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ABSTRACT

Sequencing read-count data often exhibit sparsity (zero-count inflation) and overdispersion. As
most sequencing techniques provide an arbitrary total count, taxon-specific counts should be treated
under the compositional data-analytic framework. There is increasing interest in the role of gut
microbiome composition in mediating the effects of exposures on health. Previous approaches to

compositional mediation have focused on identifying mediating taxa among a number of candidates.

We here consider compositional causal mediation when a priori knowledge is available about the
hierarchy for a restricted number of taxa, building on a single hypothesis structured as contrasts
between appropriate sub-compositions. Based on the assumed causal graph and the theory of multiple
contemporaneous mediators, we define non-parametric estimands for the overall and coordinate-wise
mediation effects and show how these indirect effects are estimated based on simple parametric linear
models. The mediators have straightforward and coherent interpretations, related to causal questions
about interrelationships between the sub-compositions. We perform a simulation study focusing on
the impact of sparsity on estimation. While unbiased, the precision of estimators depends on sparsity
and the relative magnitudes of exposure-to-mediator and mediator-to-outcome effects in a complex
manner. In the empirical application we find an inverse association of fibre intake on insulin level,
mainly attributable to the direct effects.

mediators

1 Introduction

With improved sequencing methods, biological measurements consisting of read counts, such as those recording the
bacterial makeup of the gut flora, have become increasingly common. Such data consist of counts of multiple and
sometimes thousands of different taxa and often exhibit sparsity (excess of zero counts) as well as overdispersion
(extra-Poisson variability). Most of the current sequencing techniques provide data with an arbitrary total count. As all
information carried by the taxon-specific counts relates to their proportion of the total, the observed data should be
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Hypothesis-driven mediation analysis for compositional data

ideally interpreted as a composition where a change in the abundance of one part inevitably changes the abundances of
the other parts of the composition [[1]].

Approaches based on compositional data analysis have been endorsed for analysing microbiome data [1}2]. In this
framework, the compositionality of observations is accounted for by scaling taxon-specific read counts by their total
into proportions of the whole [3l4]. Due to the resulting unit-sum constraint, data based on proportions cannot be
validly analysed with standard statistical methods. Their use is enabled, however, by transforming count-based data into
logratios, which contrast distinct parts of the composition against each other [4]. A common choice is the isometric
logratio transformation (ilr), where the ratios are based on pre-specified contrasts [4]. Unlike proportions, the resulting
ilr coordinates can be presented in the Euclidean space and have been shown to be asymptotically multivariate normally
distributed in the case of multinomial counts [5]. It has been suggested that approppriate contrasts in the analysis of
microbiome data can be based on prior knowledge of the bacterial taxonomy or phylogenetic systematics [2], results
from data-driven approaches [6]], or a specific interest in a particular taxon [7]]. Such a priori knowledge may also be
employed to restrict the analysis to concern only a smaller-dimensional subset of the taxa.

There is an increasing interest in the role of the gut microbiome composition in mediating the effects of different
exposures on health outcomes. Mediation analysis in general aims at discovering and quantifying causal pathways
between an exposure (X) and a response (YY), and the extent to which their association is mediated by an intermediate
variable (mediator M) [819]. Figure[I](a) presents a directed acyclic graph (DAG) depicting a simple model with one
mediator. The exposure affects the response both directly via pathway (i) and indirectly through the mediator via
pathways (ii) and (iii). Figure[T](b) presents a DAG with a compositional mediator, such as the microbiome, where two
different types of indirect effects may be of interest: the mediating effect through the entire composition (light arrows),
and the mediating effects through the individual components (e.g. arrows (ii.1) and (iii.1)).

Different data-driven methods have been proposed to assess the mediating role of the gut microbiome and to discover
specific mediating taxa [[7U10011/12]]. Sohn and Li [10] derived expressions for taxon-specific as well as microbiome-
wise indirect effects. Their approach was based on contrasting individual taxa against a chosen reference taxon and
compositional algebra constructed in the simplex space, thus precluding the use of orthonormal (Euclidean) coordinates.
Wang et al. [11] developed a similar yet regularised model in the simplex space, further accounting for the sparsity of
the read counts using Dirichlet regression. Zhang et al. used the ilr transformation with contrasts of a single component
against the other parts of the composition [[7]. While the ilr transformation allows interpreting the coordinates as
log-ratios of the distinct parts of the composition, the authors only considered the mediating effect of each component
at a time, while other components were considered as nuisance and their effects were regularised using a penalisation
criterion. In a somewhat similar approach, Fu et al. [12] utilised the ilr transformation within a joint model for the
response and the microbial composition to find mediating taxa and to estimate indirect effects mediated through their
relative abundances.

Although data-driven methods are useful when the aim is to search candidates for particular mediating taxa, incorporation
of available biological knowledge in the assessment of mediators has been advocated, especially if the aim is to interpret
mediation through a causal lens [13]. Instead of applying a sequence of large number of different and often regularised
models, the analysis should then be based on a pre-specified causal structure. The presence of multiple, possibly
correlated mediators then poses the key analytical problem. In our application to the microbiome, these mediators will
be ilr coordinates.

In the presence of dependencies between multiple mediators, special attention is required when defining and estimating
mediator-specific effects. Methods to deal with multiple, causally ordered mediators [14/15l16] or correlated yet not
causally dependent mediators [[17018l19] have been presented before. VanderWeele and Vansteelandt demonstrated
for correlated mediators that the indirect effects are different when estimated based on one multivariable mediation
analysis compared to applying mediation analysis to single mediator at a time [[14]. With a focus on causally dependent
mediators, these authors suggested an incremental approach to define and estimate the additional contribution of each
added mediator [14]. However, this approach does not enable obtaining mediator-specific indirect effects based on a
single model of mediation.

Focusing on a binary response variable, Wang et al. derived a non-parametric decomposition of the overall mediated
effect into coordinate-specific effects mediated via individual coordinates of a vector-valued mediator [17]. Their
decomposition, based on a single causal model, allows interpreting the mediating effect of each coordinate in a coherent
manner. In particular, the coordinate-wise indirect effects sum up to the overall indirect effect. Kim et al. presented an
alternative approach, considering contributions attributable to each of the mediators as well as their combinations [18].
However, under their non-parametric formulation, the coherence between the overall and mediator-specific indirect
effects does not hold.
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In this article, we consider causal inference about the mediating role of the microbiome composition when sufficient
knowledge is available to form appropriate constrasts between a small number of subcompositions. We consider the
taxonomic structure of the microbiome as such a priori information although any other knowledge could be used
to built the structure of causal influences. Similarly to Zhang et al. [7] and Fu et al. [12], we base our approach
on Euclidean (ilr) coordinates but formulate the mediated effects in the counterfactual framework. Following the
non-parametric definitions of indirect effects for multiple contemporaneous mediators as presented by Wang et al [17],
we consider the overall as well as mediator-specific indirect effects for each of the ilr coordinates. Based on a single
causal a priori hypothesis coded as a DAG, where each coordinate pertains to comparing the relative proportions of two
subcompositions of interest, these effects are straightforward to interpret. This hypothesis-driven approach enables
estimating all mediated effects in a single mediation analysis scheme, in contrast to investigating multiple mediation
analyses with altering contrast matrices [7]]. We then build a parametric model of mediation and specify conditions
that allow estimating the mediated effects from empirical observations in terms of standard linear regression models.
As opposed to previous research on microbial mediation, in our simulation study we demonstrate the estimation of
the indirect effects in presence of sparsity and overdispersion, often present in data on microbiome, investigating their
effect on the precision and power of estimation.

The structure of the paper is as follows. In Section 2, we review the construction of ilr coordinates based on a
hypothesis-driven approach and then define the non-parametric estimands of overall and coordinate-wise indirect effects,
specify the necessary conditions for their identifiability and present the parametric forms of the estimands. In Section 3,
we first build a simulation study to illustrate the proposed method of mediation analysis and investigate the effect of
certain features of the data, such as total count, sparsity and overdispersion. We then apply the proposed method to a
question regarding the mediating role of the gut microbiome between fibre intake and insulin level in the Special Turku
Coronary Risk Factor Intervention Project (STRIP) study. The discussion in Section 4 includes a comparison of the
proposed approach with other analysis methods in compositional mediation regarding the microbiome.

2 Materials and methods

2.1 Compositional counts and ilr coordinates

Consider an observation of counts K;, j = 1,...,J + 1, with J + 1 distinct classes. Denote the sum of these counts,
i.e., the total count, as K. As we are interested of the composition of the counts rather than the counts themselves,
we scale the counts by their total into proportions p; = K;/K,j =1,...,J + L. The class-specific proportions are

considered as parts (i.e. components) of a composition with the unit-sum constraint Z;il p; = 1. To be able to

use standard statistical models, the proportions need to be transformed from the (J + 1)-dimensional simplex to a
J-dimensional Euclidean space. We accomplish this using the isometric logratio (ilr) transformation.

The first step in transforming proportions into ilr coordinates is to define an appropriate set of contrasts between the
J + 1 components. We here build on the idea of deriving the contrasts from prior biological knowledge and review how
the ilr coordinates are calculated in practice [314].

The three-level dendrogram of Figure [2|(a) presents an example of an a priori known hierarchy, such as taxonomic
knowledge, that can be used as the basis for defining contrasts between the five taxa using sequential binary partition
(SBP) [3]]. For example, we may build an (J + 1) x J SBP matrix for the 5 classes using the following balances [20]

+1 0 0 0
-1 +1 +1 O
U= (¢j)=|-1 +1 -1 01, 1)
-1 -1 0 +1
-1 -1 0 -1

where each column defines how the components indicated by +1 are contrasted against those indicated by -1. The
first contrast compares taxon A against all other taxa. Taxonomic groups {B, C'} and {D, E'} are contrasted against
each other (second column), whereas the taxa within both groups are contrasted against each other (B against C, third
column; D against E, fourth column). Figure[2|(b) describes the hierarchy that is encoded by matrix |l} Whereas Figure
[2](a) describes the taxonomic hierarchy, Figure 2] (b) shows the hierarchy that is hypothesised to carry causally mediated
effects. For example, even though the groups A, {B, C'} and {D, E'} are on the same taxonomic level, the first contrast
in the matrix entails the assumption that the relative proportion of taxon A against the other groups carries the mediating
effect.
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Let n; and n,, be the numbers of cells with +1 and -1, respectively, in the kth column of the SBP matrix ¥, and let
gm() denote the geometric mean. The ilr transformation of proportions p is defined as follows [3]:

M = ilr(p) = VPlog(p), )

where the elements of a (J + 1) x J contrast matrix V are:

Vjk =

nfn; [ 1 T[Sigﬂ(‘l'.m)—Jr] [ 1 }I[Signbpjk-,)—]

T - |7
ng +n Lnyg

¥ - +
My =/ Tf”’tloggm(p’j),kz1,...,J. 3)
ng +ny gm(p;, )

In summary, the ilr coordinates presented here correspond to a scaled log-ratio of geometric means of proportions
indicated by the chosen contrast matrix. Whereas the original proportions p; lie in the simplex, the ilr-transformed
coordinates reside in the Euclidean space. Each ilr coordinate pertains to a log-ratio between two sets of components,
entailing a specific hypothesis and carrying thus a straightforward interpretation. Depending on the empirical research
question and other a priori knowledge at hand, the matrix could be built in a different manner as well. However,
choosing another matrix with different contrasts would entail a different hypothesis with a different interpretation.

Ty,

Thus, the ilr coordinates are

A special way of building balances is contrasting each of the components against the remaining components. Here, we
call this approach pivoral [20]]. The pivotal SBP matrix is

+1 0 0 ... 07
1 41 0 ... 0
-1 -1 41 ... 0

v=: : R “4)
-1 -1 =1 : +1
-1 -1 -1 : —1]

It follows from Equation (3) that this choice of contrasts leads to the following ilr coordinates [21]:

M= | Dk log Pk k=1,...,J.

J+1)—k+1 1y (J+1) ’
( ) A \k/ h=k+1Ph

Having fixed a specific order of the J + 1 classes, the pivotal SBP matrix W leads to contrasting the first component
against the remainder, then the second component against the remaining components excluding the first one, and so
forth. Each class is thus used as a pivot against the remaining classes of the composition.

Some previous analyses of compositional mediation have applied pivot coordinates without a strict causal a priori
structure. In practice, each of the potentially mediating taxa is then used as a first pivot in turn [[7]. This means that a
set of ilr coordinates is built altogether J + 1 times, alternating the order of the components at each time. In any of
the J + 1 sets of coordinates, the mediating effect of only the first coordinate is of interest, with an interpretation as
the relative proportion of a single taxon contrasted to the other taxa. Unlike the balances based on a clear SBP matrix
derived based on a priori knowledge, pivot coordinates do not necessarily convey other meaningful hypotheses than
contrasting the pivot element to the rest. To distinguish this approach from ours, we will refer to it as alternating pivot
coordinates. If a single balance matrix can be built as as sequence of pivots, following the structure of matrix (), we
refer the analysis as based on pivot SBP coordinates.

2.2 Compositional mediation analysis

In this section, we first introduce the non-parametric causal quantities of interest. We then define the parametric models
for the exposure, compositional mediator (i.e., the ilr coordinates) and the response and present the identifiability
conditions. This leads to parametric expressions for the direct as well as overall and coordinate-wise indirect effects.
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2.2.1 Causal effects with a compositional mediator

We treat the total, direct and indirect effects of exposure within the potential outcomes framework [8]]. Denote the levels
of the binary exposure X as z and z* and let Y be a continuous response variable. Let Y (z’, m) denote the response
if exposure was set to level 2’ and a vector-valued mediator M to value m. In our application, the mediator will be
the J-vector of the ilr coordinates. Then, Y (z/, M (x")) is the response if X was set to level 2’ and the mediator M
would obtain the value it would naturally have when exposure is set at «”. Here /, 2" € {x,z*}.

To define coordinate-wise effects, we also need more detailed manipulations of the vector-valued mediator M.
Specifically, forany k = 1,...,J, let Y (xo, My_(x1), My (x2), My (z3)) denote the response if exposure is set at
2o, and (My, ..., My_1), My and (My1,..., M) would obtain values they would have when exposure is set at
x1, T2, and x3, respectively. Here zg, 1, 22,23 € {z, z*}. We assume that for each coordinate such an assignment
under treatment X can be done independently of the other coordinates. In our application, the plausibility of this
assumption is based on the nature of a sequential binary partition, in which one balance can be set without affecting the
rest of the balances. Note that with ¢y = x’ and 1 = x5 = x3 = 2z’ (and for any k) we obtain as a special case that
Y (2, My_(2"), My (z"), My (")) =Y («', M (z")).

Following the standard approach to causal mediation analysis [8l9]], we define the natural direct effect (NDE), the
natural overall indirect effect (OIE) and the total effect (TE) as follows:

NDE = E[Y (¢, M(a"))] - E[Y (¢, M(a"))],
OIE = E[Y(z, M(x))] - E[Y (2, M(a"))] ®)
TE  =E[Y(z, M(2))] - E[Y (z*, M(z*))].

As usual, the above effects are average direct and indirect natural effects where the average is taken with respect to the
population of units (individuals) [22]]. The total effect equals the sum of the natural direct and natural indirect effects,
i.e., TE = NDE + OIE. The indirect effect above refers to the effect on exposure mediated through the entire vector M.
NDE is the expected change in the response Y when the value of exposure changes from z* to = while the mediator
is set to the value it would have under X = x*. OIE is the expected change in the response Y when the mediator is
changed from the level it would have at X = x* to the level it would have at X = x while holding the level of exposure
at X =z.

Based on Wang et al. [[17], we define the coordinate-wise indirect effects sequentially, concerning one coordinate at a
time:

CIE; =E[Y (z, M (x), My(z), My (z7)]— (6)
E[Y (x, My_(z), M (z*), My (%)), k=1,..., J.

An alternative definition considers each coordinate with all remaining coordinates set at their reference levels [[18]]:
CIEy, =E[Y (z, My_(x), My,(z), My (z))]— @)

E[Y (z, My_(x), Mg(z*), M4 (2)], k=1, ..., J.

In definition (6), the order of coordinates is important when interpreting the coordinate-wise indirect effects. Each CIE,
corresponds to the expected change in response Y when an individual coordinate M}, is changed from the level it would
have at X = x* to the level it would have at X = =z, keeping the perceding coordinates at the exposed level (x) and
the rest at the base level (x*). Of note, this sequential approach complies with the sequential binary partition used in
building the ilr coordinates. Based on definition @, the coordinate-wise indirect effects sum up to the overall indirect

effect, i.e., OIE = Z/}Iﬂ CIEj (see Supplementary material A.1).

In definition , CIEy is the expected change in the response Y when an individual component M}, of the mediator
is changed from the level it would have at X = z* to the level it would have at X = z, while all other mediators
are set to the same level X = z*. Thus, the order of the mediators is not of importance. Under this definition, the
coordinate-wise effects do not sum up to the overall indirect effect. Nevertheless, under the linear dependence of the
response on the mediators parameterised in Section[2.2.2]both of these non-parametric definitions lead to the same
parametric expression.

It is important to note that changing the level of exposure x inevitably changes the entire composition due to the unit-sum
constraint. This means that indirect effects on the component-wise level cannot be defined in a counterfactual manner.
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However, it is possible, and even meaningful, to consider the coordinate-wise indirect effects with this counterfactual
interpretation. In particular, each of the CIE coordinates, as coded on the basis of a hierarchical hypothesis-driven
contrast matrix, pertains to a specific causal question on the mediating role of the partition into two subcompositions,
with the relative proportions of all other parts remaining intact.

2.2.2 Parametric models

We here define parametric models for the dependencies between the exposure, mediator and response (Figure [I]
(b)). In what follows, we denote the individual explicitly. For example, for individual ¢, the count observation is
KO = (k" K&’J)rl) and the mediator M) = (M ..., M"). There are three sets of variables that confound
causal influences between X (), (V) and M (), namely exposure-outcome confounders CXY (*), exposure-mediator
confounders CX™ () and mediator-outcome confounders C™Y () We here consider these confounders as categorical
so that the regression models can be stratified by their levels. Let H denote the set of strata pertaining to the variables
C = {CXM XY MY and P(h) be the probability of a unit belonging to stratum h € H. The number of exposed
and unexposed participants in each stratum h may vary but are assumed to be at least one. The set of an individual’s
levels of confounders is denoted as C¥) and the stratum based on the confounders as h(%).

Parametric models for the compositional mediator and response As the read counts often exhibit overdispersion
in the total count as well as in the class-specific counts, we define the distribution of the counts for individual ¢
(Ki1,- .., K; j41) hierarchically as follows:

K® ~ NegativeBinomial(p, 6), (3)
(W%i), . ,Wyil) ~ Dirichlet(ay, ..., 41),

(K, K9 KD 7070y ~ Multinomial (KO, 7, .. 7¢) ).

The sum ag = Z;’ill a; controls the sparsity of counts. In particular, with small values of a,g the individual’s
class-specific counts are sparse in the sense that they tend to concentrate in a single class while the other classes may
have very small or even zero counts. The dominating class then also varies across individuals. When ag — oo, the
taxon-specific counts approach the multinomial model. Parameter § controls the variation of the total count across
individuals. When 6 = 0, the distribution of the total count is Poisson whereas large values of 6 correspond to

overdispersion with respect to the Poisson model. Conditionally on the total count K (9 = ZJJLI K ]@ , the distribution
of (K(",..., K] ) is Dirichlet-multinomial.

The distribution of the counts depends on the individuals’ exposure and confounders. Specifically, we let the parameters
of the Dirichlet distribution in (8) depend on exposure X () as follows:

XD 00 =) 4 ay XD =1, T+ 1. 9)

The ilr coordinates, i.e., the mediators, are taken to depend on the exposure as follows:

MPIXD,CD = Byayop + B XD +el) k=1,...,J, (10)

where the stratum-specific regression parameters (;,¢q;, and 5,1y, pertaining to the expected values of the ilr
coordinates, follow from models (§) and (9) through transformation (3). However, they lack analytical expressions
under sparsity and overdispersion. Importantly, the variation in the class probabilities and the counts across individuals

is reflected in the variation of the mediator. In addition, for any one individual, the error terms Eg) fork=1,...,J,are
correlated, reflecting the dependence between the ilr coordinates. This dependence is based on the choice of the contrast
matrix and the correlation between the proportions. We note that the linear dependence of the Dirichlet parameters
on the confounders in equation (9) does not necessarily induce a linear model for the ilr coordinates in equation (I0).
Therefore, for convenience, we have assumed that all confounders are categorical or can be categorized so that the
linear dependence on them remains trivially in equation (6). We return to discuss the implications of this assumption in
the Discussion. In addition, we explore the practical estimability of mediated effects under continuous covariates in
Section In our model, the exposure and confounders are not assumed to affect the total count K (). Instead, they
only affect the individual-specific proportions and, subsequently, the ilr coordinates.

Lastly, the exposure and mediators are assumed to affect the response in a linear way:

J
YOIXO, MO, 0D = y,000 + 3" M + 7X@ 4@, (11)
k=1
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where the error term e is assumed to be normally distributed with variance J%. Of note, in this model we assume no
exposure-mediator interaction.

Identifiability To enable the estimation of the natural direct and indirect effect from empirical observations, a set of
assumptions is needed [8]. Here, we require the existence of set of variables C such that the following sequentical
ignorability assumptions hold [[17]:

@) {Y ) (z,m), M@} 1L XD|CO),
(i) YO (2, m) 1L M,gi)(x’)\X(i) =2,CO; k=1,...,J;2" € {x,2*}.

The identifiability assumptions are discussed in more detail in Supplementary material A.1.

Parametric expressions for the mediated effects Based on the linear models and (TT)), the non-parametric
definitions (3 and (6), and the identifiability conditions, the parametric expressions of the direct and indirect effects are
found to be:

NDE = y2(z — z7),

J
OIE = > yix Y AukP(h), (12)
k=1 heH
CIE; = vk Z BrixP(h).
heH

The equations leading to these parametric forms are derived in Supplementary material A.1. With the above definitions,

the coordinate-wise indirect effects sum up to the overall indirect effect, i.e., OIE = Eizl CIE;. While the OIE
describes the overall influence transmitted through the composition (arrows (ii) and (iii) in Figure[T] (b)), each CIE;
describes the effect of a single coordinate (e.g. arrows ii.1 and iii.1 in Figure|l|(b)). As the coordinate-wise effects
may counteract, it is important to consider both the OIE and the CIE’s. This also means that individual CIE;’s may
be larger than the OIE. Note that with the chosen linear parametric model for the dependence of the response on the
mediators, both definitions @) and lead to the same parametric expressions and thus, in this parametric model, the
additivity holds regardless of which of the two non-parametric definitions of the coordinate-wise indirect effects is used.

In practice, the total effect is estimated through linear regression of the exposure on the response. The direct effect is
estimated as the effect of exposure on the response controlling for the mediators based on model (TT). The indirect
effects are estimated based on the multivariate linear model of the dependence of the ilr coordinates on the exposure
and model @) of the dependence of the response on ilr coordinates. The standard errors of the total, direct, and indirect
effects are based on the delta method (Supplementary material A.2).

A remark on a single vs. several contrast matrices. In this article, we address overall and coordinate-wise indirect
effects as based on a single causal DAG or, equivalently, a single SBP matrix. It is important to note, that the relationship
between the coordinate-wise and overall effects only holds in this case under the parametrisations as defined above. If
alternating pivot coordinates are built, so that each of the coordinates is used as the pivot in turn, relying each time
on a different SBP matrix, the sum of individual indirect pivot effects would not sum up to the overall indirect effect.
Nevertheless, under linear models, regardless of how the contrast matrix is built the OIE remains the same, as choosing
a different contrast matrix is equivalent to choosing another orthonormal basis for the simplex, and the information
contained in all of the coordinates still captures the information contained in the composition. Hence, the coordinates
M corresponding to a contrast matrix are rotations of those with another contrast matrix and can be obtained by
multiplication by an orthogonal matrix P. When regression equations and are formulated in terms of the
new coordinates M = PM, the regression parameters are transformed to ¥ = P~ and 3 = P3, where ~ and 3 are
the vectors of parameters Y11, ...,71,7 and Bp11, .- ., Bn1,7, respectively. It follows that T3 = ~TPTPB = 4133,
i.e., the inner product of the two sets of coefficients is invariant under the orthogonal transformation of the basis. We
demonstrate empirically that the individual coordinate-wise effects differ when using different matrices while the
OIE remains the same in Section [3.1.3] (part “Misspecification of the contrast matrix”). While a similar invariance
of the contrast matrix also holds for the overall indirect effects for e.g. binary responses under the log-odds scale,
the identification of coordinate-wise effects would require further assumptions about a correlation structure of the
component-wise mediators, not verifiable from empirical observations [17].

It is important to note that while the OIE remains the same, the interpretation of the individual coordinates changes.
Using another contrast matrix corresponds to another hypothesised pathway that no longer corresponds to the same
sequential definition of the coordinate-wise indirect effects as presented in Equation (6). If another causal structure is,
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however, hypothesised and corresponding estimands are defined, a different set of identifiability assumptions is needed
in order to the resulting coordinates to carry a causal interpretation.

3 Results

3.1 Simulation study

To demonstrate the estimation of effects mediated through a compositional entity we set up a simulation study.
Specifically, we investigated the effect of overdispersion and sparsity of the underlying counts on the estimation.

3.1.1 Simulation set-up

We investigated the estimation of the OIE and the CIE’s in different settings with varying extents of sparsity avg and
overdispersion . Table|l| presents the parameters in the simulation study. The sample size of each simulated dataset
was n = 1000. We also performed two additional simulation studies for the one of the simulation scenarios with sample
sizes 100 and 10000. The expected value p of each individual’s total count was fixed at 10000, a realistic level of the
total in read-count data.

The amount of overdispersion, which reflects technical rather than biological variation across individuals, was controlled
by 6, ranging from no overdispersion to approximately 1000-fold or 5000-fold excess variance of the total count
relative to the standard Poisson distribution. Sparsity in turn follows from true biological variation and reflects actual
heterogeneity in the microbiome across individuals. To gain insight on the effect of sparsity on the performance of
estimation, we considered three distinct settings, controlled by parameter cvg: no sparsity, leading to fixed class-specific
multinomial probabilities, intermediate sparsity ( 200-fold excess variance in the class-specific counts, ag = 50) and
extreme sparsity ( 5000-fold excess variance, ag = 1).

Data were simulated following the DAG of Figure[I](b) assuming 5 classes of underlying counts. We assumed two
binary confounders, C'; and Cy, that affect the exposure, mediator and response, and divided the data accordingly into
four strata. We set the values of the class-specific probabilities, ; /g, under three distinct scenarios (Table . In each
scenario, the values were chosen so that the class-specific probabilities were different between the five classes so that
not all simulated taxa have the same relative abundance. In scenarios 1 and 2, we assumed the underlying taxonomic
hierarchy of Figure 2] (b). In scenario 1, the parameters were chosen so that differences in the expected class-specific
proportions (7 in equation (8)) between groups X = 0 and X = 1 were clear-cut, while in scenario 2 these differences
were set to be moderate. Scenario 3 demonstrates the use of coordinates based on a single pivotal SBP matrix in which
exposure X affects the proportion of the first component, while the remaining components compensate so that their
relative probabilities remain the same.

Given u, € and ag, read counts were simulated from model (8)) and further scaled into ilr coordinates through Equation
@). For scenarios 1 and 2, the ilr coordinates were built following the contrasts of matrix @) whereas in scenario
3 a single pivotal SBP matrix with the mediating part of the composition as the pivot was used. Given models (8)
and (9), the compositions and ilr coordinates and, subsequently, the true values of the stratum-specific parameters
Brik, k =1,...,J, of Equation are defined. However, lacking an analytical expression, we approximated the true
values of the 3 parameters as differences in the mean values of the ilr coordinates under X = 1 and X = 0, as realised
by Monte Carlo simulation, separately for each scenario and each combination of # and ag.

For each scenario, we fixed OIE at 0.10 and the CIE’s as presented in Table [I] The OIE of 10 % corresponds to 20
% of the total effect. In scenario 1, we fixed each of the coordinates to carry a positive indirect effect. In scenario 2,
the magnitudes of the CIE’s were the same as in scenario 1, but the ;5 parameters were smaller due to the smaller
difference between the X = 0 and X = 1 groups. In scenario 3, OIE = CIE; = 0.10. Under each scenario and parameter
setting, the 1) parameters were chosen so that the products 1 3;, were equal to the corresponding coordinate-wise
CIE’s. A weighted average value 31 over all four strata of the 31, values was used (see Equation and Table S1 in
Supplementary material). Finally, continuous responses were simulated according to model (TT).

We conducted an additional analysis to investigate how continuous confounders affect the estimation (Supplementary
material B.2). This analysis also includes an exploration of the linearity of the relationship between a continuous
confounder and the ilr coordinates.

3.1.2 Estimation of mediated effects

In scenarios 1 and 2, the indirect effects (CIE and OIE) were estimated using ilr coordinates that were based on the
same contrast matrix used to simulate the data. In scenario 3, we applied two approaches for building the ilr coordinates
when assessing mediation. First, we employed the correct contrast matrix with the first part of the composition as the
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pivot (model 3A). Second, we used a misspecified contrast matrix by setting the pivot as the last part of the composition
(model 3B). Figures E] (a) and E] (b) show the DAGs corresponding to these two assumed causal structures. When
deriving the ilr coordinates, zero-counts were replaced by 0.5, which is a preprocessing step commonly used in the
analysis of microbial count data [[10[7].

We estimated the CIE’s and OIE’s in each stratum following models and and derived the effects adjusted for
confounding by calculating weighted averages over the strata. The dependencies between the ilr coordinates were taken
into account by assuming a multivariate linear model for the coordinates. The parameter estimation was conducted
using R (version 4.1.1). For each parameter setting, we generated 1000 data sets. The performance of estimation was
assessed by bias, average standard error (mean of the standard error estimates) and empirical standard error (standard
deviation of the estimates). The ability to identify the mediated effects was assessed by the statistical power and
coverage probability of the 90 % confidence interval (CI). The confidence interval was calculated based on the estimates
of the mediated effects and their standard errors, derived using the delta method (Supplementary material A.2), as
follows: [IE — 1.645s.e.(IE); IE + 1.645s.e.(IE)].

3.1.3 Performance of the estimation

Tables[2]and [3| present the results of the simulation study for scenarios 1 and 2. The results of analyses 3A and 3B under
Scenario 3 are presented in Supplementary material (Tables S2 and S3, respectively). For further insights, Tables S4
and S5 present the expected values and variances of the ilr coordinates and Table S6 the average values of the estimates
of the By, and 71 parameters and their variances.

Bias. The estimation of the coordinate-wise and overall indirect effects was generally unbiased. Under the multinomial
counts, i.e., when ag — 00, the estimation appears occasionally slightly biased. This stems from the large variances of
the estimators of the v, parameters under multinomial counts and the relatively small sample size (n = 1000). The
overdispersion term 6 had practically no effect on the bias.

Standard errors. The average standard error and the standard deviation of the 1000 replicate estimates were essentially
the same, even under extreme sparsity (Tables 2} 3] S2, S3). To understand how the standard error depends on the
parameters, consider the asymptotic variance of the estimator of a single coordinate-wise indirect effect,

2 2 Bk 2 Y1k 2 13
999 Bk Uiﬂk + 0.7% ) (13)

where ng and U%k are the variances of the estimators of 815 and 1, K = 1,...,J (see Supplementary material A2

and Equation S5 therein). Based on the simulations, we found that the product ng a%k remains essentially constant.

This is obviously due to the fact that when the variance of the ilr coordinates (mediators) is large, the ) s are estimated
less precisely but at the same time the large variability of the ilr coordinates leads to more precise estimation of the v;’s.
The variance thus mainly depends on the sum of the squared ratios (315 /0, )? and (y1x /0, )% TableE]presents
these ratios and their product for the first CIE under a number of different parameter settings.

Higher sparsity means larger between-individual heterogeneity of the ilr coordinates and, subsequently, larger 51
parameters due to the larger difference between the mean ilr values in the unexposed and exposed groups (cf. Equation
(7)). However, with increasing sparsity, the variance a%k increases faster than B%k, and thus the ratio (1x/ O'ng)z

decreases. The effect of sparsity on 7%, and J,QYk is reciprocal and thus the opposite occurs with the ratio (y15/0, )2

(Table [d).

The reciprocal behaviour of the two ratios in (I3) appears to imply that the asymptotic variances of the estimators of the
indirect effects are smallest at intermediate levels of sparsity. However, where the optimum lies also depends on the
relative magnitudes of the two ratios and how fast they decrease/increase as sparsity increases. For example, the larger
the contrast between the two exposure group (X = 0 vs. X = 1) is, the larger the value 3, and the corresponding ratio
and, due to the fixed value of CIEy, the opposite is true for ;5 and the other ratio. We found that under scenarios 1 and
3, where the contrasts between the exposure groups were large, the variances of the indirect effects were smallest under
the highly sparse settings and largest in the multinomial settings (Tables [2]and S2)). By contrast, under scenario 2 with
smaller contrasts between the exposure groups, the variances were smallest at intermediate levels of sparsity (Table[3) .

The impact of overdispersion on the standard errors of the indirect effects remained moderate. Higher overdispersion
appears only slightly to increase the standard errors compared to the case with a Poisson variance in scenario 2. With
intermediate sparsity, overdispersion did not seem to have a strong effect on the standard errors in either of the scenarios,
whereas under multinomial counts overdispersion slightly decreased the standard errors.

Power. In scenarios 1 and 3, the best statistical power was obtained under extreme sparsity (Tables [2|and S2) whereas
in scenario 2 intermediate sparsity yielded the best power (Table[3). These findings result from the differences in the
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standard errors as described above. Despite the slight impact of the overdispersion parameter 6 on the standard errors of
the indirect effects, it only affected the statistical power in an inconsistent and marginal manner.

In scenario 1, most often the mediating effect via the first coordinate was estimated with the best statistical power while
the power of estimation for the other coordinates was smaller. Often, the statistical power of the OIE was rather similar
to the statistical power of the first CIE, stemming from its large magnitude and standard error. In simulation scenario 2,
on the other hand, the CIE-specific statistical power varied depending on sparsity. While under extreme sparsity the 3rd
and 4th CIE had the largest statistical power, under other levels of sparsity the 1st CIE was estimated with the best
statistical power. This boils down to the interplay of the path-specific estimators and their variances as explained below
Equation (13). For simulation scenario 3, the statistical power of the first CIE was large. For the other coordinates with
a null effect, interpreting the statistical power is not reasonable. As only the first coordinate contributes to the OIE, its
statistical power is very similar to the statistical power of the first coordinate.

Misspecification of the contrast matrix. In scenario 3, true data were generated so that the first ilr coordinate carries
the entire mediated effect. We analysed the simulated data using the correct contrast matrix (model 3A, Table S2) and a
misspecified matrix (model 3B, Table S3). Figure [3|describes the log-contrasts included in each of the coordinates
under the correct contrast matrix (a) and the misspecified one (b). Under model 3A the first class is only included in the
first coordinate (M7 4) as a “pivot” element and not contributing to the other coordinates, while under the misspecified
contrast matrix (model 3B) this class is involved in each log-contrast. While the OIE remains the same in both models,
in agreement with the argument given in Section 2, model 3B represents a different causal model, and thus the CIE’s
have a different interpretation. Under model 3A, the pivotal indirect effect of the first part of the composition were
identified correctly. However, under model 3B each of the coordinates carries a part of the mediating effect of coordinate
M 4 (Table S7). Of note, while model 3A offers the most parsimonious explanation of the causal pathways, under
model 3B this simple causal explanation is masked. With misspecified contrasts, each coordinate appears to carry a
mediating effect (Table S7). One can thus be led to infer that the contrasts of each element of the composition against
p1 and other remaining parts of the composition play a role in carrying the mediating effects. Importantly, if the pivotal
contrast matrix was used so that each of the components were used as the first pivot in turn, the first coordinate-wise
indirect effects for these alternations would be 0.10, 0.01, 0.01, 0.01 and O summing up to 0.13 (in an example scenario
with 6 = 0 and ag = 0; data not shown). This demonstrates that the sum of individual first pivot effects does not equal
the true overall indirect effect, and thus the alternating pivot approach cannot be used to estimate the OIE. Of note,
these alternating approaches aiming at searching of signals of causal mediation are deliberately based on trying multiple
(often a very large number of) missspecified pivots. It is evident that the estimated effects from a misspecified model
would not correspond to the true effects based on the correctly specified model. Furthermore, defining the “true” values
for the effects under the misspecified model would not be reasonable. For this reason, statistics relying on the true
values (i.e., bias, power and coverage probability) have been omitted from Table S3.

Sample size. As an additional analysis under simulation scenario 1, we investigated the effect of sample size on
the performance of estimation using sizes n = 100 and n = 10000. The detailed results of these simulations are
summarised in the Supplementary Tables S8 and S9. Compared to the base case of n = 1000, the biases were larger
with the smaller sample (n = 100) when the counts were multinomial but remained similar under extra-multinomial
variation. The average standard errors were nearly five-fold. However, especially under large amounts of sparsity, the
statistical power was poorer. When the sample size was large (n = 10000), the performance of the mediation analysis
clearly improved. The bias was small in each scenario, and the standard errors were smaller. Also the statistical power
was better, especially for scenarios with sparsity.

Continuous confounders. Another additional analysis under simulation scenario 1 was performed to study the effect of
confounders that are continuous instead of categorical. The details of the simulation set-up and results are presented in
Supplementary material B.2. Briefly, in most simulation settings, an approximate linearity in the association between the
ilr coordinates and the confounders held (Figure S1). However, under multinomial counts with no excess sparsity, the
relationship between the coordinates and confounders departed from linear under some settings, which was also reflected
in the bias in the estimation of the indirect effects (Table S10). However, under all other settings the performance of
estimation was satisfactory even with continuous confounders.

3.2 Estimation of the effect of fibre intake on insulin level via the gut microbiome

3.2.1 Background

We applied the methods of Section 2 to investigate the mediating role of the gut microbiome in the association between
sufficient fibre intake and serum insulin level. Sufficient fibre intake is known to bring numerous health benefits, such
as healthy and diverse gut microflora and metabolic health including insulin sensitivity [23]]. Furthermore, based on a
recent literature review, the gut microbiome plays a role in the pathophysiology of type 2 diabetes [24]]. Thus, it is of
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interest to investigate whether fibre intake affects the insulin level through the gut microbiome. The potential mediating
pathway of fibre intake on the insulin level via the microbiome stems from the production of short-chain fatty acids
(SCFA) by microbial fermentation of dietary fibre. SCFAs in turn may play a role in insulin sensitivity via the gut
barrier function and reduced inflammation [2325]].

In addition to numerous specific genera, the Actinobacteria phylum has been suggested as an example of a taxonomically
high level that might be associated with type 2 diabetes (e.g. [24]). Here, we investigate whether the relative proportion
of the Actinobacteria compared to the other phyla mediates the effect of fibre intake on the insulin level. Furthermore,
we investigate whether the genera within the Actinobacteria phylum mediate such effects.

3.2.2 Data description

We retrieved data from the most recent (26-year) follow-up visit conducted in the Special Turku Coronary Risk Factor
Intervention Project (STRIP) (Supplementary material C.1 and [26127]). Of the 546 participants who participated in the
follow-up study, 325 provided data on diet, insulin levels and had successfully-sequenced faecal samples. We excluded
participants with type 1 diabetes and those who had not fasted before blood sampling or had had antibiotic treatment
during the past three months. In addition, we excluded obese participants (BMI > 30kg/m?) to avoid a potential collider
bias (see Supplementary material C.2 and Figure S2 therein for further details). The resulting sample size was n = 264.

The participants were initially recruited at age 6 months in well-baby clinics and randomised into intervention and
control groups. The intervention group received dietary counselling on biannual visits throughout childhood and
adolescence until 20 years of age, whereas the control group visited the research clinic twice a year until the age
of seven and after that once a year but did not receive counselling. The intervention included promoting the use of
unsaturated fats, whole-grain products, fruits and vegetables and lowering the intake of saturated fat and salt. The
26-year follow-up visit was carried out six years after the intervention period had ended.

The raw gut microbiome sequence data were processed into an amplicon sequence variant (ASV) table using the DADA?2
pipeline [28]]. Prior to transforming the counts into ilr coordinates, the taxa that appeared in less than 10 % of the
samples were filtered out. As the ilr transformation does not allow zero-counts, we replaced all remaining zero counts
by the maximum rounding error of 0.5. The observed insulin level was transformed using the natural logarithm. The
fibre intake was assessed based on food diary and quantified using the Micro Nutrica programme [29]. Fibre intake was
treated as binary, and sufficient fibre intake was defined as > 25 grams per day, as per Finnish dietary recommendations
in 2014 [3Q]. Of the 264 participants, 63 (23.9%) achieved this target. Belonging to the intervention group and sex
were considered as potential confounders, and the sample was stratified accordingly. The stratum-specific sample sizes
were 68, 82, 59, and 55 for intervention females, control females, intervention males and control males, respectively.

3.2.3 Conduct of the mediation analysis and results

We investigated two mediation questions on different phylogenetic levels of the microbiome. The first question
concerned the mediating role of the genera within the Actinobacteria phylum in the association between sufficient fibre
intake and log(insulin) level. The second question utilised a pivotal SBP matrix, focusing on the mediating effect of the
relative proportion of the Actinobacteria in the association between sufficient fibre intake and log(insulin) level.

Models and were fitted separately for each stratum defined by the confounders. We report estimates averaged
over the strata (see Equation[I2)). The stratum-specific results are available in Supplementary material C.3.

The average total counts were approximately 4200 and 180 000 for the mediation problems within the Actinobacteria
phylum and over the different phyla, respectively, whereas the amounts of excess variance in the total count were
12000-fold and 54000-fold, respectively. In terms of the simulation setting and model (8)), these correspond to values 3
and 0.3 of parameter 6.

To gain insight on the sparsity present in our data, we calculated a rough moment-based estimate of ag for the
genera- and phyla-level analyses based on the observed counts. We first calculated the empirical variance for each
of the taxon-specific counts, the average total count and the average taxon-specific proportion from the empirical
data set. We then utilized the expression of the (marginal) variance of count K; for the jth taxon under the assumed
Dirichlet-multinomial model:

(as+ K)

(Ots + 1) '

For each taxon separately, we obtained a rough estimate of cvg based on the empirical variance, the average total count
(K) and the taxon-specific proportions in place of «;/ag. Finally, a rough estimate of ag was determined as the
median of these taxon-specific estimates. While the rough taxon-specific estimate for ag varied between the taxa, the
median avg was 36 within the phylum-specific counts and 33 within the genus-specific counts.

Var(K;) = K(aj/as)(1 - aj/as)
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Mediation through the genera within the Actinobacteria

After the preprocessing, the data on the Actinobacteria phylum included one class, which was divided into three orders
and within these, four families. In the four families, there were altogether 11 genera (Figure[d). We first investigated the
mediating effect of this subcomposition of the microbiome. Table [5|presents the corresponding counts and proportions
in the two fibre groups by genera. Based on the taxonomy (Figure ) we built the SBP matrix as follows:

Bifidobacterium [—1 0 +1 0 0 0 0 0 0 0
Actinomyces +41 41 0 0O O O O o0 o0 O
Rothia +41 -1 . 0 0 O O O 0 o0 O
Enterorhabdus -1 0 -1 41 0 0 0 0 0 0
FEggerthella -1 0 -1 -1 +1 0 0 0 0 0
Collinsella -1 0 -1 -1 -1 41 O 0 0 0
Adlercreutzia |[-1 0 -1 -1 -1 -1 41 0 0 O
Slackia -1 0 -1 -1 -1 -1 -1 41 0 O
Senegalimassilia |—1 0 -1 -1 -1 -1 -1 -1 +1 0
Olsenella -1 0 -1 -1 -1 -1 -1 -1 -1 +1
Gordonibacter |-1 0 -1 -1 -1 -1 -1 -1 -1 -1
Each of the 10 columns thus corresponds to one ilr coordinate My, k = 1, ..., 10, describing a single contrast. For

example, the fourth column contrasts the Enterorhabdus genus against the other genera within the Coriobacteriales
order.

The total effect of fibre on log(insulin) was estimated at —0.106 (90% CI [—0.202; —0.011]) whereas the direct effect
was 42 = —0.095 (90% CI [—0.202; 0.012]). The sufficient fibre intake thus seems to reduce insulin levels mostly via
the direct route. The parameters Bl & describing the effects of sufficient fibre intake on the ilr coordinates are presented
in Table[6] For example, sufficient fibre intake reduced the second coordinate, which corresponds to the relationship
between relative proportions of Actinomyces and Rothia (Blg = —0.255, [-0.501; —0.009]). By contrast, sufficient
fibre intake increased M, which corresponds to the relative proportion of Enterorhabdus compared to the other genera

within the Coriobacteriales (314 = 0.409, [0.060;0.759]).

The 41, parameters in Table [6]describe the effects of each ilr coordinate on the log(insulin) level in a multivariate linear
regression. For example, a higher level of M3 decreased the insulin level, i.e., the higher the relative proportion of
Bifidobacterium contrasted to Coriobacteriales, the higher the insulin levels (513 = 0.025, [0.002; 0.048]). While M,
(relative proportion of Enterorhabdus compared to other genera within the Coriobacteriales) decreased the log(insulin)
level (14 = —0.041, [-0.074; —0.008]), M5 (relative proportion of Eggerthella contrasted to remaining genera within
the Coriobacteriales) increased the log(insulin) level (915 = 0.038, [0.015; 0.060]).

The CIE’s Blk’yl . with their 90 % confidence intervals are presented in Table @ The largest mediated effect, yet
inconclusive, acted through coordinate My, as sufficient fibre intake increased the relative proportion of Enterorhabdus
compared to other genera within the Coriobacteriales, and the relative proportion of Enterorhabdus had a decreasing
effect on the log(insulin) level (314914 = —0.017, [—0.036; 0.003]). The OIE was 3,7, B1x91x = —0.011 (90 % CI
[—0.073;0.051)), corresponding to approximately 10% of the total effect. These results demonstrate our previous note
that the coordinate-wise indirect effects may counteract, making some of the CIE’s larger than OIE in absolute value.

Mediation through the Actinobacteria phylum

We investigated whether the entire Actinobacteria phylum in comparison to the other phyla has a mediating role
using a pivotal SBP matrix (). After the preprocessing stage altogether 11 phyla remained. The contrasts of interest
were encoded through a pivotal SBP contrast matrix where the pivot coordinate describes the proportion of the
Actinobacteria against the proportions of the other phyla. Those who had sufficient fibre intake had a smaller proportion
of Actinobacteria (1.6%) as compared to those who had insufficient fibre intake (2.7%).

Based on model (T0), the average effect of sufficient fibre intake on the first ilr coordinate contrasting the Actinobacteria
phylum to the other phyla was 311 =—0.451 (90 % CI [—0.762; —0.140]). Furthermore, the higher proportion of the
Actinobacteria phylum against the other phyla may have a positive association with higher insulin level, as the effect of
the pivot coordinate on log(insulin) was 411 = 0.042 (90 % CI [—0.004; 0.088]). The CIE of the coordinate of interest
was thus Bufyn = —0.019 (90 % CI [—0.043; 0.006]). The total effect of sufficient fibre intake on log(insulin) level
remained as —0.106 (90 % CI [—0.202; —0.011]) whereas the direct effect was —0.10 (90 % CI [—0.206; 0.005]). The
OIE was —0.006, i.e., only 5% of the total effect.
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3.2.4 Sensitivity analysis for unmeasured confounding

To explore the possibility that our findings of mediated effects are due to unmeasured or unadjusted confounding, we
undertook a sensitivity analysis following the framework of VanderWeele [3132]]. Briefly, we examined the extent to
which an unmeasured confounder would need to affect the response and be associated with the exposure for it to explain
away the total, direct and overall indirect effects. We considered being physically active as a potential unmeasured
binary confounder that could affect the fibre intake, gut microbiome and insulin levels. While it seems very unlikely
that the true total and direct effects would be null if we had accounted for physical activity, it is possible that the overall
indirect effects could be explained away by physical activity. A comprehensive account of the sensitivity analysis
approach and its results is given in Supplementary material C.4.

3.2.5 Conclusion of empirical mediation analysis

In this example of estimating compositional mediation, we observed that the effect of fibre intake on insulin level
primarily stems from the direct effects, with the mediated effect of the microbiome accounting only 5-10 % of the total
effect, with considerable uncertainty. Nonetheless, our empirical data analysis should be considered as a demonstration
rather than a comprehensive analysis. For example, we did not adjust for other confounders apart from sex and
intervention status. However, based on the sensitivity analysis, the unadjusted confounders, such as physical activity,
would need to have a large effect on the insulin levels and highly correlate with fibre intake to be able to explain away
the observed total and direct effects, while it is possible that the overall indirect effect could be explained away. In
addition, even though reverse causality is implausible in the light of current biological knowledge, the temporal ordering
of the exposure (fibre intake), mediator (gut microbiome) and response (insulin level) remains obscure as each was
measured at the same visit. Although the direct and overall effects were of similar magnitudes whether analysing
mediation of Actinobacteria at a phylum-level contrasted to other phyla or of the genera within the Actinobacteria, the
models reflect different levels of taxonomic hierarchy and thus potentially different biological mechanisms.

4 Discussion

In this study, we proposed and investigated a hypothesis-driven approach to mediation analysis with a compositional
mediator based on sparse and overdispersed microbial count data. We specified non-parametric causal estimands
for both coordinate-wise and overall indirect effects relying on an a priori defined causal structure and presented
conditions under which they can be identified from empirical data based on simple parametric models. The method
can be applied when some a priori knowledge about the structure between the parts of the composition is available
and allows simultaneous estimation of coordinate-wise indirect effects (CIE’s) and the overall indirect effect (OIE).
The estimation of mediated effects was found to be generally unbiased, even under extreme amounts of sparsity and
overdispersion in the underlying count data. However, sparsity and the magnitudes of the path coefficients were found
to affect the precision of the estimation in a complex way. In addition, we demonstrated the estimation of compositional
mediation with an empirical data set, investigating the potential indirect effect of the gut microbiome in the association
between dietary fibre intake and insulin level. The total effect was found to be dominated by the direct effect, but
we cannot rule out the possibility that certain parts of the gut microbiome, such as the Enterorhabdus, carry a small
mediating role.

The use of ilr coordinates transforms proportions in the simplex into Euclidean coordinates. A standard statistical
approach for mediation analysis can thus be applied to estimate indirect effects [9]. Importantly to the causal
interpretation, the ilr coordinates have a one-to-one correspondence with a sequence of partitions of the entity of interest
into subcompositions. Each single ilr coordinate corresponds to a partition of a specific subcomposition into two parts,
while the relative proportions of all other parts remain intact, and the coordinate can thus be interpreted as representing
a causal relationship encoded by that partition. Furthermore, with the assumed purely linear dependence of the response
on the mediators and no exposure-mediator interaction, the overall effect is the sum of all coordinate-wise effects and
quantifies mediation via the entire composition of interest.

The theory on multiple mediators mainly focuses on two scenarios, causally dependent mediators [14)15/16] and
mediators that are correlated but do not affect each other causally [1701819]]. Our treatment of mediation through ilr
coordinates is an example of the latter. We considered two alternative ways to define causal effects non-parametrically.
The definition of Wang et al. [17] leads to coherent estimands for the overall indirect effects and coordinate-wise
indirect effects. For the counterfactual interpretation of the indirect effects, the order of the mediators is important, as the
exposure levels of the other mediators are assigned sequentially. Of note, these non-parametric definitions correspond to
the sequential build-up of the ilr coordinates. In contrast, in the alternative non-parametric definition of Kim et al. [18],
the order of the mediators plays no role. While this formulation does not lead to a coherent decomposition of the overall
indirect effect into the coordinate-wise indirect effects, under linear models and no interaction between the mediators
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the parametric formulations are the same under both alternative non-parametric definitions, and the coordinate-wise
indirect effects sum up to the overall indirect effect.

In Wang et al. [17], the parametric dependence of the response on the mediators was based on logistic regression.
The parametric expressions of the indirect effects then depend on the joint distribution of the mediators. This in turn
requires an a priori specification of their correlation structure. As our application here focuses on a linear dependence
of the response on the mediators, the parametric expressions only depend on the estimable marginal distributions of the
mediators.

Given that the aims and scope of our proposed method fundamentally differ from other studies that have addressed
compositional mediation via the microbiome [7U10U11112], a formal comparison of the methods’ performance was not
carried out. Instead, we here provide a comparison of the main characteristics of these approaches. Table [7]summarises
some key features of these studies. The previous studies have focused on identifying signals of mediation through
different taxa and rely on testing a large number of tentative (causal) associations between the components of the
microbiome. As argued in the present study, many of such associations are potentially misleading if the aim is to
answer to a structured causal question. In particular, when causal effects based on relevant biological mechanisms are
of special interest, a more targeted analysis based on a priori knowledge may be called for in contrast to data-driven
approaches that rather emphasise the predictive performance of the model. An analysis that is conditioned on a given
set of contrasts can be thought as the next step on the pathway of building evidence about mediation.

All previously presented methods to analyse compositional mediation through the microbiome have been based on some
log-ratio transformation. Sohn and Li [[10] and Wang [11]] used the additive logratio which differs from the isometric
logratio in interpretation, whereas Zhang et al. [7] and Fu et al. [[12] relied on the isometric logratio using alternating
pivot coordinates. While we applied the isometric logratio, we deviate from these methods in three aspects. Firstly,
instead of sieving for signals of mediation (i.e. testing for multiple null hypotheses), we aim at estimating mediated
effects within a predefined a priori partition, which leads to investigating multiple contrasts of interest simultaneously
without additional re-fitting of ilr transformations using alternating pivots. Secondly, we investigated how the sampling
variation among the units, caused by sparsity and overdispersion, affects the estimation of mediated effects. Thirdly,
our approach is confined to low-dimensional problems. Thus, regularisation or Bayesian model selection approaches
are not needed. In addition, due to the lower dimension, our approach is free of multiple comparison problems of
sieving approaches especially present in Zhang et al. [7]], and as such allows unbiased estimation of the overall indirect
effect. Lastly, the coordinate-wise effects defined in Fu et al. [12] were basically regression-based, i.e., they relied on a
parametric formulation and thus lacked proper definition in terms of causal contrasts. Consequently, the parametric
forms of the indirect effects are not similar to those of Wang et al. [17] or those considered in our paper.

Our approach is based on a pre-specified contrast matrix that contains the a priori causal assumptions encoded as a
DAG. Thus, any conclusions that are drawn will depend on the specification of the contrast matrix, the analysis of
mediation throughof a coordinate-wise indirect effects is conditional on the assumed contrasts. The idea of utilising
knowledge about taxonomic distances in building ilr coordinates has been presented earlier, although in a data-driven
manner [2]]. Other possible sources of taxonomic knowledge include biological functionalities of different taxa, or
hypotheses based on previous (data-driven) studies. The pivotal approach of Zhang et al. [[7], where the coordinates
are alternated .J + 1 times to identify the mediating role of each part of the composition, corresponds to testing J + 1
different hypotheses, each concerning a role of a specific part of the composition.

Furthermore, as opposed to some previous research on compositional mediation where mediators were simulated
directly as logratio coordinates based on a multivariate normal distribution [7/10], we simulated data at the count level
to investigate the effect of sparsity and overdispersion on the performance of the estimation. Larger sparsity increases
the variation of the ilr coordinate. Consequently, with any given level of CIE, we found that larger sparsity increased the
uncertainty in the estimation of the § parameters and vice versa in the estimation of the  parameters (see the discussion
following equation (I3])). The impact of overdispersion, on the other hand, was mostly removed when treating the
counts as compositions. However, in some scenarios higher overdispersion slightly increased the variability of the ilr
coordinates. Reassuringly, the levels of sparsity («g) and overdispersion (¢) in our empirical data analysis indicate that
our choices of these parameters in the simulation study, as well as the chosen magnitudes of the indirect effects, were
reasonable.

In terms of the precision of estimated mediation effects, it would be ideal to conduct the analysis under intermediate
levels of sparsity. When designing a study, however, the components affecting the variance of the CIE’s — that is, the
magnitudes of the pathway coefficients (815 and 1) and their variability — cannot be controlled in advance. The
amount of sparsity varies in microbiome data and also depends on the taxonomic level of interest. At deeper taxonomic
levels, such as genus level, the number of taxa is larger and data are more likely sparse. However, if the mediated effects
of interest are considered at a higher level, each taxon can be considered as an amalgamation of lower-level taxa within
that taxon, which potentially reduces sparsity. Thus, while the sparsity present in the data cannot be controlled within
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any chosen level of taxonomy, restricting the analysis to a higher taxonomic level may result in less sparse counts.
Additionally, the most extremely sparse counts are often removed while preprocessing the data. In general, one should
pay specific attention to the sparsity of the counts and be cautious of its implications to the estimation of indirect effects.

There are some limitations to our approach. Firstly, as in any mediation analysis based on DAGs, it is possible to
misspecify the causal structure e.g. by misspecifying the contrast matrix or not accounting for relevant covariates. As
shown by the simulation example, a misspecified contrast matrix may result in estimates that do not reflect the true
causal effects and lead to erroneous inferences on the mediating roles of the parts of the composition. This emphasises
the importance of utilising expert knowledge or a priori information when coding the hypotheses into the contrast
matrix. The a priori knowledge can be based on e.g. sieving studies, such as those suggested by e.g. Zhang et al., Sohn
and Li or Wang et al. [[7U10l11]], or on biological knowledge of the roles of different parts of the composition, such as
the relationship between Bacteroidetes and Firmicutes in human gut microbiome. It is of note that the contrast matrix
depends on the question in hand, and thus no general guidelines on building the contrasts in a hypothesis-driven manner
can be given. In addition, if there are unobserved or unadjusted confounders, the causal effects may not be estimated
correctly.

Secondly, while we investigated the impact of sampling variation of the class probabilities and counts on the estimation
of mediated effects in the simulation study, in the empirical analyses we simply assumed that the ilr coordinates are
normally distributed. However, the normality may not always hold, as the variation in the class probabilities and counts
is reflected in the variation of the ilr coordinates. Regardless, we showed that the estimated standard errors corresponded
on average to the true ones as found by simulation.

Thirdly, we formulated the approach on the presupposition that confounders are categorical or can be categorised.
Without this assumption, the linear dependence of the Dirichlet parameters on the confounders would not necessarily
induce a linear dependence of the ilr coordinates on the confounders (see Equations (9) and (I0)). The assumption
of categorical confounders was used in the simulation study when assessing the performance of estimating mediated
effects. Nevertheless, the general idea of basing causal mediation analysis on a priori defined hierarchy coded through
a single SBP matrix remains valid, and there is nothing in principle that would preclude using continuous covariates in

model (T0).

Our additional analysis with continuous confounders showed that when an approximate linearity of association between
the ilr coordinates and confounders holds, the performance of estimation of mediated effects remains similar. Previous
studies on compositional mediation analysis in the context of microbiome data have simulated data directly at the
log-ratio level assuming a multivariate normal distribution and linear dependence between coordinates and covariates
[[LOL7]. Such approaches fail to account for the variation across individuals in the actual counts. In this respect, our
analysis can be viewed as more comprehensive despite the assumption of categorical covariates.

In summary, we here have combined the framework of compositional data analysis with causal mediation analysis with
specific focus on theory on multiple mediators and the causal interpretation of the coordinates based on the microbiome
composition. The contribution of our work is threefold. First, we suggested incorporating a priori or expert knowledge
in microbial mediation and presented microbial mediation analysis with specific focus on the contrasts between sub-
compositions of interest rather than individual taxa. Second, we have combined the sequential approach of defining
mediator-specific indirect effects [[17] with the hypothesis-driven sequential binary partition in the context of microbial
phylogenetics and thus defined coordinate-wise and overall indirect effects that are coherent in their non-parametric
definitions. We also showed that while the coordinate-wise indirect effects depend on the chosen partition matrix, the
overall indirect effect is invariant of this choice. Furthermore, these effects are based on a single causal mediation
model and their empirical derivation does not require multiple testing, regularisation or model selection. Third, unlike
in other simulation studies on microbial mediation, we investigated the effect of sparsity and overdispersion on the
estimation of the mediated effects.

In addition to the analysis of the microbiome, the approach adopted in this study is applicable for a wide range of
research questions where the mediator can be considered compositional. For example, the method could be utilised
in other types of biological read-count data, such as epigenetic RNA counts. Although RNA molecules do not
follow similar taxonomic phylogenies as the microbiome, they can be classified e.g. based on their type [33]. Such
classifications can be utilised as a priori knowledge to formulate meaningful contrasts. Compositional data analysis,
and the proposed approach, also provide opportunities within the context of e.g. dietary composition, blood lipid
composition or composition of the daily activity levels, and using a priori knowledge of the hierarchies between the
parts of composition may also provide interesting insights into the mediating role of these compositions. However, the
applicability of compositional transformations under different sources of variation and different types of data still needs
further research.
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Tables

Table 1: Parameters of the simulation study.

Note

Parameter Value
Distribution of the counts

E(K;)=pu 10000.
Dispersion 6 — 0;0.1; 0.5
Sparsity ag 1;50; ag — o0

Binary confounders
p(Cy =1) 0.50
p(CQ = 1) 0.50

Binary exposure
p(X =1|C1, Cs) 0.25 + 0.05C + 0.05C5

Mediator

(0.02, 0.01, -0.01, -0.01, -0.01)
(-0.01, -0.01, 0.02, 0.00, 0.00)
(a1/asg,...,a5/ag)|X =0
(0.60, [0.15, 0.10], [0.10, 0.05])
(0.60, [0.15, 0.10], [0.08, 0.07])
(0.60, 0.10, 0.10, 0.10, 0.10)
(041/043, s 70{5/0&3)|X =1
(0.50, [0.20, 0.05], [0.10, 0.15])
(0.58, [0.13, 0.13], [0.10, 0.06])
(0.50, 0.125, 0.125, 0.125, 0.125)

Response
(0,72, Yoy, YOy ) (2.0, 0.40, 0.05, -0.05)

Indirect effects
OIE; CIE 0.10; (0.04, 0.01, 0.03, 0.02)

0.10; (0.04, 0.01, 0.03, 0.02)
0.10; (0.10, 0.00, 0.00, 0.00)

Effect of C; on o
Effect of C5 on «x

scenario 1
scenario 2
scenario 3

scenario 1
scenario 2
scenario 3

scenario 1
scenario 2
scenario 3
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Table 2: Simulation results for scenario 1. The true and estimated indirect effects, bias, average standard errors (S/.]\E),
standard deviation of the estimates (SEeqgt.), and power and coverage probability of the 90 % confidence intervals of the
coordinate-wise (CIE) and overall (OIE) indirect effects with varying sparsity «vg and overdispersion 6.

ag 0 Eff. True Est. Bias SE SEcst. Power Coverage

1 —-0 CIE; 0.04 0.04 0.00 0.015 0.015 0.91 0.91

1 -0 CIE; 0.01 0.01 0.00 0.017 0.016 0.12 0.93

1 —-0 CIEs 0.03 0.03 0.00 0.017 0.016 0.56 0.93

1 —-0 CIE4 0.02 0.02 0.00 0.020 0.020 0.27 0.91

1 -0 OIE 0.10 0.10 0.00 0.036 0.035 0.90 0.92

50 —0 CIE; 0.04 004 0.00 0.044 0.044 0.24 0.91
50 —-0 CIE; 0.01 0.01 0.00 0.061 0.060 0.09 0.91
50 —0 CIEs 0.03 0.03 0.00 0.057 0.058 0.16 0.89
50 —-0 CIE, 0.02 002 0.00 0.05 0.054 0.12 0.91
50 -0 OIE 0.10 0.10 0.00 0.089 0.091 0.30 0.88
—o0 —0 CIE; 004 005 -001 0.592 0.595 0.11 0.89
—+o00 —0 CIE; 001 000 0.01 0774 0.801 0.11 0.89
—o00 —0 CIEg 003 0.03 0.00 0.742 0.737 0.11 0.90
—+o0 —0 CIE4, 002 003 -001 0728 0.700 0.09 0.91
—+o0 —0 OIE 0.10 0.11 -0.01 1212 1.202 0.10 0.91
1 01 CIE; 0.04 0.04 0.00 0.015 0.015 0.89 0.90

1 01 CIE; 0.01 0.01 0.00 0.017 0.016 0.13 0.92

1 01 CIEs 0.03 0.03 0.00 0.017 0.017 0.55 0.91

1 01 CIE4 0.02 0.02 0.00 0.020 0.019 0.27 0.91

1 01 OIE 0.10 010 0.00 0.036 0.035 0.88 0.91

50 0.1 CIE; 0.04 0.04 0.00 0.043 0.043 0.22 0.92
50 0.1 CIE; 0.01 0.01 0.00 0.061 0.059 0.09 0.91
50 0.1 CIEs 0.03 0.03 0.00 0.057 0.056 0.13 0.90
50 0.1 CIE4 0.02 0.02 0.00 0.055 0.053 0.12 0.92
50 01 OIE 0.0 0.10 0.00 0.090 0.090 0.29 0.89
—o0 0.1 CIE; 0.04 005 -0.01 0.563 0.566 0.10 0.90
—+o00 0.1 CIE; 001 0.00 001 0736 0.746 0.11 0.89
—+oo 0.1 CIEs; 0.03 0.04 -0.01 0.707 0.726 0.11 0.89
—+oo0 0.1 CIEy 0.02 0.00 002 0.692 0.683 0.09 0.91
—+o0 0.1 OIE 010 0.09 0.01 1.152 1.189 0.11 0.89
1 05 CIE; 0.04 0.04 0.00 0.015 0.015 0.90 0.90

1 05 CIE; 0.01 001 0.00 0.017 0.017 0.14 0.91

1 05 CIEs 0.03 0.03 0.00 0.017 0.017 0.55 0.91

1 05 CIE, 0.02 002 000 0.020 0.020 0.26 0.89

1 05 OIE 0.10 0.10 0.00 0.036 0.036 0.89 0.88

50 05 CIE; 0.04 0.04 0.00 0.043 0.043 0.22 0.91
50 05 CIE; 0.01 0.01 0.00 0.061 0.060 0.09 0.91
50 05 CIEs 0.03 0.03 0.00 0.057 0.057 0.13 0.90
50 05 CIE, 0.02 0.02 0.00 0.055 0.054 0.11 0.91

50 05 OIE 0.0 0.09 0.01 0.08 0.087 0.27 0.91
—+o00 05 CIE; 004 005 -0.01 0431 0427 0.09 0.91
—+o0 05 CIE; 001 0.01 000 0562 0.578 0.12 0.89
—+o00 05 CIE; 0.03 003 0.00 0541 0.565 0.11 0.89
—o00 05 CIEy 0.02 003 -001 0.528 0510 0.08 0.92
—+o0 05 OIE 010 0.11 -0.01 0.879 0.868 0.10 0.90
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Table 3: Simulation results for scenario 2. The true and estimated indirect effects, bias, average standard errors (S/.]\E),
standard deviation of the estimates (SEeqgt.), and power and coverage probability of the 90 % confidence intervals of the
coordinate-wise (CIE) and overall (OIE) indirect effects with varying sparsity «vg and overdispersion 6.

ag 0 Eff. True Est. Bias SE SEcst. Power Coverage

1 —-0 CIE; 0.04 0.04 0.00 0.034 0.034 0.33 0.91

1 -0 CIE; 001 0.00 0.01 0.102 0.102 0.10 0.90

1 -0 CIEs 003 0.03 0.00 0.013 0.012 0.81 0.90

1 —-0 CIE4 0.02 0.02 0.00 0.011 0.010 0.57 0.93

1 -0 OIE 0.10 0.09 0.01 0.110 0.109 0.21 0.91

50 —0 CIE; 0.04 0.04 0.00 0.015 0.015 0.93 0.91
50 —-0 CIE; 0.01 0.01 0.00 0.015 0.014 0.14 0.92
50 —0 CIEs 0.03 0.03 0.00 0.024 0.024 0.33 0.91
50 —-0 CIE4 0.02 0.02 0.00 0.019 0.018 0.26 0.92
50 -0 OIE 0.0 0.10 0.00 0.037 0.034 0.89 0.92
—o0 —0 CIE; 004 005 -001 0.123 0.122 0.12 0.91
—+o0 —0 CIE; 001 001 0.00 0.026 0.026 0.14 0.90
—+o00 —0 CIEg 0.03 0.03 0.00 0320 0.328 0.11 0.89
—+o0 —0 CIE4, 002 002 000 0244 0.238 0.09 0.91
—+o00 —0 OIE 0.10 0.11 -0.01 0417 0419 0.12 0.90
1 01 CIE; 0.04 0.04 0.00 0.035 0.037 0.34 0.88

1 01 CIE; 0.01 0.02 -0.01 0.106 0.105 0.10 0.90

1 01 CIEs 0.03 0.03 000 0.013 0.012 0.83 0.92

1 01 CIE4 0.02 0.02 0.00 0.011 0.010 0.57 0.92

1 01 OIE 010 011 -0.01 0.114 0.113 0.23 0.90

50 0.1 CIE; 0.04 0.04 0.00 0.015 0.015 0.91 0.89
50 0.1 CIE; 0.01 0.01 0.00 0.014 0.014 0.15 0.91
50 01 CIEs 0.03 0.03 0.00 0.025 0.024 0.36 0.90
50 0.1 CIE4 0.02 0.02 0.00 0.020 0.019 0.25 0.92
50 01 OIE 0.0 0.10 0.00 0.037 0.036 0.85 0.90
—o0 0.1 CIE; 0.04 0.04 000 0.117 0.113 0.11 0.91
—+o00 0.1 CIE; 001 0.01 0.00 0.025 0.025 0.12 0.90
—+oo 0.1 CIEs 0.03 0.02 0.01 0305 0.307 0.10 0.90
—+oo0 0.1 CIE;, 002 002 000 0232 0.230 0.10 0.90
—+o0 0.1 OIE 0.10 0.09 0.01 0397 0.391 0.10 0.90
1 05 CIE; 0.04 0.04 000 0.035 0.034 0.33 0.92

1 05 CIE; 0.01 001 0.00 0.128 0.128 0.10 0.91

1 05 CIEs 0.03 0.03 0.00 0.013 0.012 0.84 0.93

1 05 CIE, 0.02 002 000 0011 0.011 0.56 0.91

1 05 OIE 0.10 0.10 0.00 0.136 0.134 0.20 0.90

50 05 CIE; 0.04 0.04 0.00 0.015 0.015 0.91 0.90
50 05 CIE; 0.01 0.01 0.00 0.015 0.014 0.14 0.93
50 05 CIEs 0.03 0.03 0.00 0.025 0.024 0.34 0.92
50 05 CIE, 0.02 0.02 0.00 0.019 0.020 0.28 0.91
50 05 OIE 0.0 0.10 0.00 0.037 0.036 0.88 0.91
—+o0 05 CIE; 0.04 004 0.00 0.090 0.088 0.12 0.92
—+o0 05 CIE; 001 0.01 000 0.020 0.018 0.11 0.92
—+o0 05 CIE; 0.03 0.04 -0.01 0234 0.229 0.10 0.91
—o0 05 CIEy 0.02 0.02 000 0.177 0.178 0.12 0.89
—+o0 05 OIE 010 0.11 -0.01 0.304 0.299 0.11 0.90
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Table 4: Empirical variances of the estimators of 31; and 17 and their product under different scenarios and varying
degrees of overdispersion (¢) and sparsity («g). The last two columns present the ratios between the squared estimators
and the variances for for the first coordinate wise indirect effect (CIE;). For each setting, the values are based on 1000
replications of simulated data.

Scenario 6 as P i 63, o2, 63,02, Bh/o%, /62, var(IE)

—0 1 -0.87 -0.05 0.0263 0.0002 0.000005 28.72 11.46  0.0002
—0 50 -036 -0.11 0.0004 0.0139 0.000006 323.99 0.86  0.0018
—+0 — oo -034 -0.15 0.0000 3.0048 0.000005 64007.84 0.01 0.3494
0.1 1 -086 -0.05 0.0262 0.0002 0.000005 28.24 11.31  0.0002
0.1 50 -036 -0.10 0.0004 0.0139 0.000006 323.92 0.75 0.0018
0.1 —oo -034 -0.15 0.0000 2.7107 0.000005 57500.11 0.01 0.3152
0.5 1 -0.85 -0.05 0.0258 0.0002 0.000005 28.21 11.33  0.0002
0.5 50 -036 -0.10 0.0004 0.0138 0.000006 319.80 0.79  0.0018
05 —oo0 -034 -0.14 0.0000 1.5932 0.000006 31618.72 0.01 0.1853

—0 1 -0.19 -0.21 0.0252 0.0002 0.000005 146 22634 0.0011
—0 50 -0.07 -0.55 0.0004 0.0142 0.000005 14.31 21.43  0.0002
—-+0 — oo -007 -0.64 0.0000 3.0710 0.000006  2603.26 0.13  0.0151
0.1 1 -0.19 -0.22 0.0290 0.0002 0.000006 1.27 23420 0.0014
0.1 50 -0.07 -0.54 0.0004 0.0143 0.000005 13.90 20.49 0.0002

1 — o0 -007 -0.53 0.0000 2.7673 0.000006 2459.66 0.10 0.0136
0.5 1 -0.19 -0.22 0.0245 0.0002 0.000005 1.49  233.19 0.0011
0.5 50 -0.07 -0.54 0.0004 0.0142 0.000005 14.39 20.89  0.0002
05 —o0 -0.07 -0.51 0.0000 1.6191 0.000006 1418.24 0.16  0.0080
—0 1 -095 -0.11 0.0274 0.0002 0.000005 32.96 61.93  0.0005

—0 50 -039 -0.26 0.0003 0.0145 0.000005 435.50 4.82 0.0022
—-+0 — oo -036 -0.27 0.0000 3.1057 0.000005 82809.50 0.02 0.4133
0.1 1 -094 -0.11 0.0272 0.0002 0.000005 3245 62.23  0.0005
0.1 50 -039 -0.26 0.0003 0.0145 0.000005 429.88 4.61 0.0022
0.1 —oo -036 -028 0.0000 2.8001 0.000005 74406.43 0.03 0.3724
0.5 1 -093 -0.11 0.0270 0.0002 0.000005 32.00 63.13  0.0005
0.5 50 -039 -0.25 0.0003 0.0144 0.000005 432.93 446 0.0022
05 —oo -037 -029 0.0000 1.6401 0.000005 40849.87 0.05 0.2185
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Table 5: Average counts and proportions of the 11 genera within the phylum Actinobacteria by fibre intake (low, i.e., <
25 grams per day vs. high, i.e. > 25 grams per day). The data are based on the STRIP study [26].

Count Proportion
Genus Fibre <25 g/d Fibre > 25g/d Fibre<25g/d Fibre> 25 g/d
Bifidobacterium 3780.22 1865.53 66.27 62.27
Actinomyces 3.30 1.48 0.18 0.16
Rothia 2.04 1.44 0.15 0.15
Enterorhabdus 8.56 4.56 0.41 0.56
Eggerthella 52.95 29.96 3.00 2.60
Collinsella 697.60 433.02 20.95 25.04
Adlercreutzia 95.59 83.05 5.22 6.14
Slackia 22.42 21.24 1.35 1.29
Senegalimassilia 31.26 7.61 1.29 0.88
Olsenella 14.34 7.88 0.79 0.55
Gordonibacter 7.32 495 0.39 0.36
Total 4715.61 2460.73 100 100

23



Hypothesis-driven mediation analysis for compositional data

Table 6: Coefficients for the effect of fibre on the ilr coordinates and coefficients for the effects of the ilr coordinates on
the response, and the coordinate-wise indirect effects (CIE’s) 31571 for each coordinate in the analyses for mediation

through the genera within the Actinobacteria (section|3.2.3)).

Bk (90% CI) Yk (90% CD) Pk (s-e.) (90% CI)

M, -0.025 [-0.341;0.291] 0.031  [-0.006; 0.067] -0.001 (0.006) [-0.010; 0.009]
M, -0.255 [-0.501;-0.009] -0.031 [-0.078;0.016]  0.008 (0.009) [-0.006; 0.022]
Ms; -0.269  [-0.740;0.201]  0.025 [0.002; 0.048] -0.007 (0.008) [-0.020; 0.007]
My 0.409 [0.060; 0.759] -0.041 [-0.074;-0.008] -0.017 (0.012) [-0.036; 0.003]
Ms -0.176  [-0.712;0.359]  0.038 [0.015; 0.060] -0.007 (0.012) [-0.027; 0.014]
Mes 0.264 [-0.220;0.749] 0.011  [-0.013;0.035]  0.003 (0.005) [-0.005;0.011]
M; 0071 [-0.414;0.557] 0.001  [-0.024;0.027]  0.000 (0.001) [-0.002; 0.002]
Mg 0.012 [-0.434;0.458] 0.014 [-0.010;0.038]  0.000 (0.004) [-0.006; 0.006]
My -0.165 [-0.589;0.259] 0.017 [-0.010;0.044] -0.003 (0.005) [-0.011; 0.006]
My -0.151  [-0.596;0.295] 0.012  [-0.015; 0.039] -0.002 (0.004) [-0.009; 0.005]
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Figures

List of figure captions

Figure [I] Directed acyclic graphs (DAGs) depicting mediation between exposure X and
response Y through (a) a single mediator, and (b) a compositional mediator, such as the gut microbiome.

Figure 2| An example of a taxonomic hierarchy among five classes, i.e., five distinct taxa. (a) A taxonomy
describing a known relational structure between five taxa. (b) An example of a hierarchy based on taxonomy
(a) and encoded by the sequential binary partition matrix [T] of the main text.

Figure 3| DAGs describing the contrasted parts of the composition in models 3A and 3B. The correct causal
DAG used in simulating data is presented in (a) and the DAG encoded by the misspecified contrast matrix is
presented in (b).

Figure ] Taxonomic structure within the Actinobacteria phylum. Within the phylum, there is one class, which
was further divided into three orders consisting of eleven genera within four families.
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Figure 1: Directed acyclic graphs (DAGs) depicting mediation between exposure X and response Y through (a) a
single mediator, and (b) a compositional mediator, such as the gut microbiome. Potential confounders are denoted as

CXY, CXM and CMY in DAG (a) and omitted for clarity in DAG (b).

(a)

Figure 2: An example of a taxonomic hierarchy among five classes, i.e., five distinct taxa. (a) A taxonomy describing a
known relational structure between five taxa. (b) An example of a hierarchy based on taxonomy (a) and encoded by the

sequential binary partition matrix [T of the main text.
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Figure 4: Taxonomic structure within the Actinobacteria phylum. Within the phylum, there is one class, which was
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further divided into three orders consisting of eleven genera within four families.
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Figure 3: DAGs describing the contrasted parts of the composition in models 3A and 3B. The correct causal DAG used
in simulating data is presented in (a) and the DAG encoded by the misspecified contrast matrix is presented in (b).
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