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S1 Approximating the heritability when based on relative abundances

We here derive an analytical approximation of the heritability that one obtains when using relative abundances,
based on a quantitative genetic framing of absolute abundances. According to this framing, the absolute abundance

of taxon ¢ in host individual j can be written as:

Pj =i +G;j + Ey (Eq. S1)

o is the average absolute abundance of taxon i, G;; is a host genetic contribution (i.e. a breeding value; for
simplicity, we assume no genetic dominance or epistasis), F;; is an environmental (residual) contribution, and we

assume no G x E interactions.

Distribution of a taxon’s absolute abundance In a population of hosts, the absolute abundance of each
taxon i (V) is distributed as:

Y ~ N(Oéi, VPi) (Eq. 82)

where «; is the average absolute abundance, and Vp; is the total variance, calculated as the sum of the genetic

and environmental variance (i.e. Vp; = Vig; + Vg;; assuming a zero G x E covariance).

Distribution of total community absolute abundance The absolute abundance of the entire community
consisting of M microbes, is also a normally distributed variable which we call X. The average of X is simply the
sum of the average abundances of each of M microbes: F[X]| = EJM:1 oj. The variance in X depends both on the

variance in abundance of each microbe, as well as on the covariance between each pair of microbes:

M M
var(X) = Vpj+2 > covp(j k) =Y Vpi+2 Y [cova(j, k) + cove(j, k)] (Eq. S3)
j=1 1<j<k<M j=1 1<j<k<M

Where covp(j, k) is the phenotypic covariance between taxa j and k, which is non-zero when microbial abun-

dances covary. This can also be written as the sum of the genetic and environmental covariances (covg and covg).

Distribution of relative abundance Let us now focus on how the relative abundance of taxon 4 is distributed
across host individuals, based on variables X and Y. The relative abundance (fraction fp;) is calculated as the
absolute abundance of focal microbe ¢ (Y'), divided by the entire community abundance (X), and therefore is
distributed as:

Fpi = Yy N(ai, Vi)
X N(Zj:l Qj, Zj:l Vpj+2 Zl§j<k§M covp(j, k))

Eq. S4 gives the total distribution of relative abundances. Similarly, we can also obtain how relative abundances

(Eq. S4)

of taxon ¢ vary across host genotypes, by replacing all Vp by Vi, and considering the genetic covariances (covg)

between each pair of microbes:

N(ai, Vai)
N(ijl Qs Zj:l Vaj +2 Z1§j<k§M covg (4, k))

We are interested in quantifying the variance in fp; and in fg;, as this is the total, and the genetic variance,

fai~

(Eq. S5)

respectively, in relative abundances of taxon i. The proportion of the variance in relative abundance explained by

host genetic variation (i.e. the heritability based on relative abundances, from now on called (?) is then:



5 var(fai)

Calculating the variance in relative abundance To calculate var(fg;) and var(fp;), we use an approximation
of the variance of the ratio between two dependent normally distributed variables (Hayya et al., 1975). The variance

in %, provided that both terms are normally distributed (with mean p and variance o?), can be approximated as:

v o220 9
var(y) o 174'% + — - M (Eq. S7)
My Hy M

(Hayya et al., 1975). Here, p is the correlation between X and Y, which we can also write as:
cov(X,Y
p= coviX,Y) (Eq. S8)
020y
Since, in our case, we can write X as a function of Y (i.e. X =Y + 3., N(a;, Vp;)), the covariance between
X and Y is:

cov(X,Y) =var(Y) + Z covp(i,j) (Eq. S9)
J#i

We now introduce the following ‘microbiome community’ properties:

A=>"q, (Eq. S10)
j=1
i
2= Vp; (Eq. S11)
j=1
J#i
w= ZVGj (Eq. S12)
j=1
i
v = cova(i,j) (Eq. S13)
=1
i
e=>Y covg(i,j) (Eq. S14)
j=1
g
K= Z covg(J, k) (Eq. S15)
1<j<k<M
v= Z covg (4, k) (Eq. S16)
1<j<k<M

Eq. S10 - Eq. S16 describe the total average abundance of all non-focal microbes (i.e. excluding taxon i)
(A); the total variance in absolute abundance of all non-focal microbes (z); the total genetic variance in absolute
abundance of all non-focal microbes (w); the sum of the genetic covariances between focal microbe i and each of
the other community members (); the sum of the environmental covariances between focal microbe i and each of
the other community members (€); the sum of the genetic covariances between each pair of background community
members (k); and the sum of the environmental covariances between each pair of background community members

(v). Doing this has the advantage that we no longer need to consider each of the non-focal microbes explicitly;



instead, it is sufficient to know their total effects in terms of abundance and (co)variances. Combining Eq. S7 with

the above equations, we can now approximate the total variance in the relative abundance of taxon i as:

A2(z+Vp+2v+r+v+e) Vp 20(Vp +7v +¢)

)~ - Eq. S17
var(fp:) A+ a) Tatar (Ata)p (Eq. S17)

For readability, we have removed subscript i from «, Vg and Vp. We can rewrite Eq. S17 as:

A%Vp + a2z + 202k + 2020 — 20 Ay — 20 Ae
i) = Eq. S18
Var(fp ) (A+a)4 ( q )
Similarly, the variance in relative abundance due to genetic variation can be written as:
A?Vg + a®w + 202k — 20 Ay

i) = Eq. S19
var(fai) At a) (Eq )

Finall, dividing Eq. S19 by Eq. S18, we obtain the heritability based on relative abundances:

A? 2 20%k — 20 A

o2 Vo + aw + 20k — 20 Ay (Bq. $20)

~ A2Vp + a2z + 202 (k + v) — 2aA(y +€)



S2 Numerical simulation results

S2.1 Microbiome datasets simulation

In order to compare our analytical results to numerical results, we simulated populations of hosts and their micro-
biomes. For simplicity, we assumed asexual hosts with known genotype identities. Each taxon ¢ out of a total of
M taxa can be considered as a taxon from the same taxonomic level (e.g. OTU or genus). We did not simulate
taxonomic relationships between microbes, as this is irrelevant for the purpose of our study, however, we note that
studies differ in the taxonomic classification levels they consider (Table 1 of the manuscript).

We assigned each taxon an average abundance « and set the standard deviation in absolute abundance propor-
tional to its abundance (/Vp = a/6) to ensure that values do not become negative. We assigned each taxon a
heritability (h?).

For each taxon ¢ in host individual k that belongs to genotype j, we then obtained a microbial (absolute)

abundance (P;;), following a standard quantitative genetic framing:

Pijk =q; + Gij + Eijk: (Eq. 821)
Gi; is the genetic effect for microbe ¢ and host j (i.e. a breeding value; varying across genotypes), and E; ;i is a

residual (environmental) contribution.

Genetic and environmental contributions were sampled from multivariate normal distributions.

Gz’j ~ MVN(O, K(;) (Eq. 822)

Here, K and K are the genetic and environmental variance-covariance matrices, respectively. On the diagonal
of these matrices are the genetic and environmental variances (Vi and Vi) for each microbe 4, respectively, calculated

as:

Vai = h2Vp; (Eq. S24)

Ve = (1—h)Vp; (Eq. S25)
To test how genetic and environmental correlations between microbes affect heritability estimates, we set genetic

and environmental covariances in abundance on the off-diagonals. The covariance between microbe ¢ and microbe

m was calculated as:

covg(i,m) =reV/Vaiv Vem (Eq. 526)
covg(i,m) = eV VeivV Ven (Eq. S27)

Here, r¢ and rg are the genetic and environmental correlations, respectively, which we varied across simulations.
Finally, per host, we rescaled all abundances to express them as relative abundance by dividing each abundance

by the sum of all M microbial abundances in host genotype j, individual k:

Pk

> iz Pijk

(Eq. $28)



S2.2 Heritability estimation

We used these simulated relative abundances f to fit a linear mixed effects model, per microbial taxon, with host
genotype as a random effect: f; ~ 1+ (1|Genotype). This structure matches fully with the simulation structure;
there are no confounding factors; and all abundances are normally distributed. With a sufficiently large data set
and when using the true (absolute) abundances as the response variable, we thus retrieve the true coefficients and
variance components.

The estimated random effect variance of host genotype measures the variation due to host genetics V5. We
calculated heritabilities by dividing Vi by the total variance: h? = Vi /Vp. Note that as we included only additive

genetic effects in our simulations, the broad and narrow sense heritability are identical in our case.

S2.3 Problem 1: Interdependency between taxa can lead to unprecise heritability

estimates

In Figure 1 of the manuscript, we illustrate how the interdependency between relative abundances can lead to
unprecise heritability estimates. For the numerical results in Figure lc (crosses), we simulated datasets with the
following properties. We simulated a microbiome community consisting of 101 taxa (1 focal, and 100 background
community members). The average abundance of the focal taxon was either 1, 10, 100 or 1000 (x-axis in Figure 1
of the manuscript), and each community taxon had an average abundance of 1. The focal taxon had a heritability
of 0.2, and all background members shared the same heritability (either 0, .2, .5 or 1, see colors in Figure 1 of
the manuscript). We simulated microbiome communities for 500 different host genotypes x 1000 replicated hosts

within each population. We calculated heritabilities by fitting a mixed effects model (as explained in Section S2.2).

S2.4 Problem 2: Large sample size leads to high false discovery rates

In Figure 2 of the manuscript, we show how larger sample sizes increase the chance that a non-heritable microbe
(wrongly) appears significantly heritable. In a community of microbes, this can lead to a great overestimation of
the proportion of microbes that is heritable. To illustrate this, we use simulations where we varied the sample size
(i.e. number of hosts) and the true proportion of heritable microbes.

When varying sample size, we kept the total number of different host genotypes constant at 50. Having 50
grouping levels is well above the recommended number of levels needed to get reliable random effect variance
estimates (Harrison et al., 2018; Oberpriller et al., 2022). Results are thus not driven by error due to limited
random effect levels. To vary sample size across simulations, we varied the number of replicated hosts within each
genotype between 2 and 1000. This generates datasets on 50 - 50,000 hosts, well covering the range of real-world
microbiome datasets used for heritability estimation (Table 1 in the manuscript).

We varied the proportion of microbes that is heritable between 0 and 1, keeping the total number of microbes
at 100. For all non-heritable microbes, we set Vo = 0. For microbes with a non-zero heritability, we drew values
from a uniform distribution, so that for each microbe, 0 < h? < 1.

Per simulated dataset, we then estimated the heritability of each taxon by fitting a mixed effects model as
explained in Section S2.2. The significance of the estimated h? was assessed by comparing the likelihood of this
mixed effects model, with that of a simpler model without host genotype. We corrected for multiple testing using
the Benjamini Hochberg approach, setting the false discovery rate (FDR) to 0.1. This procedure matches the
methods described in a recent study estimating microbiome heritability in baboons (Grieneisen et al., 2021).

The accuracy of identifying the number of heritable microbes was calculated as the F-score, which is the harmonic

mean of the precision and recall:



TP

Precision — 1% .
recision = s (Eq. S29)
TP

Feo Precision - Recall

’ Eq. 1
Precision + Recall (Eq. S31)

(TP: True Positives, FP: False Positives, FN: False Negatives). When precision=1, there are no false positives;
when recall=1, there are no false negatives. The F-score equals 1 when both precision and recall are 1, implying
maximal accuracy.

Under low sample sizes, accuracy in estimating the proportion of heritable microbes is low due to a lack of power
to detect significant effects, resulting in type 2 errors (i.e. false negatives), reflected by a recall that is <1 (Fig. S1).
However, under large sample sizes, accuracy is also strongly reduced (Fig. S1). This is due to a strong reduction in
precision (i.e. an increase in false positives), leading to a serious overestimation in the number of heritable microbes
(Fig. S1). The reduction in accuracy is strongest when only a small proportion of the microbes is truly heritable;
with the largest dataset that we simulated (consisting of 50 genotypes x 1000 replicated hosts within each genotype
= 50,000 samples), the estimated proportion of heritable microbes was about 90%, while in (simulated) reality, only
10% of the microbes was heritable.

When using the (true) absolute abundances, the problem of low statistical power with small data sets (unsur-
prisingly) remains, but precision does not decrease with sample size, resulting in very accurate estimates of the
overall microbiome heritability (Fig. S1). At the core of this issue is the interdependency of relative abundances: a
host genetic effect in some microbes, will also create genetic differences in relative (but not absolute) abundances
for other, non-heritable microbes. This leads to consistent differences in relative abundance among host genotypes,
even if very small, and this is precisely what results in an estimated non-zero genetic variance, appearing significant

with enough statistical power (i.e. with enough hosts).

S2.5 Problem 3: Microbial co-abundances lead to biased heritability estimates

In Figure 3c-e of the manuscript, we added numerical results (crosses) to our analytical results for a comparison.
For these numerical results, we simulated 500 host genotypes and 500 replicated hosts within each genotype. We
simulated a microbiome community consisting of 101 microbes (1 focal taxon and 100 background community
taxa). We varied both the heritability of the focal taxon (x-axis in Figure 3c-e) and the heritability of each of
the background community members (colors in Figure 3c-e). A non-zero genetic correlation creates correlations
between breeding values (see Eq. S26), whereas a non-zero environmental correlation creates correlations at the
individual host level (Eq. S27). We used the same correlation strength for each pair of microbes to create the

covariance matrix.
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Figure S1: Accuracy (measured as F-score, see Eq. S31) of the estimated percentage of heritable microbes when
using relative (upper row) and absolute (bottom row) abundances. The total number of microbes is set to 100 in
these simulations. On the left: Accuracy (purple: low; green: high) as a function of sample size (x-axis) and the
true percentage of heritable microbes (y-axis). Middle graphs: With small datasets, the true number of heritable
microbes (dashed line) is generally underestimated (solid lines below the dashed lines to the left of the plot), due
to a lack of statistical power, both when using absolute and relative abundances. Under high sample sizes, the
number of heritable microbes is greatly overestimated when using relative abundances, but not when using absolute
abundances (solid lines above dashed lines to the right of the plot on the upper panel). On the right: Accuracy
split into effects through recall (Eq. S30), and precision (Eq. S29). Recall is the ratio between the number of true
positives and the true number of heritable microbes. When recall < 1, this indicates the presence of false negatives.
Precision is the ratio between the number of true positives and the total number of significant results. A value
lower than 1 indicates that there are false positives. Under a high sample size and when using relative abundances,

precision is greatly reduced, indicating an increase in false positives. All value are median values of 10 simulations.



S3 Power analysis

To calculate the chance that a non-heritable microbe wrongly appears significantly heritable, we performed a power
analysis using R-package simr (Green and MacLeod, 2016). To this end, we used the function makeLmer() to build
an artificial lmej object. Here, the fixed intercept was the average relative abundance of our focal taxon, calculated

as (we tested different « values, see colored lines in Figure 3 of the manuscript). We set the slope to 0. The

o
a+100
randJcr)m effect variance (V) equaled the genetic variance in relative abundance (var(fg;); Eq. S19), and the residual
variance was calculated as: var(fg;) = var(fp;) — var(fai) (see Eq. S19, Eq. S18). We created a dataset with 25
host genotypes, and z replicates within each host genotype. We used the function powerCurve() to calculate the
power at a range of = values (x-axis in Figure 3 of the manuscript shows total sample size, i.e. = x 25). We tested
the significance of the random effect by setting the argument test=random/(), which performs a likelihood ratio test
on model with and without genotype as random effect. We performed 1000 simulations at each sample size, and

used o = 0.05 as a significance level.
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S4 Summary of published results

Table 1 of the main text summarizes results from empirical studies that estimate the heritability of individual taxa,
for different host systems, populations and tissues. Below, we give some detailed information on each of the studies,
and how we arrived at the numbers shown in Table 1. Where possible, we analyzed the provided heritability effect
sizes and p-values, and use the same methodology to calculate the overall proportion of heritable microbes, in order
to make results as comparable as possible. We note that the resulting estimates do not necessarily correspond to
the results that are reported in the original study (for instance, some studies do not report the overall proportion

of significant results, or use no or a different method to correct for multiple testing).

S4.1 O’Connor et al. (2014)

Host: Mice (gut microbiome)
Samples: 32 (8 outbred mice strains, 2 cages/strain, 4 animals/cage; divided over two diets. Only control diet is
used for microbiome analyses)

Host genetic information: Lineage

Taxa: 43 taxa (genus level)

Transformation: Total Sum Scaling

Model: Heritabilities are estimated using inbred strain analysis, using relative abundances as the response variable,
and no other covariates. Heritability is calculated as: (0.5 % V,)/(0.5 % V, + V)

Results: Heritability estimates range between 0.19 and 0.84 (average=0.47). We obtained these numbers by digi-

tizing Table 1 in O’Connor et al. (2014). No significance or uncertainty measures are provided.

S4.2 Zhao et al. (2013)

Host: Chickens (gut microbiome)

Samples: 56 (consisting of males and females, from a low high and low body weight selection treatment)
Host genetic information: Pedigree

Taxa: 23 OTUs (from which 13 belong to Lactobacillus)

Transformation: Log-transformed and scaled

Model: Wombat software was used to obtain heritability estimates. No information on any other covariates is given,
nor in how significance was assessed.

Results: None of the taxa is significantly heritable (note that no information on significance test is provided).

S4.3 Davenport et al. (2015)

Host: Humans (gut microbiome)
Samples: 93, 91 and 127 (for winter, summer, and both seasons combined, respectively)

Host genetic information: SNPs

Taxa: 16, 104 and 102 (for winter, summer, and both seasons combined, respectively. From genus to phylum level,
including taxa that were present in at least 75% of the individuals, and excluding taxa that were highly correlated
with a lower level or same level taxon (r > 0.9)).

Transformation: Quantile normalization

Model: Abundance data were collected for two seasons (summer and winter). For each season and per taxon,

a quantile normalization was performed. For the analyses for both seaons combined, values were averaged for
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individuals that were sampled in both seasons. Multiple regression with age, sex and date of collection on these
normalized abundances was performed. Residuals were used to estimate the ‘chip heritability’ using GEMMA
software based on ~200k SNPs. Results were considered significant if standard errors did not overlap with 0.
Results: 14/116 (12%), 10/104 (9.6%) and 13/102 (13%) of the taxa were heritable, for winter, summer and both
seasons combined, respectively. From these heritable taxa, the average heritability was 0.35 (0.18-0.69), 0.37 (0.20-
0.49) and 0.26 (0.19-0.37), for winter, summer and both seasons, respectively (calculated using provided Table S2
in Davenport et al. (2015)).

S4.4 Goodrich et al. (2014), data from Turnbaugh et al. (2009)

Host: Humans (gut microbiome)

Samples: 108 (23 DZ twin pairs, 31 MZ twin pairs).
Host genetic information: Twins

Taxa: 221 (149 OTUs, 72 higher-level taxonomic groups)

Transformation: Box-Cox transformation

Model: Same method as in S4.17. If two samples were collected from the same individual, randomly use one sample.
Covariates: ancestry and the number of sequences per sample.

Results: We used Supplementary Table S2A from Goodrich et al. (2014), including all rows for Turnbaugh, using
methods described in S4.17. 0% is heritable (0/221).

S4.5 Goodrich et al. (2014), data from Yatsunenko et al. (2012)

Host: Humans (gut microbiome)

Samples: 126 (34 DZ twin pairs, 29 MZ twin pairs).

Host genetic information: Twins

Taxa: 2933 (2664 OTUs, 269 higher-level taxonomic groups).

Transformation: Box-Cox transformation

Model: Same method as in S4.17, include only individuals aged >12. Covariates: age, the number of sequences per
sample and sex.

Results: We used Supplementary Table S2A from Goodrich et al. (2014), including all rows for Yatsunenko, using
methods described in S4.17. 0% is heritable (0/2933).

S4.6 Wright et al. (2021)

Host: Humans (vaginal microbiome)
Samples: 244 and 88 (European and African ancestry, respectively. Both MZ and DZ twin pairs)

Host genetic information: T'wins

Taxa: 3 taxa (present in >20% of the samples and with a within-host proportion of >10%)

Transformation: Arcsine square root transformation on relative abundances

Model: OpenMx R-package was used to estimate heritabilities, for each self-identified ancestral group separately.
Alpha level of 0.05 was used to assess significance.

Results: European ancestry: 1 taxon is significantly heritable (estimate: 0.35). African ancestry: no significant

effects.
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S4.7 Xije et al. (2016)

Host: Humans (gut microbiome)
Samples: 250 (35 MZ and 92 DZ twin pairs).

Host genetic information: Twins

Taxa: 109 genera (include when detected in >50% of the samples)

Transformation: Box-Cox transformation

Model: ACE model, implemented in OpenMx software, was fitted on the on Box-Cox transformed (1 as offset)
values, correcting for sequencing amount, age and age started living apart. Obtain p-values by comparing ACE
model with CE model, and correct for multiple testing according to Storey’s FDR method.

Results: 11/109 of the genera showed a significant heritability (p-value < 0.1) (10%). Heritability estimates of

individual taxa are not provided.

S4.8 Turpin et al. (2016)

Host: Humans (gut microbiome)
Samples: 270 (from 123 families with at least 2 individuals; this is a subset of the total sample size of 1,561
individuals).

Host genetic information: Pedigree

Taxa: 166 (excluding taxa with residuals Kurtosis ;, 0.8, results in 249 taxa from phylum to genus level. Redundant
taxa were then removed, leaving 166 taxa for the analyses)

Transformation: Inverse normal transformation

Model: Sequential Oligogenic Linkage Analysis Routines (SOLAR) was used to estimate heritabilities, adjusting
for age and sex. Correct for correlations among taxa and multiple testing following Gao et al. (2010, 2008).
Results: 26/249 (10%) taxa have corrected p-value < 0.1. Note that Turpin et al. (2016) use a significance threshold
of 0.05 (resulting in 20 significant taxa). From the 26 significant taxa (corrected p < 0.1), heritable ranges from
0.48 to 0.67 (average: 0.58).

S4.9 Sutherland et al. (2022)

Host: Switchgrass (rhizosphere)
Samples: 383 (3-10 clonally propagated individuals from 63 populations).

Host genetic information: SNPs

Taxa: 110 (families, >10% prevalence)

Transformation: Total Sum Scaling

Model: R-package Sommer was used to fit multivariate linear mixed models, using a kinship matrix based on the
SNPs. Results was considered significant if standard errors did not overlap with zero.

Results: 21/110 families (19%) were significantly heritable, with estimates ranging from 0.106-0.539 (mean: 0.241).

S4.10 Wallace et al. (2019)

Host: Cattle (rumen microbiome)
Samples: 650 and 200 (from Holstein-Friesian and Nordic-Red breed, respectively).

Host genetic information: SNPs

Taxa: 512 (OTUs, across 11 prokaryotic orders, present in > 50% of the animals within each of the seven farms
studied)

13



Transformation: Quantile normalization

Model: Genetics Complex Trait Analysis (GCTA) were used to calculate the variance in quantile normalized data
that is explained by SNPs. Farm, dietary components and first five PCs of genetic relatedness matrix were used as
covariates. Heritability confidence intervals were estimated based on software FIESTA, and p-values were corrected
with the Benjamini-Hochberg approach (FDR<0.05).

Results: For Holstein-Friesian breed, 39/512 (7.6%) was heritable (ranges: 0.2-0.6). For Nordic-Red breed, 3/512
(0.59%) was heritable. Note that as the study does not provide p-values for each of the 512 taxa, we could not
calculate the number of significant results when setting the FDR to 0.1, to make it more consistent with the other

results.

S4.11 Gomez et al. (2017)

Host: Humans (oral microbiome)

Samples: 485 (205 MZ and 280 DZ twins between 5-11 years old)
Host genetic information: T'wins

Taxa: 91 OTUs (present in at least 50% of the individuals)

Transformation: Log-transformed and scaled

Model: An ACE model was fitted using R-package mets to calculate heritabilities, controlling for sex and age.

Results: The supplementary Table S3 provides p-values for the variance explained by host genetics (A in ACE
model). We applied the Benjamini Hochberg approach to correct p-values for multiple testing (FDR < 0.1). This
results in 46% of the OTUs being significantly heritable (42/91 OTUs). Ranges: 0.13-0.65 (mean: 0.34). Note that
Gomez et al. (2017) report 12 OTUs that were highly heritable with additive genetic control explaining >40% of

the variation in abundance.

S4.12 Si et al. (2017)

Host: Humans (vaginal microbiome)
Samples: 542 (222 MZ twins, 56 DZ twins, 102 family members, 80 related females and 82 unrelated females)

Host genetic information: Twins

Taxa: 369 (OTUs and higher taxonomic levels, included when present in > 50% and 15% of the individuals,
respectively)

Transformation: Inverse normal transformation

Model: A linear regression was fitted on the inverse normally transformed abundances, correcting for age, menopause,
hormone therapy, bacterial vaginosis, HPV, BMI, waist-hip ratio, OTU counts per sample and sequence run. Se-
quantial Oligogenic Linkage Analysis Routine (SOLAR) was then used to estimate heritabilities. The study confirms
heritability estimates using OpenMx software.

Results: 85/369 of the taxa is significantly heritable (23%). We calculated this using Table Sla (Si et al., 2017),
using the provided corrected p-values (FDR < 0.1). From these taxa, the average heritability is 0.27 (ranges:
0.13-0.49).

S4.13 Org et al. (2015)

Host: Mice (gut microbiome)
Samples: 592 samples (from 113 inbred strains, 7 samples were omitted from further analysis)

Host genetic information: SNPs
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Taxa: 43 taxa (including only those present in >75% of the samples, from different taxonomic levels)
Transformation: Total Sum Scaling

Model: EMMAX software was used to estimate heritabilities, based on a mixed effects model with relative abun-
dances as response variable. SNP-data were used to determine genetic relatedness, and no other covariates were
included

Results: Combining both males and females, heritability estimates range between 0.26 and 0.77 (average=0.51)

(numbers obtained from Table S3 in Org et al. (2015)). No significance or uncertainty measures are provided.

S4.14 Deng et al. (2021)

Host: Sorghum (rhizosphere)
Samples: 600 (200 genotypes, 3 blocks)

Host genetic information: Lineage

Taxa: 1189 OTUs (representing 29 phyla; removing low abundance OTUs with <3 reads in at least 20 % of the
samples)

Transformation: Cumulative Sum Scaling

Model: Linear mixed effects model (R-package Sommer) was fitted, including random effect of replicate nested
within block. The study accounts for spatial trends in the field, by excluding this source of variance for heritability
calculations. P-values were calculated by permuation analyses, randomly shuffling OTU abundances 1000 times. In
addition, Deng et al. (2021) use SNP data to estimate heritabilities. These are lower than the calculated broad-sense
heritabilities, but p-values or standard errors are not provided, and are therefore not included in our Table 1.
Results: The p-values obtained by permutation analyses are not provided. Instead, Table S4 in Deng et al. (2021)
reports standard errors of the heritability estimates. For 443/1189 OTU’s (37%), standard errors do not overlap
with 0. From these OTUs, the average heritability is 0.22, ranging between 0.11 and 0.66.

S4.15 Lim et al. (2017)

Host: Humans (gut microbiome)
Samples: 655 (153 MZ twin pairs, 37 DZ twin pairs, and 275 parents and siblings).

Host genetic information: Twins

Taxa: 85 (excluding taxa with <0.1% of mean relative abundance)

Transformation: Inverse normal transformation

Model: Sequential Oligogenic Linkage Analysis Routines (SOLAR) was used to estimate heritabilities, with the
following covariates: age, sex and disease status (Metabolic syndrome). P-values were corrected using Benjamini-
Hochberg approach.

Results: 52/85 taxa (61%) have a non-zero heritability (g-value < 0.1) (calculated using Supplementary Table S3
in Lim et al. (2017)). Lim et al. (2017) report taxa with a corrected p-value < 0.05. For consistency with the other
studies discussed here, we use a FDR of 0.1. However, we note that when using a threshold of 0.05, we obtain 50
significant taxa, so results are very similar. From these significant taxa, heritable ranges from 0.13 to 0.46 (average:
0.24).

S4.16 Ishida et al. (2020)

Host: Humans (gut microbiome)
Samples: 1068
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Host genetic information: SNPs

Taxa: 21 genera (found in >95% of the samples)

Transformation: Box-Cox transformation

Model: Following methods as described in Davenport et al. (2015). Box-Cox transformed relative abundances
were regressed on the sex variable, and residuals were implemented in GEMMA software to calculate the ‘chip
heritability’, i.e. the variance explained by genome-wide SNPs. Significance was based on error bars not intersecting
with zero.

Results: 6/21 of the genera are significantly heritable (29%). Estimates of significant genera range between 0.33
and 0.54 (average: 0.40).

S4.17 Goodrich et al. (2014)

Host: Humans (gut microbiome)
Samples: 1081 (Total of 977 individuals from TwinUK Dataset. 171 MZ and 245 DZ twin pairs; 2 from twin pairs
with unknown zygosity; 143 samples from one twin).

Host genetic information: Twins

Taxa: 909 (768 OTUs that were present in >50% of the samples, and higher-level taxonomic groups)
Transformation: Box-Cox transformation

Model: Multiple regression on Box-Cox transformed (offset of 1) trait abundances, with the following covariates:
gender, age, number of OTU counts per sample, technician identity, sequencing run and shipment batch. Use the
residuals of this model to fit an ACE model (using software OpenMx), to decompose the total variance into the
contribution of genetic effects (A), common environment (C) and unique environment (E). P-values were obtained
by permuting MZ and DZ labels 10,000 times, and calculate heritability for each permuted dataset. Calculate
the proportion at which the permuted heritability met or exceeded the observed heritability. Correct for multiple
testing using Benjamini-Hochberg approach, using a FDR of 0.1

Results: We used Supplementary Table S2A to calculate the proportion of significant microbes. Include all rows for
TwinUK, correct p-values using Benjamini-Hochberg approach, using an FDR < 0.1. 1.1% is heritable (10/909).
Including only significantly heritable microbes, the average heritability is 0.29 (range: 0.09 - 0.39).

S4.18 Kaurilshikov et al. (2021)

Host: Humans (gut microbiome)
Samples: 1176 (169 MZ and 419 DZ twin pairs; from TwinsUK dataset)

Host genetic information: Twins

Taxa: 159 (different taxonomic levels; we note that the provided supplementary table reports estimates for 209
taxa)

Transformation: Inverse rank-sum transformation

Model: An ACE-model was fitted using the OpenMx package, refering to Goodrich et al. (2014) for more details.
We used the provided p-values to correct for multiple testing (FDR < 0.1).

Results: 11/209 (5%) of the taxa is heritable. The average non-zero heritability is 0.31 (ranges: 0.27-0.40).

S4.19 Bergamaschi et al. (2020)

Host: Pigs (gut microbiome)
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Samples: 1205, 1295 and 1283 (28 families, animals were sampled during three different time points; 1039 animals
were sampled at all three time points).

Host genetic information: Pedigree

Taxa: 1678 OTUs

Transformation: Total sum scaling

Model: OTU counts (transformation not mentioned, assuming relative abundances are used, i.e. total sum scaling)
were used in a sire model. Sex, sire, dam and contemporary group were included as fixed effects; sire and pen
were included as random effects. Heritability calculated as: (4Vsire)/(Vsire + Vpen + VE). Significance level is not
provided; we assume that heritabilies are considered significant when standard errors do not overlap with 0.
Results: Heritability varied over the 3 time points, increasing over lifespan. Out of the 1678 OTUs, 170, 261, 366
were heritable (10%, 16% and 22%), for the three time points, respectively. Ranges are: 0.025-0.14, 0.029-0.29, and
0.025-0.545, with averages 0.056, 0.078 and 0.099, for the three time points, respectively.

S4.20 Walters et al. (2018)

Host: Maize (rhizosphere)

Samples: 4866 and 45 for a field study in 2010 and 2015, respectively (2010: 27 parental genotypes, 2015: 5 parental
genotypes).

Host genetic information: Lineage

Taxa: 792 and 2557 OTUs (2010 and 2015 field study, respectively. Present in >80% of the samples)

Transformation: Log-transformation on relative abundances

Model: Mixed effects models (using lme4) were fitted on the log-transformed relative abundances. Sampling depth
was included as fixed effect, and week, location and inbred line were included as random effects. Broad-sense
heritability was calculated as the proportion of variance explained by inbred line. To obtain p-values, a permutation
analysis (permuting abundances across all samples, 5000 times) was performed. Heritabilities were considered
significant if p<0.001.

Results: For the 2010 field study: 143/792=18% OTUs are significantly heritable (with p<0.001). Estimates of
significant taxa range between 0.15-0.23, with an average of 0.17 (calculated using Dataset S4 in Walters et al.
(2018)). For the 2015 field study: 5/2557 (0.2%) of the OTUs are heritable (p < 0.001), with estimates ranging
between 0.41 and 0.53 (mean: 0.45) (calculated using Dataset S4). Note that only 200 the OTUs with highest
heritability are provided in Dataset S4, so we could not correct p-values using Benjamini Hochberg approach, and

assess the significance using the same approach as done in other studies.

S4.21 Goodrich et al. (2016)

Host: Humans (gut microbiome)

Samples: 3261 samples (2731 different individuals including 489 DZ twin pairs and 637 MZ twin pairs. 530
individuals with at least two samples).

Host genetic information: Twins

Taxa: 945 taxa (from which 782 OTUs; include taxa that are present in >50% of the samples)

Transformation: Box-Cox transformation

Model: Use Box-Cox transformed (offset of 1) relative abundances in multiple regression, with the following covari-
ates: number of 16s rRNA sequences per sample, age, gender, shipment date, collection method, and technician
identity. Residuals were used in ACE model, implemented in OpenMx software. Significance of host genetics was

determined by comparing with CE model (without host genetics), based on a likelihood ratio test. For samples
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from the same individual, only first measurement was included. Use Benjamini-Hochberg approach to correct for
multiple testing.

Results: We used the adjusted p-values provided in Table S1.52 to calculate the proportion of heritable taxa. 52
taxa have a corrected p-value < 0.1, which is 5.5% of all tested taxa (52/945). Heritability estimates (including
significant taxa) range between 0.1-0.42, with an average of 0.3. Note: in the original paper, Goodrich et al. (2016)

focus more on effect sizes, discussing heritability estimates > 0.2.

S4.22 Gacesa et al. (2020)

Host: Humans (gut microbiome)
Samples: 4745 (in 2756 parent-child pairs, 530 sibling pairs and 815 pairs with second degree or more distant
relationship)

Host genetic information: Pedigree

Taxa: 242 (different taxonomic levels, including taxa present in at least 5% of the samples and with a mean relative
abundance > 0.01%)

Transformation: Centered log-ratio transformation

Model: Broad-sense heritability is estimated, adjusting for age, sex, BMI, read depth and stool frequency. P-values
were corrected using Benjamini-Hochberg approach, and considered significant when FDR < 0.1.

Results: 31 of the 241 taxa are significantly heritable (12.9%). From these taxa, heritability estimates range between
0.15 and 0.30 (average=0.20).

S4.23 Grieneisen et al. (2021)

Host: Baboons (gut microbiome)
Samples: 16,234 (longitudinal data for 14 years on total of 585 baboons; each individual on average 28 samples).

Host genetic information: Pedigree

Taxa: 283 (139 ASVs and 144 higher-level taxonomic groups found in >50% of the samples, including only the
relative abundances as phenotypic traits (single-taxon phenotypes). The study includes a total of 1034 phenotypes,
additionally including seven community phenotypes and 744 absence/presence phenotypes found in 10-90% of the
samples).

Transformation: Total Sum Scaling (Centered Log-Ratio transformation and Phylogenetic Balances transformation
are also performed, but not included here. We note that results were very similar.)

Model: Fit animal model using the R-package ASReml. Random effects of individual, maternal identity, DNA
extraction plate, and additive genetics effect. Fixed effects of diet (13 principal components), age, date, month,
rainfall, hydrological year, social group membership, group size, post-PCR, DNA concentration and read count.
Calculate heritability after correcting for fixed effects. Significance assessed by comparing to model without host
genetic effects, based on a log-likelihood ratio test. Correct for multiple testing using Benjamini-Hochberg approach,
using a FDR of 0.1.

Results: 93% of the single-taxon phenotypes (273/283) is heritable. Using a FDR of 0.01 (instead of 0.1) gives
similar results. Average significant heritability is 0.068, ranging between 0.008 and 0.21.
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S5 Data transformations

Using relative microbial abundances (where the sum in each sample is set to 1) can result in an overestimation of
the proportion of heritable microbes (Fig. 2 in the main text and Fig. S1). Instead of using relative abundances,
one could also normalize data based on a chosen normalization factor. In addition, expressing abundances as log
ratios compared to a reference, transforms data to real space, making it suitable for regression analyses. Below we
apply an Additive Log-Ratio (ALR) transformation to explore its consequences, making use of simulated datasets.
Here, the abundance of each taxon i (z;) is divided by the abundance of a reference taxon, followed by taking the
logarithm: ALR(z;) = log(z;/2rer) (Greenacre et al., 2021).

When there truly is a reference taxon that has a constant abundance across samples (hence, Vp..s = 0), applying
an ALR transformation can succesfully resolve the issue of high false discovery rates (Fig. S2), resuting in accurate
estimates of the overall proportion of heritable microbes. When the set reference varies slightly in abundance across
hosts (10% of the variance compared to the other taxa), it is still possible to control for high false discovery rates.
However, this comes at the cost of some statistical power at lower sample sizes resulting in an underestimation of
the proportion of heritable microbes. This decrease in statistical power becomes more pronounced when the chosen
reference taxon has the same variance in abundance as the other taxa (and is thus not a true reference taxon,
although not under host genetic control).

Choosing a reference taxon that, in reality, is heritable itself, is more problematic. Dividing each microbial
abundance by a taxon’s abundance that varies across host genotypes, creates a spurious genotypic signal in each
taxon. Indeed, except when sample sizes are very low (and thus low statistical power), this leads to the wrong
conclusion that all microbes are heritable, even if the reference taxon varies only slightly in abundance across hosts.

This illustrates the importance of choosing appropriate normalization factors. When there truly is a reference
taxon, one could succesfully resolve the problem of high false discovery rates. On the other hand, if the chosen
reference taxon is under some host genetic control itself (h? > 0), the problem could become even worse.

Other transformations divide each taxon count by some other factor, e.g. by the geometric mean abundance
within each sample (Centered Log-Ratio transformation), implicitely assuming that the geometric mean abundance
is constant across samples. It is beyond the scope of our paper to test all transformations and statistical methods,
but there is a large body of literature on this in the context of differential abundance analyses (Hawinkel et al.,
2019; Lin and Peddada, 2020). While some methods may be more suitable than others, as the appropriate reference
values will depend on the biology, there unlikely is a one-size-fits-all recommended transformation. Moreover, as has
been shown with many of these methods, it remains challenging to control for high false discovery rates (Hawinkel
et al., 2019; Lin and Peddada, 2020).
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Figure S2: Estimated proportion of heritable microbes (y-axes) as a function of sample size (x-axes) when the true
proportion of heritable microbes is set at 0.5 (green lines). Left: no transformation is applied and analyses are thus
performed on the simulated relative abundances. Right: results when applying an ALR transformation, expressing
abundances as log ratios compared to a chosen reference taxon. Here we vary properties of the reference taxon (i.e.
its relative variance across hosts [rows], and its heritability [columns]). Note that only a taxon with a variance of
0, truly is a reference taxon, i.e. that is stable across hosts. We simulated communities consisting of 100 microbes,
each with an average absolute abundance of 1, following the procedure described in Section S2.1. Dots show median

values of 100 simulations.
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