
One Health 20 (2025) 100977

Available online 19 January 2025
2352-7714/© 2025 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Best practices for the experimental design of one health studies on 
companion animal and owner microbiomes – From data collection 
to analysis

Suzanne B. Clougher a,*,1, Dagmara Niedziela b,1, Piera Versura a,c, Grace Mulcahy b

a Ophthalmology Unit, DIMEC, Alma Mater Studiorum Università di Bologna, Italy
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A B S T R A C T

The relationship between owner and companion animal represents an underestimated opportunity for the 
studying of One Health relationships between humans, animals, and the environment they share. Microbiome 
exchanges between owner and pet have been documented for the gut, skin, oral, and nasal microbiomes. These 
studies give a unique insight into bacterial flows between humans and animals, but come with their specific 
challenges.

This review discusses the data and sample collection challenges, as well as laboratory, bioinformatic and data 
analysis challenges specific to One Health studies on companion animal and owner microbiomes. We provide an 
overview of possible data to be collected and pitfalls to avoid during sample collection and conservation, DNA 
extraction, and library preparation. We present the main bioinformatics pipelines in sequencing-data micro
biome analysis, as well as data analysis specific to pet-owner microbiome comparison. We review and compare 
three beta-diversity measures (Bray-Curtis dissimilarity, unweighted, and weighted UniFrac distances) for pet- 
owner distances and the tests to compare them. Finally, we propose a framework with key considerations to 
bear in mind when designing and carrying out owner-companion animal studies, as well as best practices to 
implement them.

Although these studies come with additional difficulties compared to species-specific microbiome studies, they 
offer the opportunity to identify biomarkers, environmental triggers, and impacts of pet-owner interactions 
across species.

1. Introduction

The One Health paradigm recognises the profound and deep con
nections between human health, animal health, and the environment. 
Companion animals represent an understudied portal into exploring 
shared environmental influences, opening channels for understanding 
how such influences impact on health [1,2]. Interactions between 
companion animals and humans take place at multiple scales, from 
microscopic to macro scales, the population to the microscopic scale. 
Investigating microbiomes with a One Health lens calls for the explo
ration of both pathogenic and non-pathogenic interactions [3].

The importance of the micro-organisms in our gut, on our skin and 

mucosal surfaces - the microbiome – in health and disease are now 
abundantly clear. It is estimated that environmental influences have at 
least ten-fold more influence on microbiome variation, and the associ
ated health implications, than host genetics [4]. Pets, mostly companion 
dogs and cats, are mammals who share our living spaces, are exposed to 
a subset of the same environmental influences, and, like us, have resi
dent microbiota. Studying their microbiota, therefore, in conjunction 
with studying pet owner microbiota, represents an important opportu
nity to understand and dissect common environmental influences on 
these microbiota. The scale of this opportunity can be envisioned 
through the lens of 844 million pet dogs and cats worldwide, with 66 % 
% of households in the USA [5] and 50 % in Europe owning at least one 
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pet [6]. Remarkably, the potential to exploit this has been largely 
neglected to date. However, a few studies have demonstrated exchanges 
and mutual interactions between the microbiota of humans and com
panion animals [7–10] or livestock [11].

Human-animal interactions are unique, and various physiological, 
sociological, psychological, economic factors of both humans and ani
mals come into play [12]. There are a multitude of microbiome-related 
conditions for which environmental triggers are believed to play a role, 
on a background of genetic susceptibility, but for which such triggers 
have not been identified. Examples include inflammatory bowel disease 
[13], eczema [14], and gluten sensitivity [15]. In some cases, parallel 
conditions occur in companion animals (atopic eczema and inflamma
tory bowel disease in dogs) [16]. Studies of companion animals living in 
shared environments with humans offer the possibility of identifying yet 
unrecognised common biomarkers, environmental triggers, and patho
genic pathways, across species. Such studies pose significant challenges, 
as well as opportunities. Examples of challenges of cross-species studies 
include combining multi-omic datasets across species, methodological 
differences, and sharing of resources between animal and human health 
professionals. However, overcoming those challenges may result in 
added value through new dimensions of and interactions with human 
health. In this review, we discuss the opportunities, challenges and po
tential benefits of such studies.

2. Data collection challenges

Investigating pet-owner relationships implies the need to charac
terise the subjects (age, gender, sex, breed, diseases etc.) as well as their 
interactions, more specifically the ones that might impact the studied 
microbiome. The nature, quantity and quality of these interactions may 
have a significant impact on pet and owner microbiota and should 
therefore be thoroughly characterised in the data collection process. In 
order to capture best the complexity of the owner-pet relationships, the 
focus should not only be on direct pet-owner interactions like petting 
habits or amount of time they have lived together but also on more 
“indirect” interactions [12]. Our experience leads us to consider relevant 
the following questions: 

- Does the pet move freely around the house?
- How many hours a day does the pet spend outside?
- Do pet and owner do any kind of training or playing together? If so, 

what type and how often?
- Are the pet and/or owner in frequent contact with other animals? 

Could that impact the studied microbiome?
- Are there other cohabiting pets?
- Is the pet allowed on sofas and beds?
- Did the pet have other owner(s) before?
- Do pet and owner live in an urban or rural setting?
- Do pet and owner follow a specific diet? Do they share food?

Specific data to be collected should be considered in accordance with 
the aims of each project. Moreover, to best identify metadata impacting 
microbiome sharing between pet and owner, we recommend the inclu
sion of people that do not cohabit with any pets, as controls.

Power calculations in microbiome studies are often considered 
difficult, and many microbiome studies do not mention any power 
calculation or sample size estimation. Being able to estimate sample size 
is important when considering studies of human microbiome samples, 
for which data protection is often a consideration. An underpowered 
study that needs repeating could be considered unethical. However, 
methods to calculate sample size in microbiome studies do exist, and 
include the use of pairwise distances and PERMANOVA (micropower R 
package) [17] or alpha and beta diversity metrics [18] to estimate 
sample size based on statistical power and effect size. These methods do 
rely on data for similar projects being available. While animal-owner 
interaction projects are rare, in the case of the data not being 

previously available, data from other pet-owner projects or separate 
cohorts of animal and owner data from similar conditions could be used.

3. Sample collection challenges

Sample collection in microbiome studies faces numerous challenges, 
such as limiting sampling to one operator to ensure reproducibility, 
sample storage temperature (especially if participants collect the sam
ples themselves at home), or limiting potential contaminations [19]. 
Storage temperature has been shown to have an impact on downstream 
sequencing: better results obtained in faecal samples stored at − 20 ◦C or 
that used preservation methods such as ethanol or RNALater compared 
to samples kept at room temperature or + 4 ◦C [20]. Preservation 
buffers/tubes have been developed that allow for faecal, oral and skin 
microbiome samples to be preserved at room temperature for extended 
periods [21,22]. However, the reliability of microbiota preservation in 
both pet and human samples would preferably be optimised prior to a 
study start.

Additionally, having both human and animal participants could 
require sampling pets and owners in separate locations and/or at 
different times, such as having to sample owners in a hospital and pets in 
their home or vice versa. In such cases, sampling sites could have 
different environmental conditions (humidity, pollutants etc.) and 
contaminations that should be reduced to a minimum and accounted for 
with negative controls. Sampling location can also impact stress and 
anxiety of both owner and pet, highlighting the importance of choosing 
locations minimising these effects [23]. These precautions are particu
larly important when working with paucibacterial microbiomes, easily 
skewed by the presence of contaminants (see 4. Laboratory Challenges). 
Having to sample pet and owner in separate locations and/or at different 
times may also increase loss to follow-up due to a more complicated 
sampling schedule compared to a single sampling time and place. This 
should be considered in the power calculations. Sample storage and 
preservation conditions should also be as similar as possible.

4. Laboratory challenges

Due to the potential differences in composition and diversity be
tween human and animal microbiomes, avoiding cross-contamination is 
crucial. If samples are processed in batches, randomisation of owner and 
pet samples should be considered so that batch effects can later be 
identified if present. Adding multiple negative controls such as sampling 
blank controls, DNA extraction blank controls, and no template ampli
fication controls should also be considered in each batch [19]. Due to the 
presence of a kitome in most DNA extraction kits, and the different 
sequencing results that they can produce [24,25], choice of DNA 
extraction kit should be made accordingly to the studied microbiome 
and its average biomass. This is particularly important when working 
with low biomass microbiomes, in which the DNA present in extraction 
kits and laboratory reagents can come in concentrations similar to that 
of the samples and can therefore be mistaken for the studied microbiome 
[19,26].

5. Bioinformatics pipeline challenges and recommendations

Bioinformatics pipelines can be divided into primary and secondary 
analysis. Primary (upstream) analysis processes data from their raw 
sequencing output (in the case of Illumina sequencing, BCL or fastq files) 
to count matrices. In the case of 16S data, primary processing entails a 
quality check using fastQC or multiQC, trimming of 16S primers using 
cutadapt, and constructing a table of amplicon counts - operational 
taxonomic units (OTUs) or amplicon sequence variant (ASVs), using 
Qiime2, Mothur or DADA2 [27]. The DADA2 package is used to 
construct an ASV table, remove chimeric reads, and assign taxonomy 
using a database of choice.

For the above methodology, it is recommended to use reproducible 
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methods of analysis such as nf-core pipelines (https://nf-co.re/amplis 
eq/2.9.0/docs/usage). The advantages of those pipelines are their 
standardisation, allowing for easy comparisons between studies, as well 
as the fact that the pipeline documents the parameters and software 
version used, allowing for easy documentation of methodology. The 
pipelines also contain built-in software containers, thereby solving a 
software installation problem which can be cumbersome on high per
formance computing (HPC) systems.

One of the current challenges for 16S data is lack of defined stan
dards for its quality control. There is a lack of publications or tutorials 
which show an appropriate fastQC output for 16S data, for instance. 
Parameter adjustments and the desired numbers of chimeric/denoised 
reads for the DADA2 pipeline are also not well-defined. Finally, an 
equivalent of the ENCODE guidelines, which have been in place for 
other types of sequencing data since 2015–2017 [28], does not exist for 
16S or metagenomic sequencing. Therefore, detailed and consistent 
reporting for 16S data analyses is crucial, especially in cases when re
sults are compared to other studies, which could have used other data 
processing methodologies.

It is notable that for metagenomic data, a skew has been found to
wards human microbes in most databases, with a need for a database 
tailored towards animal sequences highlighted previously [29]. It is 
possible similar database changes could be needed for 16S data. When it 
comes to taxonomical grouping of amplicon sequencing data, ASVs have 
been reported to be superior to OTUs, due to the denoising of true 
biological sequences from potential sequencing error, as opposed to 
clustering similar sequences into a same OTU, resulting in higher ac
curacy and sensitivity [30]. ASV results can also be readily compared 
between studies using the same target region. The manner in which 
comparison between studies is conducted is another concern. Publica
tions have compared multiple studies by reanalysing raw data using one 
pipeline [31], however given the large number of 16S studies that have 
been performed, a method of batch correction of these datasets would be 
useful. Some batch correction methods have been proposed [32–35], 
with the most recent being PLSDA batch [36]. The method is already 
being demonstrated to be beneficial in practice by other groups [36].

An ASV table with its assigned taxonomy can be considered an entry 
point to secondary analysis, which can be done using packages such as 
vegan or phyloseq in R and is outlined in the next section.

6. Data analysis challenges

Microbiomes are characterised by their composition and diversity, 
mainly alpha- and beta-diversity. Alpha-diversity measures the diversity 
within a sample, characterised by taxa evenness (number of taxa), 
richness (distribution of taxa within a sample), or both. Richness is 
commonly estimated by the number of observed species or OTUs/ASVs, 
or indices such as Faith’s Phylogenetic diversity [37] and Chao1 index 
[38]. Commonly used indices that consider both richness and evenness 
are Shannon index [39] and Simpson index [40]. It has been argued that, 
to draw substantial conclusions comparing alpha diversity in groups, 
one should use models accounting for unobserved species and mea
surement errors [41].

The diversity between samples is measured by beta diversity. Com
mon metrics used in microbiome analysis include Bray-Curtis dissimi
larity [42], unweighted UniFrac distance [43], weighted UniFrac 
distance [44] and, to a lesser extent, Jaccard index [45]. Jaccard index is 
a binary dissimilarity metric, that considers only the absence or presence 
of taxa [45]. It is easy to calculate and interpret but does not consider 
abundance nor does it account for phylogeny. Bray-Curtis dissimilarity 
is based on taxa counts in each sample, and considers both the presence/ 
absence of taxa and their relative abundances [42]. The unique fraction 
metric, or UniFrac, measures the phylogenetic distance between sets of 
taxa in a phylogenetic tree as the fraction of the branch length of the tree 
that leads to descendants from either one environment or the other, but 
not both [43]. Unweighted UniFrac considers the presence or absence of 

taxa and the branch length fraction that is unique to a community, 
whereas weighted UniFrac incorporates relative abundance of taxa and 
weights the branch lengths accordingly [46]. All four metrics vary from 
0, if two samples share all the same taxa, to 1, if two samples do not 
share any taxa and, if accounted for, share no evolutionary history.

UniFrac incorporates phylogenetic information, that is not reflected 
in Bray-Curtis dissimilarity, however it requires the construction of a 
phylogenetic tree, that can be time-consuming. As these metrics have 
strengths and limitations, their use can depend on the question asked 
and/or data availability, there is no agreement on which to use for 
microbiome data analysis. Some studies choose one, whereas others 
report on beta-diversity with multiple metrics [47–50].

More specifically for pet-owner studies, beta-diversity can be used to 
estimate the distance, i.e. the “level” of similarity, between pet and 
owner. As measures all have their strengths and limitations (see 
Table 1), a comprehensive understanding of similarities in pet-owner 
pairs can be achieved by ranking pairs according to each measure and 
using and average rank to identify the least and most similar pairs.

Non-parametric tests, such as Wilcoxon tests, as well as multivariate 
methods, such as analysis of similarity (ANOSIM) or multivariate anal
ysis of variance with permutation (PERMANOVA), have previously been 
used for comparisons of alpha and beta diversity between pets and 
owners [10]. Specifically, ANOSIM describes whether dissimilarity be
tween selected groups is significantly different than the dissimilarity 
within each group [51]. It is important to note that when looking at pet- 
owner microbiome interactions, ANOSIM can be used to compare beta 
diversity between groups within the metadata (for instance, dogs versus 
owners, between breeds of dogs, or between family units); however, it 
cannot be used to compare group-to-group distances with one another. 
Comparisons of specific group-to-group distances (for instance pet-to- 
owner versus pet-to-non-owner) should be done using non-parametric 

Table 1 
Comparison of characteristics, strengths, and weaknesses of three distance 
metrics: Bray-Curtis dissimilarity, unweighted UniFrac distance, and weighted 
UniFrac distance.

Accounts for 
relative 
abundance 
of taxa

Accounts 
for 
phylogeny*

Strengths Weaknesses

Bray-Curtis 
dissimilarity

Yes No Easy to 
calculate (no 
phylogenetic 
tree) 
Used in many 
studies 
Relative 
comparison 
between 
groups 
Sensitive to 
abundance 
differences

Does not 
account for 
phylogeny 
Abundant 
species are 
weighted more 
than rare ones

Unweighted 
UniFrac 
distance

No (only 
presence/ 
absence)

Yes Accounts for 
phylogenetic 
relationships 
among taxa

Requires a 
rooted 
phylogenetic 
tree 
Binary test of 
presence/ 
absence of taxa 
Sensitive to 
sequencing 
depth

Weighted 
UniFrac 
distance

Yes Yes Accounts for 
phylogenetic 
relationships 
among taxa 
Accounts for 
rare taxa

Requires a 
rooted 
phylogenetic 
tree

* Requires a phylogenetic tree.
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Wilcoxon tests, and data manipulations may be required for such com
parisons. PERMANOVA on the other hand is a distance-based method to 
test the association of microbial composition with covariates of interest 
[52].

Finally, available genomic databases have a bias towards human- 
origin bacteria, potentially limiting the consideration of some pet- 
hosted bacteria [11,29].

7. Proposed framework

Throughout this review, various considerations were described, and 
recommendations were made for best practices when it comes to studies 

of pet-owner microbiomes. The most important points are summarised 
in Table 2. Best practices specific to technical aspects of microbiome 
studies have been discussed elsewhere [53].

8. Conclusions

Studies of companion animals and their owners, using shared envi
ronment to examine as yet unexplored influences on skin, gut and other 
microbiota are a valuable One Health strategy. In this review, we outline 
some of the advantages and possibilities of the One Health approach, 
contrasted with the difficulties inherent in ensuring reproducibility and 
reliability of data, and provide methodological recommendations for 
overcoming them. Given the potential for One Health approaches to 
advance societal goals in respect of predicting emerging infectious dis
eases, slowing the onward march of anti-microbial resistance, and un
derstanding environmental triggers for inflammatory diseases, to name 
but a few, the pathway is clear for more research groups to take up this 
challenge.
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