and (C). The lowest level of taxonomy which could be
assigned to the differentially abundant OTUs is depicted in panel (B) for 5xFAD mice relative to wild type littermates and in panel (D) for mice fed with Aβ relative to
the scrambled peptide control group. Log2 fold changes greater than 0 correspond to OTUs significantly enriched in 5xFAD or Aβ-fed mice relative to the respective
control group.

Ferreira et al., 2018). On the other hand, it is plausible that shifts
in gut bacteria in AD patients might occur as a result of life style
and dietary changes after onset of the disease. For instance, in a
cross-sectional study, AD patients had an exacerbated nutritional
status compared to age-matched controls (Saragat et al., 2012).
An alternative mechanism of how the host affects microbiota
in the context of AD has been hypothesized by us in a recent
in silico study (Hewel et al., 2019). In this previous work,
we demonstrated that host miRNAs differentially expressed in
patients suffering from AD have the potential to bind on key
regulatory sequences in commensal microbiota, thereby possibly
regulating transcription in bacterial pathways.

Despite representing a major hallmark of AD pathology, the
exact physiological function of the Aβ peptide is not known.
However, both in vitro (Soscia et al., 2010; Kumar et al., 2016;
Spitzer et al., 2016) and in vivo (Kumar et al., 2016) studies

have demonstrated that Aβ exerts anti-microbial properties.
Furthermore, oligomerization and fibrillization of the peptide,
which are involved in the process of plaque deposition, are also
characteristics shared with known anti-microbial peptides (Soscia
et al., 2010; Kagan et al., 2012). This has led to the proposal of
a new paradigm for the role of Aβ in AD pathogenesis referred
to as the antimicrobial protection hypothesis of AD (reviewed in
Moir et al., 2018). Considering the fact that Aβ depositions are
also found in the intestine, we investigated if acute or chronic
exposure to the toxic peptide modulates mouse gut microbiota
composition in vitro and in vivo. Previous in vitro experiments
on the anti-microbial properties of Aβ were performed under
aerobic conditions (Soscia et al., 2010; Spitzer et al., 2016),
which is not representative for the predominantly anaerobic
environment of the intestine. Therefore, we incubated fecal
samples from wild type and 5xFAD mice anaerobically in the

Frontiers in Microbiology | www.frontiersin.org 9 May 2020 | Volume 11 | Article 1008

83



fmicb-11-01008 May 20, 2020 Time: 13:29 # 10

dos Santos Guilherme et al. Impact of Aβ-Exposition on Microbiota

current study. Strikingly, Aβ inhibited bacterial growth in fecal
samples originating from wild type animals. Only a tendency of
bacterial growth reduction of Enterobacteriaceae of 5xFAD mice
could be observed. This might suggest that prolonged exposure
to the peptide in 5xFAD animals triggers an adaptive response in
some gut microbiota, but individual species could still be affected.
This assumption is corroborated by in vitro experiments showing
that Aβ inhibited E. faecalis growth at early time points, whereas
bacterial growth resumed at later time points (Soscia et al., 2010).

After observing the growth-inhibiting effects of Aβ on fecal
bacteria in vitro, we also investigated how this translates to the
in vivo situation. We did not detect any difference in alpha
diversity measures between wild type and 5xFAD animals or
between wild type mice fed with Aβ or scrambled peptide which
is in line with previous reports in mice of similar age (Harach
et al., 2017; Shen et al., 2017; Zhang et al., 2017). In contrast,
conflicting results have been described regarding longitudinal
changes of alpha diversity in mouse models of AD. For instance,
Zhang et al. (2017) and Bauerl et al. (2018) observed a significant
increase in alpha diversity in APP/PS1 transgenic mice over time
whereas Shen et al. (2017) reported a significant decrease in
older APP/PS1 mice. Differences were not gender-driven since
the two studies showing an increase used male and female
mice, respectively. Furthermore, APP/PS1 mice had significantly
higher alpha-diversity compared to control animals at 8 months
of age in a study by Harach et al. (2017). In the senescence
accelerated mouse prone 8 (SAMP8) model of AD, alpha diversity
was significantly lower in 7-month old SAMP8 mice as compared
to age-matched controls (Zhan et al., 2018). While differences
in the mouse models of AD and experimental designs might
be partly responsible for these conflicting results, the true
association between alpha diversity of the gut microbiome and
AD still needs to be elucidated.

5xFAD animals did not significantly differ from wild type
littermates in terms of beta diversity which is in agreement
with existing studies in mice of comparable age (Harach et al.,
2017; Zhang et al., 2017; Bauerl et al., 2018). Remarkably, wild
type mice fed with Aβ were clearly separated from animals
receiving the scrambled peptide on the ordination plot when beta
diversity was measured with the Jaccard distance. This might
again be an indication that intestinal bacteria in wild type mice
are more susceptible to the acute effects of Aβ, whereas prolonged
exposure in 5xFAD mice already led to compositional adaptation.
However, longitudinal investigations or studies in older mice
consistently reported a difference in beta diversity between mouse
models of AD and controls at later times points such as 6, 7, 8,
and 24 months of age (Harach et al., 2017; Bauerl et al., 2018;
Peng et al., 2018; Zhan et al., 2018). Therefore, we hypothesize
that increased Aβ burden might be an early driver of changes
in the gut microbiome followed by an adaptive response to the
direct anti-microbial effects of the peptide. This is also reflected
by the lack of in vitro toxic effects of Aβ peptides administered
to fecal samples derived from 5xFAD mice. However, the initial
perturbations of gut homeostasis might trigger a larger cascade
of subsequent events contributing to AD development and long-
term alterations in microbiome composition. For instance, we
previously described a significantly reduced body weight in male

5xFAD mice compared to wild type controls as early as 6 weeks
of age (Brandscheid et al., 2017). Altered gut microbiome is well
known in the context of obesity (Turnbaugh et al., 2006; Cani
et al., 2008), therefore it is plausible to assume that body weight
reduction might also be associated with shifts in fecal bacteria.

With regard to community composition of intestinal bacteria
in female mice aged 10 weeks, we did not detect any significant
changes at the phylum level. In an earlier study, we described
a significantly increased relative abundance of Firmicutes
accompanied by a significant decrease in Bacteroidetes in male
5xFAD mice compared to wild type littermates at the age of
9 weeks (Brandscheid et al., 2017). It is important to mention
that we previously employed a targeted approach to only quantify
a specific subset of phyla and species using qPCR. Here, we
performed a more comprehensive microbiome characterization
by high-throughput amplicon sequencing of the 16S rRNA gene.
Therefore, methodological differences might in part account
for the discrepancy in results. However, gender itself is also
associated with differences in intestinal microbiota composition
(Yurkovetskiy et al., 2013; Fransen et al., 2017; Elderman et al.,
2018). Importantly, female mice were reported to have a higher
diversity and richness which might be an indicator of a more
robust microbiome (Yurkovetskiy et al., 2013; Elderman et al.,
2018). Furthermore, male mice exhibited an altered gut bacterial
composition at puberty and this was not observed in female
animals (Yurkovetskiy et al., 2013). Therefore, shifts at the
phylum level in the context of AD might take longer to develop in
female mice as compared to males which might explain why we
did not detect any changes in the current study. In line with this,
Bauerl et al. (2018) described a significantly increased abundance
of the phylum Proteobacteria in 6-month-old APP/PS1 female
mice compared to controls. The difference was not present at
3 months of age.

Even though the composition of gut microbiota was not
altered after acute or chronic exposure to Aβ at higher taxonomic
levels, we detected numerous differentially abundant OTUs
pointing to early perturbations in gut homeostasis at the species
and strain level. In line with the in vitro growth inhibiting effect
of Aβ on Lactobacillaceae family, we observed a significantly
lower abundance of an OTU associated with Lactobacillus
reuteri in animals fed with Aβ compared to scrambled peptide.
Interestingly, abundance of L. reuteri was drastically decreased
in the offspring of mice kept on a high fat diet compared to
mothers on a regular diet in an autism mouse model (Buffington
et al., 2016). Moreover, supplementation with this bacterium
significantly improved deficits in social behavior in the offspring
of the high-fat diet mice. However, we observed an increased
abundance of this bacterium in 5xFAD mice compared to
wild type littermates, which in theory may again point to a
compensatory reaction after a prolonged exposure to the toxic
Aβ peptide. However, the possible role of L. reuteri in AD needs
to be further validated. Another potential target of interest could
be Ruminococcus gnavus which belongs to the Lachnospiraceae
family and has been linked to inflammatory bowel disease
(Joossens et al., 2011; Hall et al., 2017; Henke et al., 2019).
We identified two OTUs corresponding to this species with
significantly lower abundance in mice fed with Aβ, however,
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one OTU demonstrated an increased abundance in 5xFAD mice
relative to wild type controls. Interestingly, OTUs associated
with R. gnavus were identified to have an increased abundance
in patients with clinically diagnosed AD dementia compared
to age-matched individuals with normal cognitive function
(Zhuang et al., 2018). In the same study, an OTU associated
with Prevotella was more abundant in the AD group which
is in line with our observation of enhanced growth of a
Prevotella OTU in 5xFAD mice compared to controls. In
contrast, a decreased abundance of Prevotella was described
in AD mice as compared to controls (Shen et al., 2017;
Peng et al., 2018), so results remain controversial. An OTU
belonging to the Bacteroides genus demonstrated an enhanced
growth in 5xFAD mice in our study. Increased abundance of
this bacterial genus was also described in patients with AD
by Vogt et al. (2017). Furthermore, Bacteroides abundance in
the AD group was positively correlated with Aβ42/Aβ40 and
p-tau/Aβ42 in cerebrospinal fluid, both of which are biomarkers
for exacerbated AD pathology.

Overall, the abundance of multiple other OTUs, which
belong to the same higher taxonomic unit, was regulated in an
opposite direction after acute or chronic exposure to Aβ. This
demonstrates that species and strains react differently possibly
even within the same genus. However, the majority of OTUs
could not be classified to these lower taxonomic levels. This
highlights the need for optimization of reference databases for
taxonomic assignment especially if pre- or probiotic treatments
should emerge as an option for ameliorating AD pathology.
Namely, such therapies would have to target specific bacterial
species or strains which would first have to be identified with high
certainty in 16S marker-gene survey studies.

In conclusion, to the best of our knowledge, we provide first
evidence that acute in vivo administration of Aβ is associated with
a shift in gut microbiota composition. Our study does not answer
the question if this is the factor that leads to long-term intestinal
bacteria alterations in the context of AD. However, we suggest
that increased exposure to the Aβ peptide might be an early
trigger of a process that ends in a vicious circle of exacerbated AD
pathology promoting impaired gut homeostasis and vice versa.
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Table S1. Alpha diversity measures for the negative control sample 

Shannon index Chao index 

3.38 113.87 

 

 

Figure S1. Unconstrained ordination analysis of all experimental groups including negative 
control. Ordination analysis was performed based on the (A) Bray-Cutis dissimilarity or (B) binary 
Jaccard distance. The negative control sample appears as a red dot on the plots. The amount of 
dispersion in sample scores (inertia) in percent captured by each multivariate dimension is given in 
brackets on the respective axis. 

2.4.1 Supplementary material to publication 4
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Figure S2. Community composition of wildtype and 5xFAD animals at the family level. Each 
bar shows the relative abundance of bacterial families for individual animals.  
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Figure S3. Community composition of scrambled Aβ or Aβ-fed animals at the family level. Each 
bar shows the relative abundance of bacterial families for individual animals.  
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Table S2 Differentially abundant operational taxonomic units (OTU) in 5xFAD animals 
relative to wildtype controls. The taxonomy classification for each OTU, the fold change (FC) 
together with the corresponding adjusted p-value (Benjamini-Hochberg method) are reported. FC 
values below 0 indicate OTUs with significantly lower abundance in 5xFAD animals whereas 
positive FC values correspond to enriched OTUs in the 5xFAD group. 

Taxonomy 
Log2 fold 

change 

Adj. 

p-value 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -27.93 2.96E-17 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 25.01 5.15E-14 

p__Firmicutes; c__Clostridia; o__Clostridiales 25.09 5.15E-14 

p__Firmicutes; c__Clostridia; o__Clostridiales -24.67 7.96E-14 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira 24.73 7.96E-14 

p__Firmicutes; c__Clostridia; o__Clostridiales 24.54 9.32E-14 

p__Firmicutes; c__Clostridia; o__Clostridiales -24.26 1.73E-13 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae -24.13 2.15E-13 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus -24 2.24E-13 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 24.04 2.24E-13 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__S24-7 -24.02 2.24E-13 

p__Firmicutes; c__Clostridia; o__Clostridiales -23.91 2.38E-13 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__S24-7 -23.77 3.16E-13 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -23.74 3.23E-13 

p__Firmicutes; c__Bacilli; o__Turicibacterales; f__Turicibacteraceae; g__Turicibacter 23.52 5.40E-13 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Clostridiaceae; g__SMB53 23.46 5.95E-13 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -23.36 6.97E-13 

p__Firmicutes; c__Clostridia; o__Clostridiales; o__Clostridiales; o__Clostridiales -23.36 6.97E-13 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -23.19 1.01E-12 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__S24-7 -23 1.38E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -23.03 1.38E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae -23.01 1.38E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 23.02 1.38E-12 

p__Firmicutes; c__Erysipelotrichi; o__Erysipelotrichales; f__Erysipelotrichaceae; g__Allobaculum 22.96 1.41E-12 

 p__Firmicutes; c__Clostridia; o__Clostridiales -22.98 1.41E-12 

 p__Firmicutes; c__Clostridia; o__Clostridiales -22.92 1.50E-12 

 p__Firmicutes; c__Erysipelotrichi; o__Erysipelotrichales; f__Erysipelotrichaceae; g__Allobaculum 22.71 2.46E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 22.59 3.15E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales -22.59 3.15E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae; g__[Ruminococcus]; 
s__Ruminococcus gnavus 22.49 3.89E-12 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bacteroidaceae; g__Bacteroides; 
s__Bacteroides acidifaciens 22.46 4.08E-12 

p__Firmicutes; c__Bacilli; o__Lactobacillales; f__Lactobacillaceae; g__Lactobacillus; 
s__Lactobacillus reuteri 22.41 4.50E-12 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Rikenellaceae; g__Alistipes; s__Alistipes 
massiliensis -22.29 5.87E-12 
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p__Firmicutes; c__Clostridia; o__Clostridiales -22.26 5.88E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales 22.27 5.88E-12 

p__Proteobacteria; c__Epsilonproteobacteria; o__Campylobacterales; f__Helicobacteraceae; 
g__Helicobacter; s__Helicobacter hepaticus -22.26 5.88E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -22.23 6.05E-12 

p__Firmicutes; c__Erysipelotrichi; o__Erysipelotrichales; f__Erysipelotrichaceae; g__Allobaculum 22.17 6.90E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 22.14 7.22E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales -22.06 8.80E-12 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Rikenellaceae; g__Alistipes; s__Alistipes 
massiliensis 22 9.66E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -21.99 9.82E-12 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -21.97 1.03E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.95 1.04E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 21.93 1.06E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.88 1.18E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.83 1.28E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.82 1.32E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales -21.81 1.33E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.75 1.50E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.67 1.77E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus -21.65 1.84E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.59 2.08E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.57 2.17E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.55 2.18E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -21.52 2.32E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.52 2.32E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.42 2.71E-11 

p__Cyanobacteria; c__Chloroplast; o__Streptophyta 21.41 2.71E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.43 2.71E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__S24-7 21.42 2.71E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus 21.42 2.71E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Rikenellaceae; g__Alistipes; s__Alistipes 
massiliensis 21.38 2.91E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.37 2.92E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.37 2.96E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.35 3.01E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.35 3.02E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus 21.32 3.10E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.28 3.33E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.28 3.41E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.24 3.63E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 21.23 3.63E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.22 3.63E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 21.22 3.63E-11 
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p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Rikenellaceae; g__Alistipes; s__Alistipes 
massiliensis -21.22 3.67E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.19 3.77E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus -21.19 3.78E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Rikenellaceae; g__Alistipes; s__Alistipes 
massiliensis 21.17 3.91E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Rikenellaceae; g__Alistipes; s__Alistipes 
massiliensis 21.14 4.14E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales 21.05 4.97E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.06 4.97E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.04 5.03E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.04 5.09E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 21.02 5.17E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -21.02 5.17E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bacteroidaceae; g__Bacteroides 20.98 5.48E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 20.97 5.48E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales -20.97 5.49E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -20.98 5.49E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 20.95 5.59E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Rikenellaceae; g__Alistipes; s__Alistipes 
massiliensis 20.9 6.18E-11 

p__Firmicutes; c__Clostridia; o__Clostridiales 20.79 8.12E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Rikenellaceae; g__Alistipes; s__Alistipes 
massiliensis 20.76 8.54E-11 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales 20.66 1.07E-10 

p__Firmicutes; c__Clostridia; o__Clostridiales 20.58 1.27E-10 

p__Firmicutes; c__Clostridia; o__Clostridiales 20.52 1.36E-10 

p__Firmicutes; c__Clostridia; o__Clostridiales 20.5 1.50E-10 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus 20.45 1.63E-10 

p__Firmicutes; c__Clostridia; o__Clostridiales 20.45 1.63E-10 

p__Firmicutes; c__Clostridia; o__Clostridiales 20.43 1.70E-10 

p__Firmicutes; c__Clostridia; o__Clostridiales 19.82 6.26E-10 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__S24-7 -9.49 9.01E-05 

p__Firmicutes; c__Clostridia; o__Clostridiales 10.94 0.003137 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira; 10.77 0.003848 

p__Proteobacteria; c__Alphaproteobacteria; o__RF32;;; -10.01 0.00635 

p__Firmicutes; c__Clostridia; o__Clostridiales;;; 10.31 0.00664 

p__Tenericutes; c__Mollicutes; o__Anaeroplasmatales; f__Anaeroplasmataceae; g__Anaeroplasma 9.99 0.007711 

p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__[Paraprevotellaceae]; g__[Prevotella] 7.91 0.010456 

p__Firmicutes; c__Clostridia; o__Clostridiales; f__Clostridiaceae; g__Candidatus Arthromitus 2.91 0.03776 
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Table S3. Differentially abundant operational taxonomic units (OTU) in amyloid-β (Aβ) 
relative to scrambled amyloid beta (scAβ)-fed animals. The taxonomy classification for each 
OTU, the fold change (FC) together with the corresponding adjusted p-value (Benjamini-Hochberg 
method) are reported. FC below 0 indicate OTUs with significantly lower abundance in Aβ animals 
whereas positive FC values correspond to enriched OTUs in the Aβ group. 

Taxonomy 
Log2 fold 

change Adj. p-value 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae; 24.24 1.72E-16 

 p__Tenericutes; c__Mollicutes; o__Anaeroplasmatales; f__Anaeroplasmataceae; g__Anaeroplasma -26.96 1.84E-16 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -24.99 3.50E-14 

 p__Firmicutes; c__Clostridia; o__Clostridiales 24.8 4.45E-14 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus 24.68 4.98E-14 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae; g__[Ruminococcus]; 
s__Ruminococcus gnavus -24.11 5.89E-14 

 p__Firmicutes; c__Clostridia; o__Clostridiales 23.75 7.10E-14 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -23.78 7.10E-14 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae 23.94 7.10E-14 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -22.93 2.22E-13 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira 22.81 2.89E-13 

 p__Firmicutes; c__Clostridia; o__Clostridiales -23.38 6.71E-13 

 p__Firmicutes; c__Clostridia; o__Clostridiales 22.02 1.22E-12 

 p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__S24-7 -22.79 2.60E-12 

 p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Rikenellaceae -22.71 2.99E-12 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -22.58 3.83E-12 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus -22.55 3.94E-12 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -22.48 4.45E-12 

 p__Firmicutes; c__Clostridia; o__Clostridiales -22.38 5.50E-12 

 p__Firmicutes; c__Clostridia; o__Clostridiales -22.09 1.07E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales -22.06 1.10E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -22.01 1.17E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae -21.89 1.51E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales -21.87 1.52E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales -21.63 2.42E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales 21.64 2.42E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales 21.59 2.56E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales -21.53 2.93E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales 21.46 3.27E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -21.36 4.14E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae -21.34 4.16E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae -21.32 4.27E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus 21.23 4.90E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira -21.24 4.90E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae -21.2 5.19E-11 
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 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -21.1 6.11E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; -21.12 6.11E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -21.08 6.42E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae; 20.97 7.70E-11 

 p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__S24-7 -20.97 7.88E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira 20.95 7.92E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae; g__[Ruminococcus]; 
s__Ruminococcus gnavus -20.94 7.96E-11 

 p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales -20.89 8.55E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales 20.89 8.55E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales 20.85 9.09E-11 

 p__Firmicutes; c__Clostridia; o__Clostridiales -20.77 1.07E-10 

 p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__S24-7 20.71 1.21E-10 

 p__Firmicutes; c__Clostridia; o__Clostridiales 20.66 1.33E-10 

 p__Firmicutes; c__Clostridia; o__Clostridiales 20.58 1.49E-10 

 p__Cyanobacteria; c__Chloroplast; o__Streptophyta 20.55 1.67E-10 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Ruminococcus 9.5 0.003558 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ruminococcaceae; g__Oscillospira 8.73 0.009744 

 p__Firmicutes; c__Clostridia; o__Clostridiales -8.32 0.01723 

 p__Firmicutes; c__Bacilli; o__Lactobacillales; f__Lactobacillaceae; g__Lactobacillus; 

 s__Lactobacillus reuteri -7.92 0.02619 

 p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lachnospiraceae -8.06 0.02619 
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Figure S4. Diagnostic plots for the differential abundance analysis performed with DESeq2. 
The relationship between the mean normalized bacterial abundance and log2 fold change is shown in 
panel A for 5xFAD mice relative to wild type mice and panel C for Aβ-fed wild type mice relative to 
animals receiving scrambled Aβ (scAβ). Fold changes with an adjusted p-value less than 0.05 are 
colored red. The relationship between the dispersion and mean parameters of the negative binomial 
distributions used to estimate log2 fold changes is shown in panels B and D. Dispersions estimates 
directly obtained from the data appear as black dots, the red line corresponds to the fitted values 
using local regression. The blue dots correspond to the final estimates of dispersion after shrinkage. 
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Overall discussion and outlook

The current thesis addressed the issue of hypothesis testing and dimensionality reduction

in the context of multidimensional data generated from animal studies with small sample

sizes. The following points summarize the major findings of this research project:

• Multivariate hypothesis testing techniques do not offer an appreciable advantage

over univariate methods in terms of power to detect treatment effects in animal

studies with small group sizes.

• PLS-DA was associated with the highest sensitivity to detect treatment effect

patterns compared to PCA and RDA for quantitative and semiquantitative

variables.

• PCA is an appropriate and useful dimensionality reduction technique for omics data,

however it does not take additional experimental information into account and no

hypothesis testing can be performed directly.

• Microbiome studies require ordination techniques which can handle distance

measures appropriate for ecological data.

Some important considerations which have not been addressed explicitly in the

publications in sections 2.1 - 2.4 are discussed below.

The simulation study presented in section 2.2 demonstrated that LDA was associated

with a high false positive rate for detecting group differences in multidimensional data

sets with correlated variables. Similar to multiple regression analysis, LDA involves

calculating the inverse of an empirical dispersion matrix, e.g. the covariance matrix S,

during the classification process [Næs and Mevik, 2001]. In the presence of

multicollinearity, some of the predictor variables are linear combinations of other

predictors which results in a nearly singular dispersion matrix [Dormann et al., 2013].

This leads to unstable matrix inversion. In fact, classical LDA and multiple regression

techniques cannot be applied to data sets where the number of variables p is larger than

the number of observations n. In such cases, the empirical covariance matrix is singular
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and therefore its inverse cannot be calculated [Ramey and Young, 2013, Dormann et al.,

2013]. Near-singularity arising from collinearity and small sample sizes reduces

performance of LDA since the classification function is proportional to the inverse of the

covariance matrix, S−1. The issue emerges in the spectral decomposition of this matrix:

S−1 =
∑p
j=1 vj

1
λj
vTj , where v denotes the eigenvectors of S and λ denotes the

corresponding eigenvalues. This equation demonstrates that small eigenvalues and the

respective eigenvectors have a stronger weight on the calculation of S−1 and thereby on

the classification function. These eigenvalues are biased and less reliably estimated in

the case of collinearity and small samples [Ramey and Young, 2013, Næs and Mevik,

2001]. One possible approach to address this issue is to only consider dimensions defined

by eigenvectors with large corresponding eigenvalues in the classification procedure.

Such a solution is provided if PCA is first applied to the set of continuous predictor

variables and then only relevant components with large eigenvalues are used for the

classification procedure in LDA. PLS-DA is a similar technique in the sense that is

performs classification based on a subset of linear combinations of the predictor

variables x while simultaneously maximizing the covariance with the grouping variable y

[Barker and Rayens, 2003]. In fact, PLS-DA would provide identical results to LDA if

all non-zero components are retained in the model [Brereton and Lloyd, 2014]. In

practice, components with little explanatory power are discarded which is how PLS-DA

overcomes the multicollinearity problem and can also be applied to data with more

variables than observations.

A different strategy of dealing with multicollinearity and small sample sizes for

regression and classification problems in multi-dimensional data sets, which has not

been addressed in this thesis, is regularization of the dispersion matrix. This process

includes introducing penalties in the estimation of the parameters of the regression or

classification model with the trade-off of reducing variance in exchange for a certain

amount of bias. The two most popular techniques are ridge [Hoerl and Kennard, 2000]

and lasso regularization [Tibshirani, 1996]. The main difference between the two

methods is that lasso penalizes the sum of absolute model coefficients whereas ridge

regression penalizes the sum of their squared values. As a result, many model

coefficients are set to 0 in lasso regularization which can be also used for feature

selection [Melkumova and Shatskikh, 2017]. While multiple implementations of

classification and regression methods with regularization exist (e.g. [Guo et al., 2006,

Cao et al., 2011, Gschwandtner et al., 2012, Allen et al., 2012, Shen and Huang, 2008]),

a detailed comparison of the methodology and their performance is beyond the scope of

the current thesis.
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In certain cases, the choice of the ordination and dimensionality-reduction technique is

mainly driven by the nature of the input data. Ecological studies such as the analysis of

microbiota composition of biological samples are one such example. Here, the ordination

method has to be capable of handling distance/dissimilarity measures which are

appropriate for the analysis of ecological data. In the case studies presented in sections

2.3 and 2.4, canonical analysis of principal coordinates was used in combination with

either the Bray-Curtis dissimilarity or the binary Jaccard distance. Another popular

distance measure which has not been considered here but would be appropriate for

microbial data is the weighted or unweighted UniFrac distance, which incorporates

phylogenetic information [Lozupone and Knight, 2005]. However, numerous other

distance or dissimilarity measures could be applied. A detailed overview is provided by

Legendre and Legendre [2003] and Borcard et al. [2011]. The impact of the experimental

condition on the multivariate signature of the commensal microbiota was statistically

evaluated using permutational analysis of variance. The null hypothesis for this test

assumes that a constrained axis does not explain more variation in the data than

expected by chance. The p-value of the test is derived by comparing the eigenvalue of

the constrained axis against an F -distribution of eigenvalues obtained from random

permutations of the data [Legendre et al., 2011].

While ordination techniques allow exploring and testing the effects of experimental

factors on the overall microbial composition, shifts in the abundance of individual

bacterial taxa are also often the focus of research. It is important to mention that the

statistical model employed here for performing differential abundance analysis may not

be the optimal strategy. While generally applicable to count data, the DESeq2

algorithm was developed for RNA-Seq analysis. DESeq2 uses the median of ratios

method for library size normalization which is followed by log2 fold change estimation

with generalized linear models assuming a negative binomial distribution [Love et al.,

2014]. This approach offered an increased sensitivity with small sample sizes and

acceptable type I error rates when library sizes were not extremely uneven in a study

comparing different normalization and differential abundance analysis methods for

microbiome sequencing data [Weiss et al., 2017]. These findings provided the main

motivation for using the DESeq2 method in the microbiome case studies presented in

the publications in sections 2.3 and 2.4. In preliminary analyses of the 16S rRNA

sequencing data, the metagenomeSeq R package was tested [Paulson et al., 2013]. This

method was specifically developed for microbial data. It employs a zero-inflated

distribution to model zero counts which are the result of either a true biological effect or
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technical issues such as under-sampling. The non-zero component of the abundance

data is modeled by a log-normal distribution. However, applying this method to the 16S

rRNA data presented in this thesis led to convergence problems. An alternative

approach for differential abundance analysis is using non-parametric statistical tests on

relative bacterial abundances. For instance, linear discriminant analysis effect size

(LEfSe) is a popular tool for microbial data analysis which uses either a Kruskal-Wallis

test (with more than two groups) or a Wilcoxon test (when only two groups are

compared) to identify differentially abundant taxonomic units [Segata et al., 2011].

However, this step is followed by LDA to identify important features which are

responsible for group separation in reduced multivariate space. In the simulation study

presented in section 2.2, LDA was associated with increased false positive rate when

group size was small, and multicollinearity was present. This consideration combined

with the fact that non-parametric statistical methods generally offer reduced power with

small samples motivated the decision not to use LEfSe in the case studies presented

here. Altogether, these findings demonstrate that none of the currently existing

strategies to analyze microbial data is optimal. Selecting the appropriate method

remains a case-by-case decision which needs to carefully take the experimental specifics

such as group sizes into account. Additionally, none of the statistical models discussed

above explicitly take repeated measures into account which might limit the power of

longitudinal microbial studies. The simulation study presented in section 2.2

demonstrated that linear mixed effects models are associated with increased power when

applied to data with repeated measures. Such models could theoretically be used for

differential abundance analysis of microbial data after appropriate normalization.

Furthermore, random effects can be extended to generalized mixed models which are

suitable for non-normal data [Faraway, 2016]. These considerations provide points of

reference for future efforts to optimize analysis strategies for microbiome sequencing

data.
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Conclusion

The current thesis focused on alternative strategies for hypothesis testing and

dimensionality reduction in the challenging set-up of multidimensional data from animal

studies having small group sizes. The results demonstrated that no gold-standard

approach can be defined, and the choice of statistical method is influenced by the

specific research question and the nature of the generated data. While multivariate

statistics did not offer an advantage for hypothesis testing, dimensionality reduction

techniques are still very useful for detecting patterns in the data and identifying

important variables which may be used for targeted statistical testing. However, a

detailed understanding of the theoretical background of alternative methods is needed to

identify the optimal analysis strategy and subsequently obtain robust inferences from

the data.
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Appendices

4.1 List of abbreviations

5xFAD Alzheimer’s disease genetic mouse model

ALA α-Linolenic acid

ANOVA Analysis of variance

CA Correspondence analysis

CAP Constrained analysis of principal coordinates

CCA Canonical correspondence analysis

DA Discriminant analysis

DCA Detrended correspondence analysis

DCCA Detrended canonical correspondence analysis

dbRDA Distance-based redundancy analysis

LDA Linear discriminant analysis

LEfSe Linear discriminant analysis effect size

MANOVA Multivariate analysis of variance

MDS Multidimensional scaling

NMDS Non-metric multidimensional scaling

PCA Principal component analysis

PCoA Principal coordinate analysis

PLS-DA Partial least squares discriminant analysis

RDA Redundancy analysis
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4.2 Contributions to individual publications

The contributions to individual publications are given in percent from all authors’

contributions according to the CRediT Taxonomy

Contributor role Publication

1

Publication

2

Publication

3

Publication

4

Conceptualization: Ideas; formulation

or evolution of overarching research goals

and aims.

80 90 40 20

Data curation: Management activities

to annotate (produce metadata), scrub

data and maintain research data

(including software code, where it is

necessary for interpreting the data itself)

for initial use and later re-use.

100 100 50 50

Formal analysis: Application of

statistical, mathematical, computational,

or other formal techniques to analyze or

synthesize study data.

100 100 80 70

Funding acquisition: Acquisition of the

financial support for the project leading to

this publication.

0 0 0 0

Investigation: Conducting a research

and investigation process, specifically

performing the experiments, or

data/evidence collection.

90 100 0 0

Methodology: Development or design of

methodology; creation of models.

100 100 60 50

Project administration: Management

and coordination responsibility for the

research activity planning and execution.

80 80 30 30

Resources: Provision of study materials,

reagents, materials, patients, laboratory

samples, animals, instrumentation,

computing resources, or other analysis

tools.

0 0 0 0
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Software: Programming, software

development; designing computer

programs; implementation of the

computer code and supporting algorithms;

testing of existing code components.

100 100 90 80

Supervision: Oversight and leadership

responsibility for the research activity

planning and execution, including

mentorship external to the core team.

0 0 0 0

Validation: Verification, whether as

a part of the activity or separate, of

the overall replication/reproducibility of

results/experiments and other research

outputs.

90 100 20 20

Visualization: Preparation, creation

and/or presentation of the published

work, specifically visualization/data

presentation.

90 100 90 60

Writing - original draft: Preparation,

creation and/or presentation of the

published work, specifically writing

the initial draft (including substantive

translation).

100 100 70 50

Writing - review & editing:

Preparation, creation and/or presentation

of the published work by those from

the original research group, specifically

critical review, commentary or revision -

including pre- or post-publication stages.

60 80 50 25
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