
Quantifying compositional variability in microbial communities with1

FAVA2

Maike L. Morrison∗†, Katherine S. Xue∗, Noah A. Rosenberg∗3

July 3, 20244

Abstract5

Microbial communities vary across space, time, and individual hosts, presenting new chal-6

lenges for the development of statistics measuring the variability of community composition.7

To understand differences across microbiome samples from different host individuals, sampling8

times, spatial locations, or experimental replicates, we present FAVA, a new normalized measure9

for characterizing compositional variability across multiple microbiome samples. FAVA quanti-10

fies variability across many samples of taxonomic or functional relative abundances in a single11

index ranging between 0 and 1, equaling 0 when all samples are identical and equaling 1 when12

each sample is entirely comprised of a single taxon. Its definition relies on the population-genetic13

statistic FST , with samples playing the role of “populations” and taxa playing the role of “al-14

leles.” Its convenient mathematical properties allow users to compare disparate data sets. For15

example, FAVA values are commensurable across different numbers of taxonomic categories and16

different numbers of samples considered. We introduce extensions that incorporate phylogenetic17

similarity among taxa and spatial or temporal distances between samples. We illustrate how18

FAVA can be used to describe across-individual taxonomic variability in ruminant microbiomes19

at different regions along the gastrointestinal tract. In a second example, a longitudinal analysis20

of gut microbiomes of healthy human adults taking an antibiotic, we use FAVA to quantify the21

increase in temporal variability of microbiomes following the antibiotic course and to measure22

the duration of the antibiotic’s influence on microbial variability. We have implemented this tool23

in an R package, FAVA, which can fit easily into existing pipelines for the analysis of microbial24

relative abundances.25

Significance statement26

Studies of microbial community composition across time, space, or biological replicates often27

rely on summary statistics that analyze just one or two samples at a time. Although these28

statistics effectively summarize the diversity of one sample or the compositional dissimilarity29

between two samples, they are ill-suited for measuring variability across many samples at once.30

Measuring compositional variability among many samples is key to understanding the temporal31

stability of a community across multiple time points, or the heterogeneity of microbiome compo-32

sition across multiple experimental replicates or host individuals. Our proposed measure, FAVA,33

meets the need for a statistic summarizing compositional variability across many microbiome34

samples all at once.35
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Quantifying compositional variability with FAVA

Introduction38

Understanding the compositional variability of microbial communities across space, time, or host39

individuals is important for characterizing these communities and their relationships with biological40

variables of interest (Turnbaugh et al., 2007; Dethlefsen and Relman, 2011; Faith et al.,41

2013; David et al., 2014; Flores et al., 2014; Coyte et al., 2015; Oh et al., 2016; Thompson42

et al., 2017; Goldford et al., 2018; Ji et al., 2019; Fassarella et al., 2021; Estrela et al.,43

2022; Upadhyay et al., 2023). For example, studies of microbiome composition have found that44

microbiome compositions are often more variable across dysbiotic individuals than across healthy45

individuals (Zaneveld et al., 2017), the microbial communities of infants tend to be more variable46

across individuals than those of adults (Kurokawa et al., 2007), and gut and tongue microbiomes47

that are more diverse may be less temporally variable (Flores et al., 2014). Despite its biological48

importance, however, compositional variability is difficult to directly quantify with existing methods.49

We define “compositional variability” as variability across two or more compositional vectors—50

lists of proportions that sum to 1 (Figure 1A). Compositional variability is minimized when the51

compositional vectors have identical compositions; it is maximized when each vector contains a single52

category at 100% frequency (Figure 1B and C). We focus on vectors that represent the composition53

of microbiome samples. These vectors’ entries represent relative abundances of taxonomic categories54

such as OTUs, species, or even functional categories such as gene classifications, inferred from 16S55

or metagenomic sequencing data (Lozupone et al., 2012; Louca et al., 2017; Shalon et al., 2023).56

Each vector can represent the composition of a microbiome sample from a distinct timepoint, spatial57

location, host individual, or replicate. Compositional variability can therefore represent temporal58

stability, spatial heterogeneity, inter-host diversity, or repeatability (Faith et al., 2013; Bashan59

et al., 2016; Goldford et al., 2018; Mehta et al., 2018; Seekatz et al., 2019; Sheth et al., 2019;60

Roodgar et al., 2021; Estrela et al., 2022; Guthrie et al., 2022; Shalon et al., 2023)61

Traditionally, microbiome studies have used statistics such as the Shannon and Gini-Simpson62

indices (Patil and Taillie, 1982), the Jensen-Shannon divergence (Lin, 1991), and the Bray-Curtis63

dissimilarity (Bray and Curtis, 1957). Single-sample diversity statistics such as the Shannon64

and Gini-Simpson indices quantify the variability of microbiome samples considered individually,65

answering questions such as “Which of these microbiomes is the most diverse?” Pairwise statistics,66

such as the Jensen-Shannon divergence, Jaccard index, and Bray-Curtis dissimilarity compare the67

compositions of two samples, answering questions such as “How does the composition of a perturbed68

microbial community compare to a pre-perturbation reference sample?” Although these tools are69

valuable when variability is of interest in one sample or between two samples, they are less well70

suited to scenarios in which three or more samples are of interest, as they only consider one or two71

samples at once.72

Studies that seek to quantify variability across many samples are often limited to computing73

summary measures of each sample, such as diversity indices (Flores et al., 2014; Shalon et al.,74

2023), principal component coefficients (Zaneveld et al., 2017; Olm et al., 2022), or the abun-75

dances of individual taxa (Ji et al., 2019; Kang et al., 2022), and computing the variability across76

samples of these summary statistics. However, this approach measures the variability of a summary77

statistic, not the variability of the microbiome composition itself. Because it is possible for very78

different compositions to produce similar values of a summary statistic, such indirect variability79

measures potentially obscure large differences among samples. Existing methods are therefore in-80

sufficient to, for example, determine if a microbiome is more temporally variable after than before81

a perturbation, or to identify which of many anatomical regions has the most across-individual mi-82
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crobiome variability. These questions require statistics of compositional variability that are suited83

to arbitrary numbers of samples.84

Consider for illustration the study of Flores et al. (Flores et al., 2014), which aimed to compare85

regions of the body in terms of their temporal variability in microbiome composition. For 85 adults,86

they profiled the microbiomes of four body habitats weekly for three months. They measured87

temporal variability by computing diversity statistics such as the Shannon index for each temporal88

sample, then computing the coefficient of variation of the Shannon index over time for each of the 8589

individuals and four body regions. This approach quantifies the variability of the Shannon diversity,90

not the variability of the microbiome composition itself. Because microbiomes with either no species91

or many species in common could have identical Shannon indices, this method could assign time92

series with dramatically different compositional change the same coefficient of variation, obscuring93

meaningful differences.94

In this paper, we present FAVA, a statistical measure that quantifies variability of microbiome95

composition across many microbiome samples. In a single number, FAVA measures variability of96

microbial composition across arbitrarily many microbiome samples, providing a summary of large97

data sets. The measure allows for the optional inclusion of similarities among taxonomic categories98

(e.g., phylogenetic similarity) as well as for optional non-uniform weighting of samples (e.g., to99

account for uneven sampling time intervals). FAVA, which stands for an FST-based Assessment of100

Variability across vectors of relative Abundances, is based on the population-genetic statistic FST ,101

which is traditionally used to quantify variability across vectors of allele frequencies for multiple102

populations. FAVA takes values between 0 and 1, equaling 0 when all sampled microbiome compo-103

sitions are identical, and equaling 1 when each sample contains only a single taxon and at least two104

distinct taxa are present across samples (Figure 1B and C). Because FAVA is a normalized statistic,105

it can be used to compare variability among sets of samples with very different numbers of taxa or106

datasets with very different numbers of samples.107

We demonstrate FAVA with two datasets, one containing spatial samples along the gastrointesti-108

nal tract of seven species of ruminants, and the other describing time series of microbiome samples109

from 22 human individuals who experienced an antibiotic perturbation. In the ruminant dataset,110

we identify substantially higher inter-individual variability in the stomach and small intestine than111

in the large intestine, supporting the view that substantial microbiome variability is obscured when112

gastrointestinal communities are sampled through fecal samples alone (Shalon et al., 2023). In113

the human dataset, we show that temporal variability in microbiome composition is significantly114

elevated following an antibiotic perturbation, and that just half of subjects return to low levels of115

temporal variability in the 30 days following completion of the antibiotic.116

Results117

Definition of FAVA118

The composition of a microbial community is most commonly described in terms of relative abun-119

dances of OTUs, species, bacterial families, or other units, including functional units such as gene120

categories. Matrices of such abundances are central to software widely used for the analysis of121

microbiome data, such as Phyloseq (McMurdie and Holmes, 2013) and QIIME2 (Bolyen et al.,122

2019). In an “OTU table,” denoted Q, each row represents a microbial community sample, each123

column represents a distinct taxon, and the entry qi,k represents the relative abundance of taxon k124

in sample i (Figure 1A). The samples in an OTU table represent samples of microbial communities125
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Quantifying compositional variability with FAVA

Figure 1: FAVA quantifies compositional variability across many abundance vectors in a
single number. (A) FAVA is computed among the rows of a matrix, with rows representing microbiome
samples, columns corresponding to microbial taxa such as OTUs or families, and entries representing
relative abundances. FAVA quantifies variability across many rows in a single number, distinguishing it
from other methods, which analyze just one or two rows at a time. (B) Given the number of samples (I)
and number of taxa (K), variability is minimized if the rows are identical, corresponding to the case where
each sample is the same as every other sample. Variability is maximized if each sample contains just one
taxon, as long as there are at least two different taxa present across all samples. When plotted as a relative
abundance plot (e.g., panel C), each row of these matrices is visualized as a vertical bar. The matrix pivots
90 degrees when visualized. (C) For each matrix, variability across samples increases as the samples
become less similar (from left to right). From left to right, the values of FAVA for the matrices are 0, 0.006,
0.452, and 1.

that could vary in their sampling location, sampling time, and subject or replicate. Throughout126

this paper, we use “sample i” to refer to the ith row of the OTU table.127

FAVA quantifies variability across the rows of an OTU table (Figure 1A). If the rows represent128

samples from different time points for one subject, FAVA is a measure of the temporal stability129

of the community. If the rows represent different sampling locations, FAVA quantifies the spatial130

heterogeneity of the community. FAVA can be independently computed on disjoint subsets of the131

rows of an OTU table. For example, to measure the temporal variability in microbiome composition132

for each of many subjects, the entire matrix would contain many subjects and time points, and133

matrix subsets containing just one subject and many time points could be separately analyzed. The134

measure ranges between 0 (no variability) and 1 (maximum variability), and can thus be used to135

compare the variabilities of multiple sets of samples (Figure 1B and C).136

FAVA is based on the population-genetic statistic FST , which is traditionally used to measure137

the variability of allele frequencies across populations but can also be applied to other types of138

compositional data (Jost et al., 2010; Morrison et al., 2022, 2023). We apply FAVA to microbiome139

data by analyzing microbial taxon abundances in place of allele frequencies, and microbiome samples140

in place of populations.141

4

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 5, 2024. ; https://doi.org/10.1101/2024.07.03.601929doi: bioRxiv preprint 

https://doi.org/10.1101/2024.07.03.601929
http://creativecommons.org/licenses/by-nc-nd/4.0/


Quantifying compositional variability with FAVA

FST is defined in terms of the population-genetic statistic heterozygosity, mathematically equiv-
alent to the Gini-Simpson diversity in ecology. For a sample i with k = 1, 2, . . . ,K taxa with
abundances qi,k, the Gini-Simpson diversity of the sample is the probability that two random draws
from the sample do not belong to the same taxon (Patil and Taillie, 1982):

∆(qi,1, qi,2, . . . , qi,K) = 1−
K∑
k=1

q2i,k. (1)

∆(qi,1, qi,2, . . . , qi,K) = 0 if and only if some taxon has abundance 1 and all others have abundance142

0 (i.e., qi,k′ = 1 for some k′, and qi,k = 0 for all k ̸= k′). ∆(qi,1, qi,2, . . . , qi,K) = 1− 1
K , its maximum143

given K, if and only if all taxa are equally abundant (i.e., qi,k = 1
K for all k = 1, 2, . . . ,K).144

FST proceeds by computing this diversity index on the set of all i = 1, 2, . . . , I microbiome
samples (i.e., rows of the OTU table, Q) in two ways. The mean sample Gini-Simpson diversity,
∆S , is computed by averaging the Gini-Simpson diversities of the samples:

∆S(Q) =
1

I

I∑
i=1

∆(qi,1, qi,2, . . . , qi,K) = 1− 1

I

I∑
i=1

K∑
k=1

qi,k
2. (2)

The total Gini-Simpson diversity, ∆T , is the Gini-Simpson index if the samples were pooled. It is
computed by first calculating the centroid of the samples (the vector of mean taxon abundances
over all I samples) and then computing the Gini-Simpson diversity of the centroid:

∆T (Q) = ∆(q1, q2, . . . , qK) = 1−
K∑
k=1

(
1

I

I∑
i=1

qi,k

)2

, (3)

where qk = 1
I

∑I
i=1 qi,k. In short, we compute ∆S by first computing the Gini-Simpson index for all145

samples and then averaging, and we compute ∆T by first averaging all samples and then computing146

the Gini-Simpson index.147

The population-genetic statistic FST is the normalized difference between these two quantities:

FST (Q) =
∆T (Q)−∆S(Q)

∆T (Q)
. (4)

Assuming ∆T (Q) > 0, FST equals 0 if and only if ∆T (Q) = ∆S(Q), which occurs if and only if148

all I samples are identical (Figure 1B, left-hand side). FST equals 1 if and only if ∆S(Q) = 0 and149

∆T (Q) > 0, which occurs if and only if each sample has only a single taxon, and there are at least150

two distinct taxa present across all samples (Figure 1B, right-hand side). In the language of OTU151

tables, FST equals 0 if and only if all rows of the OTU table are identical, and it equals 1 if and152

only if each row contains a single one and K − 1 zeroes. FST can be viewed as a measure of how153

well-mixed the samples are across a dimension of interest: if all samples are perfectly well-mixed,154

then their compositions will be identical and FST will equal 0.155

Possible values of FAVA range between 0 and 1 for any sample size. However, when the number of156

samples is small, FST can be constrained by the mean frequency of the dominant taxon, especially157

if this frequency is close to 0 or 1 (Alcala and Rosenberg, 2022). Normalizing FST by its158

theoretical upper bound conditional on the number of samples and the mean frequency of the159

most abundant taxon (Fmax
ST ) can account for this property, allowing for differences in variability160
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to be distinguished from differences in the abundance of the dominant taxon. However, because161

the normalized statistic is divided by a theoretical upper bound possibly less than 1, FST /F
max
ST162

can equal one without satisfying the conditions described in Figure 1C. The normalized statistic163

FST /F
max
ST (Morrison et al., 2022) is included as an option in the FAVA R package. Further164

discussion of when to consider normalizing FST by this upper bound is included in the FAVA R165

package’s vignette on microbiome data analysis.166

Having introduced FAVA and established its mathematical properties, we now apply the method167

to data. Here, we focus on two example applications: using FAVA to quantify variability across168

individuals in the ruminant gastrointestinal tract, and using FAVA to quantify temporal variability169

in the human gut in response to antibiotic perturbation.170

Gastrointestinal microbiome variability across ruminant species171

Along the vertebrate gastrointestinal tract, factors such as nutrient availability, pH, and oxygen level172

vary substantially, shaping the types, abundances, and functions of resident microbes (Tropini173

et al., 2017; Folz et al., 2023; Shalon et al., 2023). Quantifying the across-host variability of174

microbiomes along the gastrointestinal tract can elucidate spatially-structured, in vivo community175

assembly.176

We here use FAVA to quantify the variability of ruminant gastrointestinal microbiomes across177

individuals from seven host species. We analyze data from Xie et al. (Xie et al., 2021), who used178

shotgun metagenomics to profile samples collected along the gastrointestinal tracts of 37 individuals179

across seven species of ruminants (Figure 2). For each individual, Xie et al. (Xie et al., 2021)180

collected samples from ten gastrointestinal regions: the rumen, reticulum, omasum, and abomasum181

of the stomach (Figure 2, blue x-axis labels); the duodenum, jejunum, and ileum of the small182

intestine (Figure 2, yellow x-axis labels); and the cecum, colon, and rectum of the large intestine183

(Figure 2, red x-axis labels). Xie et al. (Xie et al., 2021) used their metagenomic sequences to infer184

abundances of both taxonomic categories, such as microbial genera (Figure 2A), and functional185

categories, such as carbohydrate-active enzymes (Figure 2C). We computed FAVA on these data186

in order to understand which gastrointestinal regions are the most and least variable across host187

individuals (Figure 2C), and to compare the across-host variability of microbial genera to the across-188

host-species variability of functional gene categories throughout the gastrointestinal tract (Figure189

2D).190

Variability in genus abundances191

The genus-level compositions of the microbiome samples are shown in Figure 2A. Across host192

species, all regions of the stomach (2A, blue x-axis labels) are dominated by bacteria in the genus193

Prevotella. The samples from the small intestine (2A, yellow x-axis labels), on the other hand, are194

much less homogeneous, with dramatic inconsistency across individuals even within a single region195

and host species. Samples from the large intestine (2A, red x-axis labels) possess a few genera, such196

as Bacteroides (olive), Clostridium (navy), and Ruminococcus (peach), at similar frequencies across197

host species and regions of the large intestine.198

We first used FAVA to quantify for each region the variability of microbial genus abundances199

across samples from the same host species (Figure 2B). In order to do this calculation, we first200

partitioned the 370 samples of microbial genus abundances (37 individuals × 10 regions) into 70201

matrices, each corresponding to one of the seven host species and one of the ten gastrointestinal202
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Figure 2: FAVA quantifies taxonomic and functional variability across host individuals and
species along the ruminant gastrointestinal tract. (A) Relative abundances of genera across
gastrointestinal regions for seven host species: dairy cattle (n = 6), yak (n = 5), water buffalo
(n = 5), goat (n = 6), sheep (n = 5), roe deer (n = 5), and water deer (n = 5). Vertical black lines delimit
the 10 gastrointestinal regions: rumen, reticulum, omasum, and abomasum for the stomach (blue);
duodenum, jejunum, and ileum for the small intestine (yellow); and cecum, colon, and rectum for the large
intestine (red). The ordering of these regions matches the ordering of the regions along the digestive tract.
Each colored vertical bar represents the genus-level composition of a microbiome sample from one
gastrointestinal region within one host individual. The horizontal ordering of individuals is consistent
across regions. Of the 4,134 genera across all samples, the 15 with mean across-sample abundance greater
than 1% are colored; all other genera are dark gray. Light gray horizontal lines delineate breaks between
different genera. Genera are plotted in order of decreasing genus abundance across all samples and host
species, from bottom (most abundant) to top (least abundant). (B) Across-individual variability of
genus abundances within each gastrointestinal region for each host species. Each dot
corresponds to the value of FAVA computed across all samples within a gastrointestinal region for one
species. Species are grouped into panels by subfamily. (C) Carbohydrate-active enzyme (CAZyme)
relative abundances across gastrointestinal regions for each host species. We color the 23 of 350
CAZymes that are present at more than 1% abundance across all samples. (D) Taxonomic (genus)
versus functional (CAZyme) variability across the 37 individuals from 7 host species for each
gastrointestinal region. For each gastrointestinal region, we compute FAVA using relative abundances of
either genera (navy, panel A) or CAZYme categories (green, panel C). We compute variability across
samples from the 37 host individuals, regardless of host species. Each dot corresponds to the value of FAVA
for a gastrointestinal region across the 37 host individuals. The inset panel magnifies the plot for CAZymes.
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regions. In each matrix, rows represent microbiome samples (vertical bars in Figure 2A) and columns203

represent microbial genera. We then computed FAVA across the rows of each matrix, quantifying in204

a single number the variability across all 5 or 6 samples in the same host species and gastrointestinal205

region.206

We find that FAVA is significantly higher in regions of the small intestine than in regions of207

the other two organs: Wilcoxon rank-sum tests comparing the 21 small-intestine FAVA values (3208

small-intestine regions × 7 host species) to the 28 stomach FAVA values (4 stomach regions × 7209

host species) or to the 21 large-intestine FAVA values (3 large-intestine regions× 7 host species)210

have one-sided P = 0.002 and P < 10−5, respectively. FAVA is also lower in large-intestine regions211

than in stomach regions (Wilcoxon rank-sum test, one-sided P = 0.001). These results accord with212

a view that monitoring microbiome composition via stool sampling alone may obscure substantial213

among-individual variability present upstream in the digestive tract (Shalon et al., 2023; Tropini214

et al., 2017).215

Next, we measured the compositional variability of genus abundances for each gastrointestinal216

region across all host species (Figure 2A, vertical slices delimited by black lines). We partitioned the217

same 370 samples of microbial genus abundances into 10 matrices, one per gastrointestinal region.218

Again, matrix rows represent microbiome samples and columns represent microbial genera. We then219

used FAVA to quantify, for each region, the variability of genus abundances across the 37 individuals220

from the seven host species (Figure 2D, navy). We observe that compositional variability across the221

37 individuals from the 7 host species is highest at the beginning of the small intestine, and lowest in222

the large intestine, with the stomach possessing an intermediate amount of variability. Variability223

changes continuously along the gastrointestinal tract: except for a low point at the reticulum, a224

peak at the duodenum, and a slight dip at the cecum, the FAVA value for each region is between225

that of its preceding and subsequent regions.226

Variability in microbiome function227

The functional profile of a microbial community, measured in terms of the types of genes present,228

provides information not captured by the community’s taxonomic composition (Louca et al., 2018).229

Abundances of gene functional categories are generated by mapping shotgun metagenomic reads230

to a database of gene sequences grouped by function. We focus here on 350 carbohydrate-active231

enzymes (CAZymes), which determine the ability of a microbial community to break down complex232

carbohydrates (Drula et al., 2022) (Figure 2C). In general, we expect to see lower variability in233

functional categories such as CAZymes than in taxonomic categories such as genera because of234

the phenomenon of functional redundancy: multiple microbial taxa carry out similar metabolic235

processes, allowing the taxonomic composition of a community to vary without influencing its236

function (Turnbaugh et al., 2007; Burke et al., 2011; Lozupone et al., 2012; Oakley et al.,237

2014; Louca et al., 2018; Estrela et al., 2022). Because FAVA can be computed irrespective of238

the number of categories, we can use it to compare the variabilities of very different types of data,239

such as taxonomic and functional abundances.240

To quantify functional redundancy in each region of the gastrointestinal tract, we compared the241

variability of genus abundances across the 37 host individuals to the variability of CAZyme abun-242

dances across the same 37 host individuals. We expect functional redundancy to keep CAZyme243

variability lower than genus variability, with a larger difference between the taxonomic and func-244

tional variability indicating stronger functional redundancy. We quantified genus-level taxonomic245

variability in each of 10 gastrointestinal regions by computing FAVA across vectors of genus abun-246
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dances sampled from the 37 host individuals, irrespective of host species. This computation resulted247

in 10 values of FAVA, one per gastrointestinal region (Figure 2D, navy). We repeated this com-248

putation with CAZyme abundances in place of genus abundances in order to quantify CAZyme249

variability across host species in each gastrointestinal region (Figure 2D, green). We used boot-250

strapping across abundance vectors to compare variability values between pairs of regions, since251

had only one FAVA value per data type and gastrointestinal region. See the Materials and Methods252

for details on the bootstrapping procedure.253

We see in Figure 2D that values of FAVA for functional data (CAZyme, green) are about one-254

tenth those of taxonomic data (genus, navy), confirming that functional redundancy in the ruminant255

microbiome leads to much lower functional than taxonomic variability across host species. We also256

see in Figure 2D (inset) that, although genus-level variability is much higher in the stomach than the257

large intestine (pairwise bootstrap comparisons between small-intestine regions and other regions,258

one-sided P < 0.05 for each of 21 pairs), compositional variability in CAZyme abundances is as low259

in the stomach (blue labels) as in the large intestine (red labels) (pairwise bootstrap comparisons260

between regions in the stomach and regions in the large intestine, one-sided P > 0.1 for each of261

12 pairs). This disparity in variability of taxonomic versus functional categories in the stomach262

could suggest that there is more functional redundancy in the stomach than in the large intestine,263

in the sense that similar levels of CAZyme variability are obtained from a much greater taxonomic264

variability in the stomach.265

In summary, through our analyses of ruminant microbiomes, FAVA allows us to capture the266

variability of high-dimensional data in a single number that can be easily compared across regions,267

species, or data types. The analysis finds that within each host species, both taxonomic and268

CAZyme community composition are most variable across host individuals in the small intestine.269

Defining weighted FAVA270

Our initial definition of FAVA (equation 4) does not account for (1) differential weighting of rows271

(e.g., weighting based on time or distance between samples) or (2) similarities between columns272

(e.g., phylogenetic similarity between taxa). We now introduce a weighted version that allows for273

both uneven weighting of samples and for incorporation of information about the relatedness of274

taxonomic categories (Figure 3).275

First, incorporating sample weights is desirable when there is an uneven spatial or temporal276

distribution of samples, for example if the experimental design includes some weekly samples and277

some daily samples. In this case, incorporating sample weights allows for greater emphasis on278

weekly samples, which inform the composition during a seven-day window, than on daily samples279

(e.g., Figure 3C). Second, incorporating similarity among columns is valuable when the data include280

some taxa that are closely related and others that are more distant. This weighting helps to make281

the measure more biologically informed, leading to higher values of FAVA when the taxa that vary282

in abundance between samples are more distantly related.283

We address row weights by incorporating into FAVA a weighting vector w = (w1, w2, . . . , wI)284

that allows for varying emphasis of different samples (Figure 3A-C). Each entry wi determines the285

weight placed on sample i in the computation of FAVA, and all wi sum to 1. The default weighting286

vector assigns identical weight to each sample (Figure 3B, top example). Uneven weights change the287

emphasis on the different rows; those with larger values contribute more to the diversity calculation288

(Figure 3B, middle and bottom example). When analyzing time series data, with each sample i289

corresponding to a time ti between the start, t1, and the end, tI , a natural choice is to weight290
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Quantifying compositional variability with FAVA

Figure 3: FAVA can incorporate both uneven sample weights and information about the
relatedness of taxa. (A) FAVA can be weighted by incorporating a normalized weighting vector (w).
(B) Changing the weighting vector, w, changes the emphasis placed on each sample by FAVA. The bar
plots on the right-hand side represent how FAVA sees the original data under each weighting vector. (C)
An OTU table with a column representing the collection time of each sample (top) can be visualized as a
stacked bar plot, with each bar corresponding to one sample (middle). We can account for uneven sampling
times by incorporating a weight vector w (bottom) computed using equations 6 and 5. The bottom bar
plot represents how FAVA sees these data when this weight vector is used. (D) FAVA can also incorporate
a similarity matrix (S) that represents the relatedness of each pair of taxa. Values can range between 0 and
1, equaling 0 if two taxa are unrelated and 1 if they are identical. (E) The coloring of the bar plots on the
right-hand side represents how FAVA sees the samples when they are weighted by each similarity matrix.
Taxa 2 and 3 are treated as identical in the middle example. In the bottom example, taxa 1 and 2, and
taxa 3 and 4 are considered identical. Although we use only zeroes and ones in this schematic, fractional
values can be used to represent intermediate levels of similarity.

each sample i by half the distance between the previous sampling time (ti−1) and the subsequent291

sampling time (ti+1) (equation 5), normalized by the study duration (T = tI − t1) so that the292

weights sum to 1 (equation 6). We provide an example of such weights derived from time series293

data in Figure 3C.294

We address similarities among columns by incorporating a similarity matrix, S (Figure 3D). For295

each pair of taxa, this matrix contains a similarity scaled from 0 to 1. Entry sk,ℓ of the similarity296

matrix S represents the similarity of taxa k and ℓ: sk,ℓ = 0 if taxa k and ℓ are totally dissimilar,297

sk,ℓ = 1 if taxa k and ℓ are identical, and intermediate values represent partial similarity. The298

diagonal elements of S all equal 1, because each taxon is identical to itself. The default similarity299

matrix is the identity matrix, which has zeroes for all off-diagonal elements (Figure 3E, top example).300

When ones are placed in off-diagonal elements of the matrix, the corresponding pair of taxa are301

treated as identical. For example, in the middle example of Figure 3E, taxa 2 and 3 are considered302

identical, as reflected in the coloring of taxa in the vertical bars to the right. The similarity can303

be chosen to represent any relevant similarity concept, such as phylogenetic, genetic, or functional304

similarity.305

We explain in the Materials and Methods section how we incorporate both wi and S into equa-306

tions for ∆S and ∆T (equations 9 and 10), resulting in an expression for FAVA that considers both307

uneven row weights and non-trivial column similarities (equation 11). Weighted FAVA (equation308

11) reduces to unweighted FAVA (equation 4) when wi = 1
I and S = IK , a matrix with all K309
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Quantifying compositional variability with FAVA

Figure 4: FAVA quantifies changes in the temporal variability of human gut microbiomes
following an antibiotic perturbation. (A) Sampling timeline. Points correspond to sampling days.
Samples are collected weekly for 9 weeks, with daily sampling for three weeks beginning one week before
antibiotics. Gold points denote days 0-4, during which the subjects took the antibiotic ciprofloxacin. (B)
Selected relative abundance plots. Each three-letter code refers to one of 22 subjects. Abundances
between sampling times are interpolated by drawing straight lines between abundances for adjacent time
points. Colors denote bacterial families and black lines delineate bacterial species. All 22 subjects and the
color legend for bacterial families are shown in Figure S1. (C) Sliding windows of weighted FAVA for
selected subjects. For each subject, we generate sliding windows six samples wide (horizontal bars). The
vertical position of each bar is determined by the value of FAVA computed across the six samples in that
window. The horizontal breadth of each bar encompasses the time during which the six samples were
collected. The vertical gray bar denotes the time during which the subjects were taking antibiotics. The red
curve is a smoothing spline fit to all data points with 12 degrees of freedom. Low values of FAVA suggest
community composition is stable in a window, whereas high values of FAVA imply temporal variability.
(D) Sliding windows of FAVA for all subjects. We compute FAVA in six-sample sliding windows for
each of the 22 subjects. The red curve is a smoothing spline fit to all data points with 12 degrees of
freedom. (E) Weighted FAVA increases after antibiotic perturbation. We compute weighted FAVA
for each subject either before (days -28 to -1) or after antibiotic perturbation (days 5 to 35), excluding the
period during which subjects were taking antibiotics. FAVA is weighted based on both phylogenetic
similarity among bacterial species and time between samples. Lines connect values of FAVA for the same
subject before and after antibiotic perturbation. Lines are colored according to the difference in FAVA
(after minus before). Across all subjects, FAVA increases significantly after antibiotic perturbation
(Wilcoxon signed rank test, P < 10−4).

diagonal elements equal to 1 and all off-diagonal elements equal to 0 (top examples of Figure 3B310

and E, respectively).311

Temporal variability and antibiotic perturbation in the human gut microbiome312

To demonstrate weighted FAVA as a measure of temporal microbiome variability, we apply it to data313

from a longitudinal study of gut microbiome composition after antibiotic perturbation (Xue et al.,314

2023). Among 48 subjects, we focused on 22 who took a course of the antibiotic ciprofloxacin midway315

through the study. For these subjects, stool samples were collected at 26 time points—weekly316

samples for 9 weeks, as well as daily samples for the three weeks surrounding the antibiotic course317

(Figure 4A). Xue et al. (Xue et al., 2023) inferred the relative abundances of bacterial species over318
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Quantifying compositional variability with FAVA

time by shotgun metagenomic sequencing of each sample (Figure 4B, for three of the 22 subjects).319

We use FAVA to quantify both the impact of the antibiotic perturbation on temporal microbiome320

variability and the duration of this impact. To account for both the nonuniform sampling timeline321

and the immense taxonomic diversity of the sampled species, we weight FAVA by both the time322

intervals between stool samples and the phylogenetic similarity among species. We derive the323

phylogenetic similarity matrix from an established phylogenetic tree of bacterial species (Nayfach324

et al., 2016), as discussed in the Materials and Methods.325

We first explored how the temporal variability of the gut microbiome changes after an antibiotic326

perturbation. We find that weighted FAVA is significantly higher after the perturbation than327

before (Wilcoxon signed-rank test comparing post-antibiotic to pre-antibiotic FAVA values across328

22 subjects, P < 10−4), suggesting that microbiome composition is more temporally variable after329

antibiotic perturbation (Figure 4E). This result is robust to variability across subjects in the numbers330

of samples collected in the pre and post-antibiotic time periods (Figure S2).331

We explored temporal variability at smaller timescales by computing weighted FAVA in sliding332

windows throughout the study period. This increased granularity allowed us to quantify changes333

in temporal variability over the course of the study. In Figure 4D, we show weighted FAVA in334

sliding windows six samples wide, generating a median of 20 windows per subject. We find that335

weighted FAVA is significantly higher for the 115 six-sample post-antibiotic windows than for the336

89 six-sample pre-antibiotic windows (Wilcoxon rank sum test, P < 10−15).337

The sliding window analysis also allows us to characterize the timeline of the antibiotic pertur-338

bation. We find that, for most subjects, the antibiotic perturbation results in a lasting increase in339

microbiome variability: across the 30 days following completion of the antibiotic, only 8 of the 22340

subjects returned to their initial variability level (Figure 4D). However, high levels of variability341

tend to last for only one or two weeks post-antibiotic: while all subjects began with sub-0.05 FAVA342

values and 18 of the 22 subjects exceeded 0.05 during the antibiotic period, 11 of these 18 subjects343

returned to FAVA levels below 0.05 beginning one week post-antibiotic, and 16 of these 18 had344

sub-0.05 FAVA levels by their final sliding window.345

Finally, our sliding window approach allows us to characterize temporal dynamics based on local346

temporal variability alone. For example, consider subjects XDA, XJA, and XMA, whose variability347

dynamics are highlighted in Figure 4C. The microbiome of subject XJA does not stabilize post-348

antibiotic, remaining highly variable through the end of the study period. Subjects XDA and349

XMA, on the other hand, both return to low variability levels within seven days of the conclusion of350

antibiotics. However, Figure 4B reveals that these subjects represent two different responses to the351

antibiotic perturbation. Whereas subject XMA returned to the original compositional state after352

the antibiotic perturbation, subject XDA settled at a new compositional state very different from353

the initial microbial community.354

This example highlights that, by computing FAVA on small windows, we can identify periods355

of temporal stability in microbiome composition, even when the microbiome has stabilized at a356

compositional state different from its initial state. For this reason, FAVA complements pairwise357

distance measures that capture compositional dissimilarity but not temporal variability, such as the358

Jensen-Shannon divergence, Bray-Curtis dissimilarity, and Jaccard index.359

R Package360

We have implemented FAVA in an R package, titled FAVA, which is available at github.com/MaikeMorrison/FAVA.361

The FAVA R package contains a function that can compute FAVA, weighted FAVA, and FAVA nor-362
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malized by the upper bound given the abundance of the most abundant taxon. It also has functions363

to compute these three versions of FAVA in sliding windows and to visualize the sliding window364

results in plots such as those in Figure 4C and D. The FAVA package can also visualize relative365

abundance data in stacked bar plots, and it can statistically compare groups of samples with boot-366

strapping.367

Discussion368

We have introduced an index to quantify variability across many samples of microbiome composition.369

We defined the measure through an analogy with the population-genetic statistic FST , considering370

microbiome samples in place of populations and microbial taxa in place of alleles. FAVA, an FST -371

based Assessment of Variability across vectors of relative Abundances, equals 0 if and only if all372

microbiome samples are identical, and equals 1 if and only if each microbiome sample contains only373

a single taxon and there is more than one taxon present across all samples (Figure 1). FAVA can be374

used as a measure of compositional variability across time points, spatial sampling locations, host375

individuals, or replicates, quantifying the temporal variability, spatial heterogeneity, or replicability376

of microbial communities. Because FAVA takes values between 0 and 1 regardless of the number377

of sampled taxa, we can compare values of FAVA between very different data sets, such as data on378

abundances of different taxonomic categories.379

To demonstrate FAVA’s performance as a measure of microbiome variability across many sam-380

ples, we analyzed two microbiome data sets: an investigation of ruminant microbiome composition381

along the gastrointestinal tract (Xie et al., 2021), and a longitudinal study of human gut micro-382

biome composition before and after an antibiotic perturbation (Xue et al., 2023). In the ruminant383

data, we found that compositional variability across individuals—either within a host species or384

across host species—was consistently lower at the end of the gastrointestinal tract than in the mid-385

dle, supporting the view that substantial inter-individual heterogeneity is missed when microbiomes386

are monitored by fecal sampling alone (Figure 2B and D) (Shalon et al., 2023; Tropini et al.,387

2017). We found that, in all gastrointestinal regions, taxonomic abundances were much more vari-388

able across individuals than were functional abundances, a result that corroborates observations of389

microbial functional redundancy in the gastrointestinal tract (Figure 2D) (Louca et al., 2018).390

In the human microbiome data, we found that antibiotic perturbations significantly destabilize391

microbial communities, resulting in elevated temporal variability following an antibiotic (Figure392

4E). Computing FAVA in sliding windows across temporal samples for each subject increased the393

granularity of this analysis. We found that, although elevated variability lasted for only 1-2 weeks394

post-antibiotic on average, few subjects returned to their pre-antibiotic variability levels during395

the study duration (Figure 4C and D). We also highlighted FAVA’s ability to quantify temporal396

variability separate from compositional state by focusing on subjects XDA and XMA, who returned397

to their pre-antibiotic variability levels (Figure 4C) even though only subject XMA returned to the398

original composition (Figure S3).399

We introduced two extensions of FAVA: weighted FAVA (equation 11), which can incorporate400

both similarity among taxa and distance between samples into the computation, and normalized401

FAVA, which accounts for the abundance of the most abundant taxon, allowing for more meaningful402

measurement of variability across small numbers of samples. In our analysis of human gut micro-403

biome data over time (Xue et al., 2023), the use of weighted FAVA helped to account for both the404

combination of weekly and daily samples and the broad range of species appearing in the data.405
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FAVA values can be influenced by the choice of weights. For example, Figure S4 presents406

two simple hypothetical OTU tables with a difference in FAVA of nearly 0.5 when weighted by407

taxonomic similarity, despite having identical unweighted FAVA values. Nevertheless, in our analysis408

of human microbiome data, although individual FAVA values shift with the incorporation of weights,409

FAVA values computed across post-antibiotic samples are consistently higher than those computed410

across pre-antibiotic samples, regardless of whether FAVA is weighted by sampling times, taxonomic411

similarity, or both (Figure S5).412

Our measure, which we have implemented in an R package, contributes to a large body of413

methods for the analysis of microbiome relative abundance data (McMurdie and Holmes, 2013;414

Bolyen et al., 2019). We emphasize, however, that FAVA is a multi-sample compositional variabil-415

ity measure, setting it apart from the many existing measures of pairwise compositional similarity,416

such as Unifrac, Bray-Curtis dissimilarity, and the Jensen-Shannon divergence (Figure 1A) (Bray417

and Curtis, 1957; Lin, 1991; Lozupone and Knight, 2005). For example, two separate collections418

of microbiome samples can have identical values of FAVA, but wildly different mean compositions419

(e.g., Figure 4B and C). Similar values of FAVA therefore reflect similarities in the spatial or tem-420

poral dynamics shaping variability, not compositional similarity. FAVA builds on a rich literature421

of population-genetic and ecological frameworks for hierarchical partitioning of genetic, taxonomic,422

and phylogenetic diversity across individuals and communities (Lewontin, 1972; Lande, 1996;423

Ricotta, 2005; Hardy and Senterre, 2007; Ellison, 2010). Indeed, FST has sometimes been424

used as a measure of compositional variability in ecological contexts (Gilbert and Levine, 2017).425

Future applications of FAVA can span the range of questions that researchers pose about compo-426

sitional variability, from understanding temporal variability in infant microbiomes (Koenig et al.,427

2011; Yassour et al., 2016) to quantifying the repeatability of community assembly across experi-428

mental replicates to identifying the timing of compositional stability in serial passaging experiments429

(Goldford et al., 2018; Estrela et al., 2022). Because FAVA measures a fundamentally differ-430

ent phenomenon relative to existing methods for microbiome analysis, it opens up a suite of novel431

research questions relating to temporal stability, individual heterogeneity, spatial variability, and432

replicability.433

Materials and Methods434

Notation435

Q denotes an OTU table with I rows, each representing a microbiome sample, and K columns, each repre-436

senting a microbial species, OTU, genus, functional unit, or other such category. Entry qi,k represents the437

relative abundance of taxon k in sample i. Each row must sum to 1. We use “sample i” to refer to the ith438

row of Q (qi,∗).439

Bootstrapping protocol440

We use bootstrapping (Efron and Tibshirani, 1993) to determine whether two values of FAVA are signifi-441

cantly different. Consider two OTU tables, A with n rows and B with m rows. The observed difference in442

FAVA values between these two matrices is Dobs = FST (A) − FST (B). Our null hypothesis is that there is443

no difference in FST values between the communities sampled to form tables A and B.444

To test this hypothesis, we first merge the two OTU tables into a single matrix, Qnull, which has n+m445

samples corresponding to the samples in A and B. We then randomly draw n or m rows with replacement446

from Qnull to generate bootstrap replicates for the A and B, Aboot and Bboot respectively. Finally, we compute447

the difference in FAVA values between these bootstrap replicate matrices, Dboot = FST (Aboot)−FST (Bboot).448
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Repeating this procedure many times (e.g., 1,000 times) to generate many values of Dboot results in a449

bootstrap distribution of differences in FAVA values between A and B.450

We test our null hypothesis that there is no difference in FAVA values between A and B by comparing451

the observed difference, Dobs, to the bootstrap distribution of differences. We obtain a one-sided P-value452

by computing the proportion of bootstrapped differences Dboot that are either greater than or less than the453

observed difference Dobs. We obtain a two-sided P-value by comparing |Dboot| to |Dobs|. A worked example454

of this computation is available in the FAVA R package vignette.455

Defining weighted FST456

Incorporating uneven sample weights457

For each sample i = 1, . . . , I, we choose a weight wi ⩾ 0 such that
∑I

i=1 wi = 1. To evenly weight all samples,
choose wi =

1
I for all i. Uneven weights wi can be chosen to account for properties such as sample size or

the spatial or temporal distance between samples. If samples come from a time series, with ti representing
the sampling time of sample i, we recommend defining wi =

di

T (equation 6), where T = tI − t1 is the study
duration and di is half the time from the sample before i to the sample after i (equation 5):

di =


ti+1−ti−1

2 , if 2 ⩽ i ⩽ I − 1
t2−t1

2 , if i = 1
tI−tI−1

2 , if i = I.

(5)

Because
∑I

i=1 di = T ,
wi =

di
T

(6)

is a weight that sums to 1 over all i and represents the proportion of the study duration accounted for by458

sample i. Note that in the case of evenly spaced time samples, under the weighting wi =
di

T , the first and459

last sample are given half as much weight as the intermediate samples. This means that the uniform case is460

similar to but not exactly equal to the original, unweighted definition of FST , which has wi =
1
I .461

A standard definition for FST is FST = (∆T − ∆S)/∆T (equation 4), where ∆S is the mean sample
Gini-Simpson diversity and ∆T is the total Gini-Simpson diversity (equations 2, 3):

∆S(Q) = 1−
I∑

i=1

1

I

K∑
k=1

(qi,k)
2

∆T (Q) = 1−
K∑

k=1

(
I∑

i=1

1

I
qi,k

)2

.

We incorporate time information by replacing the uniform weights 1
I with not necessarily uniform weights462

w = (w1, w2, . . . , wI):463

∆S(Q,w) = 1−
I∑

i=1

wi

K∑
k=1

(qi,k)
2

∆T (Q,w) = 1−
K∑

k=1

(
I∑

i=1

wiqi,k

)2

.

FST (Q,w) = (∆T (Q,w) − ∆S(Q,w))/∆T (Q,w) is thus a definition of FST that allows for uneven464

weighting of samples. Note that this weighting can account for differences in spacing between samples, but465

not for differences in relative ordering of samples.466
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Incorporating taxonomic similarity467

In addition to incorporating uneven sample weights, we may wish to account for the similarity between taxa.468

We capture information about the similarity among all K taxa through the symmetric, K × K similarity469

matrix S. The entry in row k and column ℓ of S, sk,ℓ, represents the similarity between taxon k and taxon470

ℓ. Diagonal elements satisfy sk,k = 1 because each taxon is identical to itself, and we define the similarity471

between identical taxa to be 1. Off-diagonal elements take values in [0, 1], equaling 0 if two taxa are minimally472

similar, and 1 if they are identical. If S is the identity matrix (i.e., sk,ℓ = 0 for all k ̸= ℓ), then all distinct473

taxa are treated as minimally similar and our weighted version of FST must reduce to its original, unweighted474

definition (equation 4).475

In order to incorporate S into the definition of FST , we first introduce Leinster and Cobbold’s (Leinster
and Cobbold, 2012) idea of “mean ordinariness” across taxa in a microbiome sample. The “ordinariness” of
taxon k in sample i is the mean similarity between that taxon and every other taxon in the sample, weighted
by the taxon abundances. It is computed for each taxon by multiplying the similarity matrix (S) by sample
i (qi,∗). This computation produces a vector whose kth entry, q̃i,k, represents the mean similarity between
species k and a random taxon from sample i:

q̃i,k = (SqTi,∗)k =

K∑
ℓ=1

sk,ℓqi,ℓ

= qi,k +
K∑
ℓ=1
ℓ ̸=k

sk,ℓqi,ℓ

⩾ qi,k.

In other words, q̃i,k measures the ordinariness of taxon k within sample i. On one extreme,

q̃i,k =
K∑
ℓ=1

1 · qi,ℓ = 1

if taxon k is identical to all other taxa in sample i. In this case, taxon k is maximally ordinary in relation to
the other taxa in the sample. On the other extreme,

q̃i,k = 1 · qi,k +

K∑
ℓ=1
ℓ ̸=k

0 · qi,ℓ = qi,k

if taxon k has similarity 0 to all other taxa in sample i. In this case, taxon k is minimally ordinary in
relation to the other sampled taxa. The mean taxon ordinariness across all taxa in sample i, weighted by
their abundances, is

K∑
k=1

qi,k · q̃i,k. (7)

This quantity has been explored in previous work on ecological diversity indices (Leinster and Cobbold,476

2012). It is large (i.e., approaching or equal to 1) if the sample is concentrated in a few very similar taxa,477

whereas it is small (i.e., approaching 0) if the sample is spread across many unrelated taxa. If S is the478

identity matrix, with ones along the diagonal and zeroes for off-diagonal elements, then q̃i,k = qi,k for all k479

and equation 7 reduces to the mean taxon abundance across all taxa in sample i,
∑K

k=1 q
2
i,k.480

We proceed by extending this idea of mean ordinariness into the framework of FST . First, recall the
original definition of the Gini-Simpson index (equation 1), which can be interpreted as one minus the mean
taxon abundance across all taxa in a sample:

∆(qi,∗) = ∆(qi,1, qi,2, . . . , qi,K) = 1−
K∑

k=1

qi,k · qi,k.
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We incorporate the similarity matrix S into the Gini-Simpson index by replacing the mean abundance across
taxa,

∑K
k=1 q

2
i,k, with the mean ordinariness across taxa,

∑K
k=1 qi,k · q̃i,k, giving the following definition:

∆(qi,∗,S) = 1−
K∑

k=1

qi,k · q̃i,k

= 1−
K∑

k=1

qi,k · (SqTi,∗)k

(8)

Equation 8 reduces to equation 1 if S is the identity matrix. In this case, each taxon is considered extraordi-481

nary, with similarity 0 to all other taxa. However, if S has non-zero off-diagonal elements, equation 8 is able482

to account for the similarity among taxa in its computation of diversity.483

Finally, we extend equation 8 to define versions of ∆S and ∆T :

∆S(Q,S) = 1− 1

I

I∑
i=1

K∑
k=1

qi,k · (SqTi,∗)k

∆T (Q,S) = 1−
K∑

k=1

(
1

I

I∑
i=1

qi,k

)
·

(
1

I

I∑
i=1

(SqTi,∗)k

)
Using these extensions of ∆S and ∆T in a computation of FST yields a compositional variability measure484

that accounts for taxonomic similarity: FST (Q,S) = (∆T (Q,S)−∆S(Q,S))/∆T (Q,S).485

Simultaneously incorporating uneven row weights and taxonomic similarity486

We simultaneously incorporate both S and w into equations for ∆S and ∆T in order to develop a composi-487

tional variability statistic that accounts for both weighting of samples and similarity among taxa (equations488

9, 10, 11):489

∆S(Q,w,S) = 1−
I∑

i=1

wi

K∑
k=1

qi,k · (SqTi,∗)k (9)

∆T (Q,w,S) = 1−
K∑

k=1

(
I∑

i=1

wiqi,k

)
·

(
I∑

i=1

wi(Sqi,·)k

)
(10)

FST (Q,w,S) =
∆T (Q,w,S)−∆S(Q,w,S)

∆T (Q,w,S)
. (11)

If wi = 1/I for all i, and S is the identity matrix, this weighted definition of FST (equation 11) reduces to490

the unweighted version of FST (equation 4).491

Computing the phylogenetic similarity matrix492

In our analysis of human microbiome data (Figure 4), we chose to weight FAVA by the phylogenetic similarity493

among the sampled bacterial species. We computed the phylogenetic similarity matrix through a two-step494

process. First, we computed the patristic distance between each pair of sampled bacterial species based on a495

microbial phylogeny from Nayfach et al. (Nayfach et al., 2016). We performed this computation with the496

“cophenetic.phylo” function in the ape R package (Paradis and Schliep, 2019). Second, we transformed the497

pairwise patristic distances, which range from 0 for identical species to ∼3.7 for very distantly related species,498

to similarities, which range from 0 for very distantly related species to 1 for identical species. We chose to499

convert the patristic distance between species k and ℓ (dk,ℓ) to a similarity (sk,ℓ) using the exponential500

transformation sk,ℓ = exp (−dk,ℓ).501
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Different transformations of distances to similarities result in different distributions of similarity values.502

In our case, the similarity matrix computed with the exponential transformation had a median value of503

0.087, with first and third quartiles [0.067, 0.119]. Other transformations are defensible as well. The linear504

difference transformation (sk,ℓ = 1 − dk,ℓ/max dk,ℓ), for example, yields a mean value of 0.716, with with505

first and third quartiles [0.685, 0.752]. We note that the main results of Figure 4 do not depend on the choice506

of transformation. In particular, regardless of the transformation used, FAVA values increase during the507

antibiotic perturbation and are significantly higher post-antibiotic than pre-antibiotic (Figure S6).508

Datasets509

Ruminant data510

In our first data example, we analyzed genus and CAZyme abundances inferred from metagenomic sequencing511

of samples collected at 10 gastrointestinal regions from 37 ruminant host individuals representing 7 host512

species. This data set was collected and published by Xie et al. (Xie et al., 2021). We downloaded the data513

from: http://rummeta.njau.edu.cn/rumment/resource/metagenomicsPage. The genus abundances were514

found in the file “RGMGC.genus.profile.txt” which was available for download under the heading “Genus515

profile (genus abundance profile table for 370 GIT samples).” The CAZyme abundances were found in the516

file “RGMGC.cazy.profile.family.txt,” which was available for download under the heading “Cazy profile517

(Cazy abundance profile table for 370 GIT samples).” For both genera and CAZymes, the published data518

contained absolute abundances. We converted absolute abundances to relative abundances before performing519

our analyses.520

Human microbiome data521

In our second data example, we analyzed data generated by Xue et al. (Xue et al., 2023).522
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Supplemental Materials653

Figure S1: Relative abundances of bacterial genera over time for 22 subjects. Each three-letter
code refers to one subject. Gold bars denote days 0-4, during which the subjects took the antibiotic
ciprofloxacin. Samples are collected once weekly for 9 weeks, with daily sampling for three weeks beginning
one week before antibiotics. Abundances between sampling times are interpolated by drawing straight lines
between abundances for adjacent time points. Colors denote bacterial families and black lines delineate
bacterial species. Species are identified by mapping metagenomic sequencing reads to a database of
single-copy bacterial genes. The figure is adapted from Xue et al. Xue et al. (2023).
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Figure S2: Change in weighted FAVA before and after the antibiotic perturbation is driven
by antibiotic, not by the number of samples before or after antibiotic. Each point represents an
analysis of all samples collected from one of 22 subjects either before the antibiotic perturbation (green
points; samples taken between day -28 and day -1) or after the antibiotic perturbation (orange points;
samples taken between day 5 and day 35). The x-axis gives the total number of samples analyzed for each
point, and the y-axis gives the value of FAVA computed across these samples. The y-axis presents the same
data shown in Figure 4E. While subjects tended to have more samples before than after the antibiotic
perturbation (Wilcoxon signed rank test, one-sided P = 0.013), there was no correlation between FAVA and
the number of samples included in the computation (Spearman correlation ρ = −0.001, P = 0.992). We
therefore conclude that the difference in FAVA values observed in Figure 4E is driven by the antibiotic
perturbation, not by differences in the numbers of samples included in computations of FAVA.

Figure S3: The Jensen-Shannon divergence (JSD) from the initial timepoint captures
compositional changes in microbial communities following antibiotic perturbation (grey bar).
JSD is computed using species relative abundances.
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Figure S4: The effect of incorporating taxonomic similarity into the FAVA computation
depends on the taxonomic composition of the sampled communities. Each panel shows one
matrix representing the compositions of six hypothetical microbiome samples. Without accounting for
taxonomic similarity, both Matrix 1 (A) and Matrix 2 (B) have FAVA values of 0.35. We consider a
similarity matrix that treats taxon J and taxon L as identical (similarity equal to 1), and all other distinct
taxa as totally unrelated (similarity equal to 0). Incorporating this similarity matrix in the computation of
FAVA decreases Matrix 1’s FAVA value to 0.14 (C) and increases Matrix 2’s FAVA value to 0.61 (D).

Figure S5: FAVA increases after antibiotic perturbation regardless of FAVA weighting. We
compute FAVA for each subject either before the antibiotic perturbation (samples in days -28 to -1) or after
the antibiotic perturbation (samples in days 5 to 35). Lines connect values of FAVA for the same subject
before and after the antibiotic. The four panels correspond to four different types of weighting for the
FAVA measure: (A) No weights. (B) Weighting by both time between samples and phylogenetic similarity
among taxa. (C) Weighting just by time. (D) Weighting just by phylogenetic similarity. In all four panels,
FAVA is significantly higher after the antibiotic perturbation than before (Wilcoxon signed rank test,
P < 10−4 for each panel).
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Figure S6: Comparing results from Figure 4 when using different similarity matrices. Panel A
reproduces Figure 4C; panel B reproduces Figure 4E. The top row of each panel gives the results using a
similarity matrix defined from the patristic distance matrix using the linear difference transformation. The
bottom row of each panel gives the results using the exponential transformation, which are the results
presented in the main text. The results are largely consistent between the two transformations. For
example, as is true for the exponential results presented in the main text, FAVA values computed with the
similarity matrix generated using the linear difference transformation are higher after antibiotic
perturbation than before (Wilcoxon signed-rank test comparing post-antibiotic to pre-antibiotic FAVA
values across subjects, P = 0.0003).
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