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Introduction

Technologically empowered veterinary care is transforming the field of animal health. The
integration of Big Data, Artificial Intelligence (AI), and Machine Learning (ML) enables
practitioners and researchers to move beyond individual-level insights to population-level
understanding, offering unprecedented opportunities to improve the health of companion
animals. This overview will highlight current applications of Big Data and AI/ML in veterinary
medicine and demonstrate how these tools are shaping the future of animal care.

The authors of this manuscript have been helping to lead two large-scale longitudinal studies—the
Golden Retriever Lifetime Study*2 and the Dog Aging Project3 — both of which have a central focus
on the causes, processes and diseases of aging. Age is the greatest risk factor for most causes of
mortality in both dogs and humans.45 The causes and consequences of aging and age-related
disease are exceedingly complex. As such, they lend themselves to a Big Data approach, which can
capture the extraordinary diversity of factors associated with aging and age-related disease.

The past several decades of research on the biology of aging, or “geroscience”, focused on
laboratory-based studies of yeast, nematode worms, fruit flies, and other species, have uncovered
genetic pathways that influence aging and cellular and molecular hallmarks of aging, all of which
are deeply evolutionarily conserved.®9 However, these discoveries have been made in the highly
controlled conditions of inbred animals living under laboratory conditions. We do not know to
what extent these same factors might explain variation in aging among individuals within a
natural population. It is here that Big Data, and statistical tools like AT and ML, can shed light on
the causes and consequences of aging in the real world.

It makes good sense to focus our attention on aging in companion animals. They share many of
the same aging-related diseases as humans, they share our environment, they are as genetically
variable as human populations, and they benefit from a sophisticated health care system that

(Ruple/Labadie/Promislow) Applying Big Data, Machine Learning, and Al to Improve Nutrition and Health
Purina Institute Global Summit 2025 | Technologically Empowered Veterinary Care | 30 April-1 May 2025 | Saint Louis, Missouri, USA
The opinions expressed are those of the individual author(s) and do not necessarily reflect the views of Nestle Purina PetCare Company or its affiliates.



provides disease diagnosis, prognosis, treatment and prevention. But their relatively short lives
mean that we can make fundamental discoveries about aging in a relatively short amount of time.
These commonalities and differences have motivated our own research, and have the potential to
lead to fundamental discoveries about the causes of aging-related diseases and avenues for
treatment and prevention in companion dogs, with the added benefit of having high translational
potential to inform our understanding of aging in humans as well.

Harnessing Big Data in Veterinary Medicine

Big Data refers to extremely large datasets that are complex, diverse, and rapidly generated from
a variety of sources, including electronic medical records (EMRs), wearable devices,
environmental descriptors, genomics and other molecular ‘omic’ profiles, imaging, and owner-
reported data. In veterinary medicine, the aggregation and analysis of such datasets can
illuminate patterns that are not discernible through traditional methods.

Veterinary big data originate from several key sources, each offering unique insights into animal
health. Medical record databases—such as those from Banfield Pet Hospital, the Veterinary
Medical Database, the Small Animal Veterinary Surveillance Network (SAVSNET), and
VetCompass—contain clinical and demographic information, and in some cases, include
geocoded data that link animals to specific geographic locations.'°3 These resources are
invaluable for monitoring disease trends, studying antimicrobial resistance, and conducting
large-scale epidemiological research.

Another important source of veterinary big data is insurance databases. These datasets are
typically large in scale and provide detailed information not only about the animals but also about
their owners and environments. Such data have been widely used in studies investigating
morbidity and mortality, with prominent examples including the Agria database in Sweden and
Pet Protect in the UK.'415 The combination of medical and insurance data supports a more holistic
understanding of animal health and its many influencing factors.

Large-scale cohort studies such as the Dog Aging Project (DAP) and the Golden Retriever Lifetime
Study (GRLS) (see details below) exemplify how Big Data is being used to study canine health
over time.23 These datasets provide longitudinal, multi-modal information, offering a window
into aging, disease progression, and lifestyle factors that influence health outcomes. Both studies
collect detailed longitudinal information across domains such as diet, behavior, molecular
profiles, and medical history, enabling insights into how lifestyle factors influence health
outcomes over the life course, and the mechanisms by which they do so, for a large and diverse
group of dogs.’ In addition, the DAP has integrated multi-level environmental and behavioral
data using geocoded survey responses to examine how external factors like the built environment
and access to greenspace impact health trajectories in dogs.'” These datasets enable AI models to
be applied across complex domains, such as examining correlations between nutrition,
environmental factors, molecular traits, and disease occurrence.

Artificial Intelligence and Machine Learning Applications

The application of AT and ML in veterinary medicine, especially in health prediction, has rapidly
expanded due to the availability of large datasets. These techniques allow researchers to analyze
complex, high-dimensional data and uncover patterns that are not easily visible through
traditional statistical methods.
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Machine learning algorithms have been effectively used to predict health outcomes in dogs using
large-scale insurance claims data. For example, Debes et al.'8 used insurance claims data from
over 785,000 dogs to accurately predict health outcomes in 45 different disease categories,
incorporating features like breed, age, sex, and environmental exposures in the predictive models.
These models are not only valuable for identifying dogs at increased risk of disease but can also
support proactive care and tailored nutritional recommendations aimed at improving health
outcomes.8

Similarly, pet insurance data have been used in a One Health context to model disease trends in
both dogs and humans. O'Brien et al.? demonstrated how canine insurance data could be used to
predict vector-borne and zoonotic diseases such as Lyme disease and giardiasis in people, showing
that trends in dog disease incidence often precede human trends by one to two years.'® These
findings underscore the utility of Al tools in using canine data to support early intervention
strategies that benefit both human and animal health.

Collectively, these real-world applications show that Al and ML approaches, when applied to
robust and representative datasets, can significantly advance veterinary nutrition and health by
supporting personalized care strategies and improving disease prevention efforts.

Over the past 15 years, there has been a surge of work
using ML approaches to study aging, including 3

analysis of medical imaging, the study of brain| &
networks using fMRI, facial aging,2° and the search | = &
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have argued can measure intrinsic, biological age. | 2 g -
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individual.

These studies launched a veritable cottage industry, testing these clocks in diverse populations
around the world, and building next-generation biological clocks in the hope of increasing their
predictive power. This is a new field, and has attracted attention not only by many proponents,
but also by those raising concerns about the design and interpretations of these biomarkers of
aging.2426 Despite these challenges, they have illustrated the power of ML approaches to identify
biomarkers of aging. In the past several years, with a tremendous increase in the amount of
available data from human populations, researchers have begun to explore computationally
intensive Al approaches to discover ever more accurate predictors of disease and death.27.28

Of note, many of those working on the search for biomarkers are interested in surrogate
biomarkers of aging.29:3° Ideally, with a small biospecimen, one could measure the intrinsic state
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of aging in an organism, and thus also be able to quickly determine if an intervention, be it dietary,
pharmacological, or otherwise, might delay or decrease the effect of aging on morbidity and
mortality. Given the challenge of testing interventions to slow aging in relatively long-lived
organisms, it is not surprising that there is so much interest in the discovery of surrogate
biomarkers.

The combination of Big Data and extraordinary computational power is creating new and exciting
opportunities to study aging. Until now, most of the effort in this field has been targeted at data
either from human populations or lab-based model organisms. As we make clear in the next
section, there are now exceptional opportunities to bring these tools to bear on veterinary cohorts.

Open Data Resources in Geroscience and Veterinary Medicine

The Open Data movement has created a strong impetus to create large datasets publicly, and often
freely, available, and the geroscience community has benefited greatly from this movement.
Among the many powerful resources are data from long-term longitudinal studies like the
Framingham Heart Studys3* and the Baltimore Longitudinal Study,32 the Health and Retirement
Study,33 and the UK Biobank,34 as well as repositories that store multiple aging-related datasets,
such as the Elite Portal (). Here we describe two specific veterinary resources, the Golden
Retriever Lifetime Study and the Dog Aging Project, which are just beginning to reveal the
potential of AI/ML analyses of Big Data to generate tremendous insights into biological variation
in companion dogs.

The Golden Retriever Lifetime Study is one of the largest, most comprehensive longitudinal
veterinary cohort studies, following 3,044 Golden Retrievers in the contiguous United States.?
The primary aim of the study is to investigate risk factors for cancer and other common diseases
in dogs, with an emphasis on lymphoma, osteosarcoma, hemangiosarcoma, and high-grade mast
cell tumors. Rolling enrollment of dogs aged 6 months through 2 years was conducted from 2012—
2015. Extensive owner- and veterinarian-completed annual questionnaires obtain information
about lifestyle, environmental exposures, physical activity, reproductive history, behavior, diet,
medications, and diagnoses. Dogs also have annual veterinary examinations and biospecimen
collection (whole blood, serum, hair, nails, feces, urine) for laboratory analysis and biobanking.
The cohort was genotyped using a 1.1 million marker Axiom array and a subset of dogs also have
whole genome sequencing data. As of April 2025, 507 hemangiosarcomas, 209
lymphoma/leukemias, 45 high-grade mast cell tumors, and 37 osteosarcomas have been
diagnosed. When possible, we also obtain tumor samples for biobanking. Additionally, many
other disorders common in Golden Retrievers have been diagnosed, including otitis externa,
atopy, hypothyroidism, cataracts, and orthopedic disorders. A subset of questionnaire data and
all our genotyping data are freely available to researchers through our Data Commons site
(https://datacommons.morrisanimalfoundation.org). In addition, researchers can apply to
access additional data and/or biospecimens through our request for proposal process
(https://www.morrisanimalfoundation.org/bette-m-morris-data-commons-biorepository).

The Dog Aging Project (DAP) is a long-term longitudinal study designed to examine the genetic
and environmental factors that influence aging and age-related traits, and the mechanisms by
which they do so. The project launched in 2019, and has since recruited more than 50,000 dogs
of all ages, sizes, and breeds (including both purebred and mixed breed dogs), from all across the
United States. For dogs in the primary cohort, known as the DAP Pack, owners fill out surveys
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that describe the health, behavior, diet, and environment of their dog. A summary of data from
the Pack is provided in a data dashboard (https://data.dogagingproject.org/). For each dog, in
addition to owner-reported in-home environmental data, addresses are used to identify extra-
local environmental measures, such as air quality, nearest parks, neighborhood deprivation
indices, annual weather patterns, and much more.'7:35:36 Nested within the Pack are several
sampled cohorts, including the Foundation Cohort (6000 dogs with whole genome sequencing
[WGS)), the Precision Cohort (976 dogs, with WGS, as well as annual measures of the
microbiome, epigenome, metabolome, immunophenotype, and CBC/Chem/UA profiling),37 and
an Intervention Cohort, known as TRIAD (for Test of Rapamycin In Aging Dogs). Dogs in TRIAD
are part of a double-masked placebo-controlled clinical trial testing the ability of rapamycin to
increase healthy longevity.38 For the majority of dogs, including all those in sampled cohorts,
veterinary electronic medical records are available. A Dog Aging Project biobank includes tens of
thousands of biospecimens that are also available to the research community.39 Researchers can
apply for access to the DAP data through the project’s website (https://dogagingproject.org/data-
access).

Conclusion

The convergence of Big Data, Al, and ML represents a paradigm shift in veterinary medicine.
These technologies empower the profession to move from reactive to proactive care, unlocking
insights that can inform more effective nutritional and health interventions. As we continue to
explore the applications of these tools, interdisciplinary collaboration and responsible innovation
will be essential to realizing their full potential.
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Glossary of Abbreviations
LOAD Liverpool Osteoarthritis in Dogs questionnaire
QoL Quality of Life

Introduction

The obesity epidemic is rampant in companion animals, affecting 59% of dogs and 61% of cats in
the United States alone.! Obesity results from a prolonged positive energy balance leading to
expansion of adipose tissue and fat deposition in other organs, which promotes an “obesogenic”
environment characterized by dysregulation of metabolic, hormonal, and inflammatory
responses.23 Ultimately these changes lead to physical impairment, comorbidities, and reduced
quality of life and healthspan.24

Although obesity is a preventable disease, this growing epidemic is the most common nutritional
disorder in companion animals and is associated with significant consequences.5 Dogs and cats
suffering from obesity experience a higher frequency of multiple devastating comorbidities
including endocrine dysfunction (e.g. diabetes mellitus, hypothyroidism, hyperadrenocorticism,
hyperlipidemia), cardiovascular disease (e.g. hypertension, collapsing trachea), orthopedic
disease (e.g. osteoarthritis), renal and urinary disease, and neoplasia.® Furthermore, in a lifelong
study in Labrador retrievers, even moderately overweight dogs were at greater risk for earlier
morbidity and a shortened lifespan.” Reduced lifespan has also been documented in obese cats.8

To date, several epidemiologic studies have identified associations and risk factors for canine and
feline obesity, which include animal factors (e.g. breed, neuter status, age) and owner factors (e.g.
diet choice, feeding methods and practices, exercise and living environment, age and body
composition of owner).9© Veterinarians estimate that only 3% of obese pets are attributed to
animal-specific factors, compared to 97% of obese pets being related to owner-specific factors.™

Traditionally, standard of care obesity management incorporates two major principles: calorie
restriction (aka “feed less”) and activity modification (aka “exercise more”). Despite veterinarian
recommendations regarding dietary intervention and exercise, obesity remains a major
companion animal health concern with an alarming acceleration in prevalence.5 Recent research
has focused on identifying obstacles to successful weight loss programs in pets, and owner
compliance plays a huge role.:o2 Identifying interventional solutions to overcome owner
incompliance and enhance owner engagement and commitment to their pet’s weight loss are
critical to addressing obesity in companion animals. In human obesity clinical trials, technology-
assisted (e.g. smart devices) weight loss interventions resulted in enhanced engagement
compared to traditional weight loss programs.::4 Therefore, in companion animals, smart
devices (such as wearable activity collars, digital automatic feeders, and litterbox monitors that
serve as a digital scale) are examples of technology that when added to traditional weight loss
programs may serve as an interventional solution to overcome these obstacles. This lecture will
provide examples of smart devices utilized in successful weight loss programs in pets.
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Smart Devices Used in Successful Weight Loss Programs in Dogs

To date, there are limited studies evaluating the use of smart devices in structured weight loss
programs in dogs. Wearable activity monitors are increasingly used to evaluate canine activity.
These devices are worn on the collar and collect data on daily activity patterns as well as estimate
calories expended per day based on the pet’s activity. Activity is tracked in different proprietary
forms, usually with a daily goal being calculated based on owner-provided dog demographics. The
device used in our studies? has been validated to track physical activity when dogs are off-leash,
with one study demonstrating high correlational of dog step count to recorded activity.’s However,
the use of this smart device in dogs to track energy expenditure is unreliable.®

Recently, our research group sought to determine the utility of activity devices to monitor activity
changes in obese dogs undergoing a structured weight loss program.?” To do this, we leveraged
data from the AKC Canine Health Foundation funded Canine SLIM study'8, a 24-week clinical
trial aimed to study the effects of fecal microbiota transplants on obese dogs undergoing a
structured weight loss program. The Canine SLIM study captured a comprehensive dataset
including participants wearing an activity monitor throughout the 24-week study. While weight
loss is widely believed to be associated with improved mobility, there are limited studies using
activity monitors to examine mobility changes during structured weight loss programs in dogs.
For this subproject of the Canine SLIM study, we aimed to analyze the relationship between the
Liverpool Osteoarthritis in Dogs (LOAD) questionnaire scores (which assess owner-perceived
mobility), quality of life (QoL) scores, and activity levels reported by the device. Over the 24 weeks,
as dogs lost weight, we hypothesized that obese dogs would show an increase in reported activity
levels, as well as an improvement in their QoL and LOAD scores. Owners completed a LOAD
survey every 3 weeks and QoL survey every 12 weeks. Daily activity was tracked with the activity
monitors. QoL scores and fold changes of monitor-recorded activity and LOAD scores were
examined for changes over time. As dogs lost weight, results demonstrated improved physical
dimension of QoL scores when comparing baseline to week 24 (P=0.0075). Significant changes
in LOAD scores were noted between week 12 to 24 (P<0.02). No significant differences in weekly
activity were observed over the 24-week study. These results demonstrate that weight loss
improves owner perceived physical QoL parameters while maintaining mobility in obese dogs
undergoing a weight loss program. The activity monitoring device provided a user-friendly
platform to monitor activity levels in obese dogs undergoing a successful weight loss program.

Based on this evidence, activity monitors should be considered when designing a technology-
enhanced weight loss program for dogs. The role the smart device and its user platform provide
for increasing owner compliance and engagement in a canine weight loss program needs to be
investigated further.

Smart Devices Used in Successful Weight Loss Programs in Cats

To date, there are several studies that have evaluated various smart devices for use in weight loss
programs in cats. Multiple-cat households are challenging for implementation of weight loss
programs. Multiple-cat households pose a unique problem for calorie restriction in traditional
weight loss programs, as food stealing, need for different foods, and variable feeding styles among
housemates may influence compliance. The implementation of technology-enhanced weight loss
programs in cats may be one way to overcome these obstacles.

For example, in one prospective study, 23 overweight/obese cats underwent a 6-month weight
loss program which compared using a traditional feeding bowl with two meals fed per day to using
an automatic feeder with two meals or six meals fed per day.» This calorie restricted program
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aimed for cats to lose between 0.5-1.5% of their body weight each week. In this study,
overweight/obese cats that were fed from an automatic feeder were more likely to reach an ideal
body condition (P=0.006), with 83.2% of cats fed six meals per day from automatic feeders and
40% of cats fed two meals per day from automatic feeders achieving ideal body condition.
Importantly, no cats achieved an ideal body condition that were fed twice daily with a traditional
bowl. Owners that utilized the automatic feeders reported that the weight loss plan was easier
compared to owners using traditional bowls (P=0.01). Another obstacle to successful weight loss
in cats is food-seeking behaviors, and in this study owners using automatic feeders, regardless of
daily meal number (two versus six), reported fewer food-seeking incidences than cats fed with a
traditional bowl. Overall, this study highlights that use of automatic feeders, which provide
separation and portioned meals, lead to successful weight loss in cats.?9

To add to these findings, another prospective study in 15 cats who underwent a 12-week weight
loss program aimed to compare traditional dietary restriction alone to a technology-enhanced
program including dietary restriction, digital scales, smart feeders, activity monitors, and pet treat
cameras.2®° Owners with cats in the technology-enhanced group reported favorable feedback that
smart feeders and home scales were a valuable addition to the program while activity monitors
and pet treat cameras were less valuable. In this cohort, the average weekly weight loss was high
in the technology group compared to the traditional dietary restriction group (P=0.036). This
study provides evidence that technology-enhanced weight loss programs in cats can be accepted
by cat owners and result in successful weight loss.2°

Importantly, another component of a successful feline weight loss program are at-home accurate
digital scales to avoid frequent veterinary visits for weekly weigh-ins. Litterbox scales are available
to cat owners and are activated automatically when a cat uses the litterbox. A passive smart device
(positioned under the cat’s normal litterbox) can record body weight but can also predict urinary
and defecation events. Recently, our research group sought to determine if a litterbox monitoring
deviceP could be used in obese cats undergoing a structured weight loss program to accurately and
passively record body weight.”” To do this, we are leveraging the feline cohort from the Morris
Animal Foundation funded Feline SLIM study, a 24-week clinical trial aimed to study the effects
of fecal microbiota transplants on obese cats undergoing a structured weight loss program. The
ongoing Feline SLIM study is capturing a comprehensive dataset, including some participants
utilizing the litterbox monitoring device to record body weight at home. During this lecture,
preliminary results from using the monitoring devices to passively evaluate feline body weight at
home compared to a traditional digital scale will be shared. Incorporation of litterbox monitoring
devices into technology-enhanced weight loss programs could help to reduce weekly weigh-ins
critical to successful weight loss in cats. The role the device and user-platform provide for
increasing owner compliance and engagement in a feline weight loss program needs to be
investigated further.

Conclusion

Obesity is a growing epidemic in companion animals, which promotes an “obesogenic”
environment characterized by dysregulation of metabolic, hormonal, and inflammatory
responses. Ultimately these changes lead to physical impairment, comorbidities, and reduced
quality of life and healthspan. Traditional approaches to obesity management (calorie restriction
and exercise) can be augmented by adding in smart devices (such as wearable activity collars,
digital automatic feeders, and litterbox monitors) to increase owner engagement and sustain
owner commitment to weight loss programs for their pets. These technology-enhanced weight
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loss programs are one interventional solution to try to abate the obesity epidemic in companion
animals.
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Footnotes:
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Glossary of Abbreviations

BCAAs branch chain amino acids

SCFAs short chain fatty acids

NAFLD nonalcoholic fatty liver disease

PCR polymerase chain reaction

16S rRNA genes  genes encoding small subunit of prokaryotic ribosomal ribonucleic acid
(also called 16S rDNA)

ML machine learning

MAG metagenome-assembled genomes

sPLS-DA sparse partial least squares discriminant analysis

OGTT oral glucose tolerance test

ASV amplicon sequence variant

Introduction

Animal health is intricately linked to interactions with the microbial communities they host.
Referred to as “microbiota,” these communities consist of bacteria, archaea, fungi, protists,
microalgae, and even viruses, and often form recognizably distinct compositions of species
across different body sites.! The combination of microbiota and their “theatre of activity” — the
combination of these organisms, their genomes, genetic transcripts, proteins and chemical
products, the features of their habitat, and their interactions between with their habitat and host
— is known as a “microbiome.”>2 Recent advances in biochemistry, computation, bioinformatics,
culturomics, and machine learning (ML) enable researchers to study animal microbiomes in situ
with meta-omics approaches to identify targets for nutritional interventions, develop new biotic
solutions, and understand the associations between microbes and host health.34.5

How Do Microbiomes Influence Health?

Microbiomes play many roles within their animal hosts, both locally in the body sites they
inhabit and systemically through their metabolites and microbe-host interactions.® The highly
diverse and numerous organisms of the gut microbiome degrade dietary components otherwise
resistant to host digestion, such as complex carbohydrates.” Microbially-derived short chain
fatty acids serve as key energy sources for cells in the gut.89 Gut microbes influence the structure
of the intestinal mucus layer,* influence gut motility*, inhibit colonization by pathogens?2, and
interact directly with the vast array of immune cells in the gut, influencing both innate and
adaptive immunity.'s Additionally, by producing bioactive compounds that circulate
systemically, or by interacting with host cells to stimulate systemic responses, gut microbes
influence health across a range of physiological systems.4.15

Meta-omics Methods Used to Study Microbiomes

Traditional microbiology relies heavily on the ability to isolate and culture micro-organisms. In
the 1990’s, the observation that only a small fraction of the world’s microbial diversity was
cultured, combined with advances in molecular biology and DNA sequencing, led to the beginning
of the meta-omics era through the adoption of 16S rRNA gene sequencing.’® DNA could be isolated
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from an environmental sample, the genes encoding the 16S subunit of ribosomal rRNA could be
amplified by PCR, and the resulting amplified sequences could be compared to those from known
isolates. Further advances in biochemistry, microbiology, bioinformatics, and computing have
since led to the development of more meta-omics strategies for studying the microbiome,
including whole-genome shotgun metagenomics, metatranscriptomics, metabolomics, and
metaproteomics.3:5

Meta-omics techniques characterize the microbiome, its environment, or its products by
measuring specific categories of molecules, such as DNA, RNA, metabolites or proteins (Table
1).35 The prefix “meta“ signifies that the specific molecules are being measured as a whole (e.g.,
all the genomes present in the community). These methods provide the opportunity to
characterize the composition, environment, and metabolic activity of microbial communities in
situ, independent of the need to isolate and culture organisms.

Table 1: Descriptions of different meta-omics fields

Meta-omics field Description

16S rRNA gene sequencing Identifies and quantifies bacteria and archaea and quantifies their relative

(metagenomics) proportions in an environmental sample by sequencing PCR-amplified
copies of hypervariable regions of the 16S rRNA gene and comparing to
reference databases.16

Whole genome shotgun Studies all the DNA in an environmental sample. Can be used to identify

metagenomics and quantify microorganisms, genes, genetic pathways, and to build
metagenome-assembled genomes (MAGS)."7

Metatranscriptomics Studies gene expression from all the mRNA in an environmental sample.8

Metabolomics Studies the microbiome’s environment and metabolism by identifying

and quantifying measurable molecules from an environmental sample.
May be targeted on untargeted. Includes subcategories of specific
metabolite classes (e.g., lipidomics).19

Metaproteomics Studies the environment and activity by measuring the proteins present
in an environmental sample.2°

Culturomics Methods to isolate, culture, and identify diverse organisms from a
microbiome.2!

Bioinformatics refers to the interdisciplinary field focused on interpreting biological data,
including algorithms to convert the highly complex data produced by omics technologies into
analyzable measures. For instance, bioinformatic pipelines are used to quantify the relative
abundances of bacterial species from the frequencies of known marker genes recovered in whole
genome metagenomics data.22

The Application of Machine Learning in Microbiome Research

Machine learning (ML) algorithms “learn” generalizable patterns from training datasets to make
predictions from future data.23 These algorithms play important roles in many aspects of meta-
omics and microbiome research, from data generation and processing all the way to data analysis.

One common use of ML algorithms is to create models that use microbiome features from
metagenomics, metabolomics, or metaproteomics data to predict disease states. The model is
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trained on a subset of the data including both healthy and diseased individuals, and then the
success of its predictive ability is determined using a separate group of individuals. Finally, the
most important features contributing to the model’s predictive success are identified. For
example, Innocente et al. created models using two different algorithms (random forest
classification and sPLS-DA) to demonstrate that the relative abundances of bacterial species could
predict whether a dog suffered from chronic enteropathy.24 The authors then combined the
selected taxa from each model with results from statistical models to identify taxa of interest.

Similar models have also been used to show the ability of microbial features to predict
physiological responses to dietary interventions. Korem et al. observed that several clinical
measures, including glycemic response, were highly variable and did not exhibit consistent
differences between people fed commercial white bread or homemade sourdough bread for week-
long periods.2s However, an ML algorithm using the relative abundances of bacterial species,
genes and genetic pathways at the beginning of the experiment was able to predict whether an
individual would have a better glycemic response to the sourdough bread or the white bread.

In regression problems, ML algorithms are trained to predict continuous outcomes, such as an
individual's age. Moreover, ML algorithms can be trained using multiple data modalities derived
from different technologies. Seo et al. generated age-predictive models in 568 South Koreans from
20 to 80 years old.2¢ A model based only on the relative abundances of microbes from 16S rRNA
sequencing data had a mean absolute error of 5.48 years. However, combining those data with
quantifications of urine metabolites produced a more accurate model with a mean absolute error
of only 4.93 years.

For some ML algorithms, the decisions made by the model are difficult to interpret, including the
reasons for selecting features and the specific combinations of values that lead to a particular
prediction. Strategies to overcome this include exploring the relationships between features and
outcomes with descriptive statistical approaches and selecting more interpretable algorithms.
Gou et al. created a microbiome risk score for type 2 diabetes based on the features selected by an
ML algorithm trained and tested in multiple cohorts of Chinese adults.2” One-unit changes in the
risk score led to 1.12-1.28 risk ratios in the examined test cohorts. Similarly, AlShawaqfeh et al.
used ML algorithms to identify a set of predictive quantitative PCR reactions and design a
predictive model for canine enteropathy, developing the canine dysbiosis index.28

In addition to predicting aspects of host health based on microbiome features, ML algorithms play
roles in data generation and processing. For instance, assigning taxonomic information to 16S
rRNA gene sequences is often performed using a machine learning classification algorithm
developed by the Ribosomal Database Project,? and mass-spectrometry-based omics approaches
utilize ML algorithms to pre-process spectra and predict molecular structures.3° The combination
of ML, omics pipelines, and automation is also fueling advances in efforts to isolate and culture
microbes. Huang et al. developed a framework for performing culturomics by automated
microbiome imaging and isolation (CAMII), in which an imaging system coupled to a robot
performs microbial colony picking based on the predictions of an algorithm using bacterial colony
morphology features as inputs.3! In a trial of the system in 20 individuals, nearly 27,000 isolates
making up 394 16S rRNA amplicon sequence variants were recovered.

Conclusion
The combination of advances in meta-omics, bioinformatics and machine learning have provided
necessary tools to study the microbiome in situ and to elucidate its importance in the health and
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development of animals. Further advances in culturomics, including the incorporation of
automation with rapid ML algorithms and omics pipelines will generate future opportunities to
identify and recover microbes of interest and combine traditional microbiology and omics
approaches.
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Glossary of Abbreviations

Al artificial intelligence

IoT Internet of Things

ML  machine learning

RFE Recursive Feature Elimination
VIF Variance Inflation Factor

Introduction: Why Build a Litter Box Monitor?

Despite being something that is often tucked away, the litter box really is a window into what is
going on with a cat in terms of their health and wellbeing. Fluctuations in feline elimination
behavior can indicate changes in emotional wellbeing, cat social dynamics in multi-cat households
and/or changes in health. Even latent or early signs of many common health problems in cats can
manifest as changes in elimination behavior. Disorders resulting in altered elimination patterns
are encountered frequently in feline practice.>23 Kidney and lower urinary tract diseases are
among the leading reasons that cat owners seek veterinary care. Identifying renal, urinary, or
digestive conditions in cats requires quantifying clinical signs, but veterinarians face challenges
due to limited access to information about a cat's elimination behavior. Typically, cats are seen
only once a year for check-ups or when symptoms are severe, limiting veterinarians' datapoints.
Pet owners often cannot accurately monitor their cats' elimination behaviors due to factors such
as secluded litter box placement and the crepuscular habits of cats themselves. Cats are great at
masking pain and discomfort and subtle cues in the form of change in behavior or output in the
litter box often go unnoticed even by the most attentive pet parents.

Visual cues from litter box use can indicate health issues, but these signs may be subtle and occur
in later disease stages. Many pet owners lack the knowledge to connect litter box behavior with
health problems. Video recording systems# or journaling effortss can significantly enhance the
tracking of elimination events, however these methods are often seen as invasive or too
cumbersome for pet owners to manage long term. To address these limitations we developed a
smart litter box monitor leveraging Artificial Intelligence (AI) technology to automatically track
and interpret feline weight and elimination behavior. With the progress of digital technology and
the rise of the Internet of Things (IoT), various industries are increasingly adopting connected
devices equipped with Al to gather and monitor data over time, and pet care is no exception. These
tools can play a vital role in our efforts to provide the best possible care for our pets.

Generating “Truth Data”: Letting Cats be Cats

We set out to design a digital tool that could automatically monitor the weight and elimination
patterns of cats and track changes in these patterns over time. We started by developing a platform
equipped with sensors that could slip seamlessly under a cat’s existing litter box without requiring
changes to the cat’s litter box set-up. This was critical for our data collection as we know that
changes in a cat’s litter box environment can be a source of stress for cats. We also wanted to
ensure that this data collection tool had a low profile so as to not pose a barrier for litter box entry
even for senior cats with more limited mobility. We deployed these data collection platforms
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together with video cameras (to use as a source of “truth data” to record all interactions that the
cats and their caretakers had with the litter box) into a wide variety of settings including both
single and multi-cat scenarios.

The key to impactful, insightful Al is the provision of high-quality data to fuel the training of
models during AI development. We collected data from over 300,000 litter box events cross-
referencing the sensor data with video recordings of each event to create a robust dataset that was
then used to develop algorithms to detect and track specific interactions with the litter box. In
short, we collected the sensor data streaming directly from the platform under the litter box in
time series with video footage from each event. The videos were then analyzed by a team of trained
video labelers to identify the context of the recorded event (e.g., Was it a cat? Which cat? What
was the cat doing? Was it a human? What was the human doing?), the start and stop of time of
each event, and a detailed account of the specific behaviors occurring (e.g., digging, urinating,
covering, scooping, adding litter). This labelled truth data was then synchronized with the raw
sensor data, enabling us to develop the Al to automatically translate the sensor data into insights
about the associated behavior.

Building the Al: Complicated Math Leads to Fruitful Models

Using machine learning (ML) modeling techniques we developed the capability to identify
individual cats (even from a multi-cat household), track their frequency of visits to the litter box,
classify those visits as a non-elimination or an elimination visit and, within elimination visits,
determine if a urination or a defecation occurred. We also developed the capability to track the
duration of these events and time of day patterns for specific litter box interactions. The system
also measures cat weights for each visit where the cat fully enters the litter box so we can track
weight fluctuations over time. The AT models were developed using a feature generation module
that allowed for the extraction of common features from the load cell time series of an event. The
event was then split into predetermined phases of elimination, as defined by previous research on
cat elimination behavior.¢ Features were built for the whole event and each phase to capture key
characteristics of the timeseries, enabling the AT model to learn better from the samples shown
for training. The extracted features were inputted into different machine learning models
(Weight, EventType, EliminationType, CatID, and ProperSetup) and feature selection techniques
(Variance Inflation Factor (VIF)7 and Recursive Feature Elimination (RFE)8) were used to identify
the best performing models.

Several core AI models were developed to enable tracking of the weight and elimination patterns
of individual cats:

¢ Weight Model: This model predicts the weight of a cat within +/- 100 grams. It uses load
cell data to identify stable parts of the data and calculate the weight estimate.

e EventType Model: This multi-label model distinguishes Cat Events from Non-Cat
Events. It includes classes like Cat In Box, Cat Outside Box, Partial Cat in Box, Human
Scooping, and more.

¢ EliminationType Model: This model predicts the type of elimination among non-
elimination, urination, defecation, and combo events.

e CatID Model: This model identifies unique cats in multi-cat households using weight-
based and feature-based machine learning algorithms.

¢ ProperSetup Model: This model detects if the device is set up properly (stable data) or
not (wobbly data) to optimize performance.
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For the classification models (EventType, EliminationType, IsCat, ProperSetup), recall, precision,
and/or F1 scores were used to determine the best performing models. Recall refers to the
proportion of true positive predictions out of all actual positives. Precision refers to the proportion
of true positive predictions out of all positive predictions (the actual values obtained via video
truth labels). F1 score is a metric that combines precision and recall giving an overall metric of
model performance, where F1 scores have a maximum value of 100% (indicating a perfect model),
and a target threshold of above 80% was set for all classes of interest. All of the developed Al
models exceed the basic 80% performance threshold metric, validating the use of load cell event
data to differentiate a cat event from a human event.

Within cat events, the Al identifies if a cat fully entered the box (EventType), which cat visited the
box (CatID), how much that cat weighed (Weight), what they did during the event
(EliminationType), and for how long they did it. The Weight Model accurately predicts the weight
of a cat within +/- 100 grams, establishing high-confidence prediction with an assumed device
variance of +/- 100 grams. This means we have high confidence in the ability of the monitor to
track weight gain/loss for cats over time. The CatID model was developed to identify unique cats
in multi-cat households. A multi-model approach using weight-based ML algorithms and feature-
based ML models was employed. Feature-based models synthesized behavioral features to
capture a cat’s signature “pawprint.” The CatID model performs well, but cats do change over
time, so the system requires periodic labeling of cat events (identifying which cat was actually in
the box) to maintain model performance, especially in households with high weight overlap
between the resident cats. As with any measuring device, data quality is tied to proper setup so
we developed a model to identify when adjustments to monitor placement (e.g., being on a level
surface, not getting hung up against a wall) are required. The ProperSetup Model optimizes
performance by alerting users to setup issues and requesting action by pet owners to ensure data
accuracy. The EventType Model and EliminationType Model transform the device from a smart
scale into an advanced technology that provides insights into cat elimination behavior. The
EliminationType Model has a weighted precision, recall, and F1 Score above 90%, indicating that
the model makes correct predictions 9 out of 10 times. The EventType Model performs very well
for events captured inside the litter box, but as you can imagine, sometimes confuses Cat Outside
Box events due to the inherent variety of behaviors cats do around the litter box (e.g., rubbing the
sides of the litter box, pawing the outside of the litter box, playing with toys near the litter box,
etc.) and accidental human events (e.g., bumping into the litter box with one’s foot). Future efforts
to build out reliable micro litter box and elimination behavior classes may mitigate these sensor
limitations.

Conclusion: A Sophisticated Tool

The smart litter box monitor described herein uses Al to learn each cat’s unique litter box patterns
and identify subtle but meaningful changes in weight, frequency, waste type and elimination
schedule. These changes are often overlooked by cat owners, but can be early signs of health
conditions requiring veterinary diagnosis. When a cat presents with possible signs for renal,
urinary, endocrine or digestive diseases veterinarians are encouraged to get information about: 1)
the duration and progression of clinical signs, 2) whether the episode was the patient’s first or a
recurrence, 3) interval between episodes and 4) presence of systemic signs (e.g., weight loss). The
smart litter box monitoring system we have developed provides exactly this type of data. For
apparently healthy cats, the same data for litter box use patterns can be used to track fluctuations
related to emotional wellbeing or satisfaction with the litter box environment. The smart litter box
monitor leverages Al technology that meets or exceeds the 80% target for performance, to track
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and interpret feline elimination behavior, providing comprehensive documentation of feline
elimination patterns of pet cats in their home environments. It has utility as a digital tool to move
us from a reactive to a proactive approach to health and wellbeing for cats.

Conflicts of Interest
The author is an employee of Nestlé Purina who funded the research and development described
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Glossary of Abbreviations
CKD Chronic Kidney Disease

Utility in Chronic Kidney Disease

Litter box monitoring devices may also be particularly helpful in the management of feline chronic
kidney disease (CKD) as they monitor not only weight but also urinary and fecal output. In this
session, the importance of monitoring defecation frequency will specifically be addressed. In
multiple species, a growing body of research supports the concept that there is significant
connection between the gut and the kidney,! and that both systems have important influences
upon the other with potential significant clinical implications. Cats with CKD have been
documented to have a fecal dysbiosis characterized by decreased fecal microbial diversity and
richness as well as increased gut-derived uremic toxins, both of which have implications for gut
health.2

Monitoring Defecation Frequency

The interactions between the gut and kidney are particularly germane to the discussion of
constipation. Constipation is a common clinical scenario in feline patients, particularly those with
CKD, and can lead to challenges in clinical management, poor quality of life and potentially poor
outcomes. Constipation is defined as the infrequent or difficult evacuation of feces. These
conditions may progress to megacolon, an abnormal dilation of the colon which is typically
associated with end-stage disease and permanent loss of colonic motility. Given the potential for
progression and dire consequences, exploring pathophysiology and encouraging more proactive
monitoring and patient assessments has the potential to improve outcomes.

The etiology of constipation associated with CKD is likely mainly a dysfunction of water balance.
As the kidney fails to provide appropriate urine concentrating ability and the patient fights with
chronic subclinical dehydration, water is reabsorbed from the colon to compensate. However
other factors such as hypokalemia, the use of phosphate binders, and an increase in uremic toxins
may also contribute to constipation in feline CKD patients.3® Additionally constipation may
exacerbate production of uremic toxins due to extended fecal dwell time for protein fermentation
and absorption. Human patients with CKD and constipation (defined by an abnormal Bristol
Stool Score) have higher concentrations of serum uremic toxins that patients with normal fecal
scores, and in experimental studies in other species showed uremic toxins have negative effects
on gastrointestinal motility.78 A CKD model demonstrated significant improvement in uremic
toxins, creatinine and even kidney histopathology subsequent to a regimen of lactulose.®

Importantly, decreased defecation frequency may be challenging to detect, and the caregiver may
not notice an overt problem until a crisis occurs. Litter box monitor devices may provide a helpful
assessment of defecation frequency. Cats with CKD with no history of overt constipation have
been observed to have a significant decrease in defecation frequency when litter box monitoring

(Quimby) Development and Practical Use of Litter Box Monitoring Devices for Feline Urinary Heath and Disease (Part 2 of 3)
Purina Institute Global Summit 2025 | Technologically Empowered Veterinary Care | 30 April-1 May 2025 | Saint Louis, Missouri, USA
The opinions expressed are those of the individual author(s) and do not necessarily reflect the views of Nestle Purina PetCare Company or its affiliates.

24


mailto:Quimby.19@osu.edu

devices are used to track litter box habits.1o* Litter box monitors may provide the ability for early
disease detection and intervention as well as monitoring response to therapy.

Patient Assessment

Clinical history is very important in the assessment of constipation. Important questions include
the frequency of defecation, time spent defecating, the degree of difficulty, straining, or vomiting
associated with defecation as this information may not be volunteered by the caregiver. Repeated
visits to the litter box or straining may be misinterpreted as straining to urinate or vice versa. This
is where litter box monitoring devices may be useful in gathering pertinent information. Character
of the stool should be discussed. Location and accessibility of litter boxes as well as box hygiene
is also important information to capture. Fecal pellets left around the house may also indicate
trouble with defecation.

Hydration status is a crucial part of patient assessment and should be recorded in the medical
record. Physical exam should include palpation of the colon and may reveal small hard feces in
the descending colon with a build-up of fecal material before the pelvic inlet, or, in more severe
cases, a large amount of hard fecal material in the colon. Assessment for stifle, lumbosacral or hip
osteoarthritis may also be helpful as significant arthritis may affect posturing make defecation
more difficult. A rectal exam should be performed when possible to rule out abnormalities and
the anal glands should be assessed to ensure they are not interfering with fecal evacuation.

Minimum database is important to identifying contributing factors such as hypokalemia.
Diagnostic imaging including minimally abdominal radiography +/- abdominal ultrasound is key
to assessing the fecal burden, the colon and the musculoskeletal structures.!2

Nutritional Management

Hydration is not only important for promoting appropriate stool density but it is also vital for
mucin layer which promotes motility. Decreased transit time is associated with drier and harder
stools due to extended time for water reabsorption.'s Therefore addressing hydration status is the
key primary component to medical management. Feeding canned food instead of dry, adding
water to food, or changing viscosity of water are other ways to potentially increased water
consumption. Paying special attention to water sources in the house — fresh, accessible, water
fountains etc., is also key. If possible, supplementation with free water (orally or with a feeding
tube) is preferred to avoid the sodium load that comes with the electrolyte solutions available for
subcutaneous use. However maintaining hydration by administering subcutaneous balanced
electrolyte solutions appears to anecdotally improve appetite, activity and quality of life and
reduce constipation in CKD patients, although no clinical trials have been performed.4s
Hydration should be assessed in all patients and corrected as needed in order to facilitate the
efficacy of other treatments (e.g dietary fiber and laxatives).

A combination of soluble (easily fermentable) and insoluble (poorly fermentable, bulking) is
typically recommended for management of constipation, however few studies have been done in
cats. Insoluble fiber adds bulk, draws water and stimulates colonic motility. Soluble, fermentable
fibers are associated with production of SCFA by colonic bacteria, an important nutrient for
intestinal epithelial cells.®® However this is a generalization and not all soluble fibers are
fermentable nor are all insoluble fibers unfermentable, and there is a range of fermentability for
each fiber type. A psyllium-enriched diet was found to be helpful in management of feline
constipation (not associated with CKD) in a previous open field trial and led to a decrease in the
concurrent use of laxatives and promotility agents.””? However, in CKD patients a renal diet would
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be the preferred therapeutic diet of choice, therefore fiber sources (psyllium 1-4 tsp daily) are
commonly added to canned food. The efficacy of these types of fiber on the management of
constipation has not been assessed in patients with CKD. In general trial and error for types of
diet and fiber that might benefit an individual patient is anticipated.

Medical Management

Hypokalemia should be identified and addressed. Although the efficacy of potassium
supplementation has not been evaluated in patients with constipation, potassium is necessary for
both smooth and skeletal muscle function and hypokalemia has been identified as a risk factor in
cats presenting for constipation.® A reasonable therapeutic goal is maintaining serum potassium
>4 meq/L. Medical management of osteoarthritis may also be an important adjunctive treatment
for constipation in elderly patients to facilitate appropriate posturing during defecation.
Environmental management that includes accessible, yet private litter boxes is key. After
correction of hydration imbalance and hypokalemia, oral osmotic stool softeners are often a major
part of management of constipation. Polyethylene glycol 3350 is an osmotic that has been
assessed in normal cats and found to be effective for softening stool.»8 It is commonly prescribed
(1/8 — 1/4 tsp q 12-24 hrs titrated to effect) and is thought by some to be more effective than
lactulose which is processed by intestinal microflora and may lead to bloating.'® Another
important consideration is that polyethylene glycol comes as a powder that appears to be well
tolerated (and more likely to end up in the patient as opposed to all over it). Promotility agents
are a common form of medical management for constipation. Cisapride (2.5-5 mg/cat q 8 hr) is
the most common promotility medication used. Although supported by feline-specific
pharmacokinetics and a demonstrated positive effect on contractility in normal and abnormal
feline colonic smooth muscle in vitro,'9-2° it has not been assessed in clinical trials. Probiotics may
be a helpful adjunctive therapy. In one uncontrolled clinical trial assessing probiotic use in
medically refractory idiopathic constipation, 7/10 cats had clinical improvement in fecal
consistency.2!

Conclusion

Utilization of litter box monitors can aid in management of feline CKD. Prompt identification of
constipation is key to improving outcomes. Improved monitoring to allow earlier detection of
disease and gauge respond to therapy will help tailor management.
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Glossary of Abbreviations

LUTD Lower urinary tract disease
LUTS Lower urinary tract signs

FIC Feline idiopathic cystitis
FLUTD Feline lower urinary tract disease

Introduction

Lower urinary tract (LUT) diseases in cats can present with various clinical signs, including
hematuria, stranguria, pollakiuria, dysuria, and periuria. Recently, it has been proposed to move
away from the acronym "FLUTD" when describing cats with lower urinary tract signs (LUTS) as
the term is not a true diagnosis, fails to accurately describe the underlying cause of clinical signs,
and may lead to a premature diagnostic conclusion.! Instead, the verbiage "lower urinary tract
diseases" is recommended, as it more accurately reflects the multiple potential causes of LUTS
rather than suggesting a singular diagnosis.!

Feline idiopathic cystitis (FIC), crystalluria (20-50 crystals/hpf along with clinical signs),
urolithiasis, bacterial cystitis, urethral obstruction, neoplasia, neurogenic disease and behavioral
issues are all examples of feline lower urinary tract diseases, with FIC representing 55-67% of
cases.>3 When presented with a patient experiencing LUTS, it is the responsibility of the clinician
to thoroughly investigate all possible causes, each and every time. It should never be assumed that
recurrent LUTS always have the same underlying cause as often they do not.3 Physical
examination, urinalysis, and imaging of the urinary tract should be considered a minimum
database in order to arrive at a definitive diagnosis and execute a proper treatment plan.

Generally speaking, FIC is a diagnosis of exclusion and based on current evidence, still represents
a complex systemic disorder with a lack of distinguishing signs or testing. The cause is widely
accepted as a link between environmental stress, anxiety/fear, activation of the central threat
response system and subsequent bladder inflammation and pain.4 Often, feline patients
suffering from FIC also have multiple concurrent nervous, endocrine and/or immune
abnormalities present.5 For as many as 36-61% cats, FIC is a chronic and recurrent syndrome.4°
especially for those cats who also experience higher levels of fear and anxiety-related problems.4

Management of FIC requires a combination of analgesia to address the acute pain, but also
environmental modification to reduce the likelihood of activating the central threat response
system and prevent reoccurrence.4 In some cases FIC may lead to obstructive disease, therefore
early detection and prompt intervention of clinical signs can be lifesaving. Because cats by nature
hide illness and pain as a survival mechanism, FIC may become quite progressed by the time the
caregiver recognizes there is a problem. This can ultimately lead to extended periods of pain,
negative welfare and potentially life-threatening obstruction for the patient. Litter box monitoring
devices are a useful modality when it comes to detecting subtle changes in toileting and can
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promptly alert the pet parent to a potential problem, such as increased frequency of trips to the
litter box or failure to urinate when in the box.

Bladder neoplasia is another excellent example of a LUT disease where litter box monitoring
devices may be helpful for disease management and identification of progression. The urinary
bladder is the second most common site of urinary tract neoplasia in cats after renal lymphoma,
with urothelial carcinoma (previously termed transitional cell carcinoma) the most common type
of bladder neoplasia reported.”# Over time, uncontrolled pain or progression of the tumor size
will result in the development of LUTS, an inability to urinate, and changes in patient body weight.
A litter box monitor will alert the caregiver to these changes, prompting them to seek veterinary
care.

Urolithiasis is another important cause of LUTD in cats, making up 20-23% of all cases.o'° Over
the past several decades, there have been changes in the composition of feline urinary tract stones.
From 1985-1995, 80% of stones were reportedly struvite, however from 1995-2005 calcium
oxalate became more common.9 Possible over-acidification of commercial cat food has been a
proposed reason for this shift in stone composition.? Since 2005 however, struvite (magnesium
ammonium phosphate) has once again become more common than calcium oxalate. Today, both
types make up 90-95% of all feline uroliths worldwide.? Urate stones follow as the next most
common (~ 5%), followed by even rarer types including cystine, xanthine, silica, and blood stone.?
Recently in the last year there have been reports of a new stone type containing antiviral
compound GS-441524 used for the treatment of feline infectious peritonitis.™

Dissolution of struvite urolithiasis without the need for surgical intervention, and the prevention
of struvite and calcium oxalate uroliths is now possible thanks to the development of diets that
promote urine dilution, lower urine pH, low relative supersaturation, and alter urine mineral
solute concentrations.’2 For these patients prone to urolithiasis, litter box monitoring devices can
be used to assess a patient’s urination habits when efforts to increase water intake are being made,
and will also alert the pet parent in the event urination habits change.

Conclusion

In summary, litter box monitoring devices have the opportunity to provide excellent monitoring
at home for many lower urinary tract diseases in cats. By keeping the pet parent aware of changes
in toileting behaviors and body weight, better care can be provided, positively impacting feline
welfare.
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FMT fecal microbiota transplantation

LEfSe Linear Discriminant Analysis Effect Size

OMS overall memory scores

PCoA Principal Coordinates Analysis
PERMANOVA permutational multivariate analysis of variance
WGS whole-genome shotgun

Introduction

The gut microbiome is the entire community of microorganisms in the gastrointestinal tract,!
which provides essential nutrients for the host and affects host metabolism, nutrition, gut health,
immunity, and other aspects of host physiology.>3 The composition and abundance of the gut
microbiome are directly influenced by diet4 and host genetics.5¢ Most of the gut microbiome
development and maturation knowledge comes from human literature. It is now well established
that infants are not born with an adult-type microbiome; rather, the gut flora undergoes a
progressive transformation from a relatively simple, newly inoculated neonatal microbiome to a
complex, functionally mature adult-like microbial ecosystem.” In contrast, our understanding of
microbiome development in dogs remains limited. Only a couple of longitudinal studies have
investigated the temporal dynamics, primarily relying on 16S rDNA sequencing approaches,9
which offer limited taxonomic resolution and insufficient insight into functional potential.

A Significant Shift in Microbiome Composition from Birth to Six Months of Age
Using WGS metagenomic sequencing, we characterized the developmental dynamics of the
canine gut microbiome by analyzing 238 fecal samples collected longitudinally from 16 puppies
from birth to 24 weeks of age. A total of 6 Tbp sequences were generated, with an average of over
160 million reads per sample, offering unprecedented resolution into the microbial composition
and functional profile during early life. At birth, the puppy's microbiome exhibited low microbial
diversity and was dominated by Proteobacteria, resembling the microbial communities found in
the maternal skin and vaginal microbiome. A significant shift in phylum-level composition
occurred through the peak of lactation until weaning (6 weeks), and the rank order of abundance
among the 5 major phyla diverged markedly from that observed in the adult canine microbiome.
We define this initial period (0~6 weeks) as Phase I, or the developmental phase, hallmarked by
a linear increase in alpha diversity and significant changes in phylum-level composition. During
Phase II, or transitional phase (6~12 weeks of age), microbial diversity continued to increase
before reaching a plateau. While compositional changes at the phylum level persisted, the relative
rank order of the 5 dominant phyla remained unchanged. By 12 weeks of age, the composition
and diversity of the puppy microbiome closely resembled that of adult dogs. Therefore, we
concluded that dog microbiome reaches a mature profile between 9 and 12 weeks of age in
development, which roughly corresponds to 2~6.5 years of age in human infants.'© Given that the
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human gut microbiome was reported to reach adult-like maturity by 3 years of age," this timeline
aligns well between humans and dogs.
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Microbiome Age from Featured Microbial Species Predicts Chronological Age

Through unsupervised clustering analysis using the lowest Laplace approximation criterion, we
identified 5 distinct clusters of microbiome profiles across 238 longitudinal samples. These
clusters demonstrated clear correspondence to the three defined phases of microbiome
maturation, as confirmed by PERMANOVA analysis. To further elucidate phase-specific
microbial signatures, we employed Linear Discriminant Analysis Effect Size (LEfSe), which
identified 31 featured species that were significantly enriched in one or more developmental
stages. These featured species were subsequently utilized to construct a predictive model of
microbiome age using a machine learning framework.2 This Random Forest model exhibited a
high predictive accuracy, achieving a Spearman correlation coefficient of 0.931 within 18 weeks
of age. In children, persistent immaturity of the gut microbiome has been reported to be
associated with malnutrition.'s The nearly perfect correlation between predicted microbiome age
and chronological age established the canine microbiome age as a potential biomarker for
assessing the developmental status of the canine gut microbiome, which could be utilized to
identify deviations from expected maturation trajectories, offering a powerful tool for detecting
delays or disruptions in microbiome development. Such delays may result from dietary
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imbalances, pathogenic infections, environmental stressors, antibiotic exposure, or other
perturbations during critical periods of early life. This early detection can inform potential
interventions, such as the administration of prebiotics, probiotics, or fecal microbiota
transplantation (FMT), to restore a healthy and mature microbiome.

Prevotella copri |
Firmicutes bacterium CAG:110 |
Clostridium sp. CAG:169 I
Escherichia coli-{ I 18] 31 species (variable importance > 40)
Allobaculum stercoricanis-/ I 174
Fournierella massiliensis- [ NN 16
Firmicutes bacterium M10-2-{ i
Faecalibacterium prausnitzii{ GG 154
Proteobacteria bacterium CAG: 139 14
Faecalibaculum rodentium-{ 134
Adlercreutzia equolifaciens
Clostridium perfringens . 124
Slackia faecicanis Variable Importance 114
Ruminococcus gnavus 104 .
Turicibacter sp. TS3 200
Coliinsella intestinalis
Candidatus Amulumruptor caecigallinarius: 150
Holdemanella biformis:
Firmicutes bacterium CAG:646
Staphylococcus pseudintermedius. 100
Clostridium sp. CAG:58
Clostridium sp. CAG:299
Enterococcus faecium
Dorea sp. CAG:317-
Dubosiella newyorkensis
Shigella sonnei

Predicted microbiome age (weeks)
w

negative correlation with age

I . Spearman's p = 0.931
I . P=22x10"8

il il nllh L L
-

0 50 100 150 200 12345678810 12 14 16 18
Variable Importance Chronologic age (weeks)

Developmental Increase of a Bifidobacteria Species Associated with Short-term
Memory Performance

Memory has been identified as the least heritable cognitive trait in domestic dogs,4 suggesting a
substantial influence of non-genetic factors. To investigate the influence of the gut microbiome
on memory performance, we assessed overall memory scores (OMS) in a cohort of 27 young dogs
at three developmental timepoints (3, 6, and 12 months of age). Using a Random Forest regression
model, we evaluated the predictive value of variables such as sex, litter, and breed identity, all of
which demonstrated minimal importance for predicting OMS. Although a trend toward improved
memory performance with age was observed, it did not achieve statistical significance. In the gut
microbiome, a single bacterial species, Bifidobacterium pseudolongum, was identified and
confirmed to be associated with elevated OMS.!5 This finding parallels human studies, in which
Bifidobacterium longum 1714 has been linked to improved memory and reduced stress via neural
modulation mechanisms.'%7 However, in our canine study, B. longum exhibited a 100-fold lower
relative abundance compared to B. pseudolongum and showed no association with working
memory, suggesting species-specific differences in host-microbe interactions and neurocognitive
modulation. Importantly, B. pseudolongum is one of the 31 featured bacterial species identified
as predictive markers of microbiome age. It was nearly absent in the newborn puppy microbiome
and became significantly enriched during Phase III of microbiome maturation. These findings
suggest a potential psychobiotic role of B. pseudolongum in canine neurodevelopment and
cognition, supporting further investigation into its mechanistic contributions to memory in dogs.

A Natural Outbreak of Pathogenic Infections Rewinds the Puppy Microbiome
Clock and Delays Microbiome Maturation

During the longitudinal microbiome study, two dogs were affected by a natural outbreak of
Salmonella infection. Fecal samples were collected from symptomatic puppies and subjected to
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WGS metagenomic sequencing for comparative microbiome analysis. Principal Coordinates
Analysis (PCoA) of beta diversity, based on Bray-Curtis dissimilarity at the species level, revealed
significant separation among gut microbiomes corresponding to the three defined phases of
development (PERMANOVA, P < 0.001). Among healthy animals, individual developmental
trajectories followed the expected progression through the defined phases of microbiome
maturation. For example, puppy dog20009 exhibited a well-ordered transition from Phase I to
Phase II to Phase III, with microbial community profiles advancing in accordance with
chronological age and microbiome age predictions. In contrast, dog19o02 tested positive for
Salmonella infection between 10 and 12 weeks of age, and showed a significant delay in the
development of its microbiome. The trajectory wandered around the Phase II region, failing to
progress toward a stabilized adult-like composition. Notably, at 24 weeks of age, the microbiome
was comparable to that of healthy 5~6-week-old puppies, as determined by microbiome age
estimation. Enteric infections can severely disrupt the normal gut microbiome development in
puppies, making microbiome age a useful indicator for detecting delays and necessitating early,
microbiome-targeted interventions to restore healthy maturation.
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Conclusion

In conclusion, our longitudinal metagenomic analysis reveals a significant and structured shift in
gut microbiome composition in dogs from birth to six months of age, delineating three distinct
developmental phases characterized by increasing microbial diversity and taxonomic complexity.
Through machine learning approaches, we identified a panel of 31 featured microbial species
whose relative abundances reliably predict chronological age, establishing microbiome age as a
potential biomarker for gut microbiome maturation. Among these species, Bifidobacterium
pseudolongum demonstrated a developmental increase in abundance during the stabilization
phase and was positively associated with short-term memory performance in young dogs,
suggesting a potential psychobiotic role in cognitive development. Furthermore, A natural
outbreak of Salmonella infection provided clear evidence that pathogenic perturbations can
significantly delay gut microbiome maturation. Species-level microbiome analysis facilitated
accurate predictions of microbiome age, enabling a quantitative assessment of developmental
delays associated with potential gut health issues. These findings revealed the importance of
maintaining microbial homeostasis during early life and highlight the microbiome age as a useful
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indicator of gut development, supporting the need for early, targeted interventions to restore
healthy microbial trajectories.
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Abstract

Chronic kidney disease (CKD) is the leading cause of mortality in aged cats. After injury, feline
kidneys undergo extensive metabolic reprogramming, but a comprehensive evaluation is lacking.
Integration of serum metabolome from 15 early stages, 6 late stages CKD and 14 healthy control
cats with renal cortex and medulla transcriptome and proteome reveals spatiotemporal patterns
of gene and protein expression changes. In the early stages, there are 6 differentially expressed
genes in the cortex, but ~2000 in the medulla. The number in the cortex increases to >4000 in
late stages. The study provides evidence of deranged bioenergetics in CKD: circulating fatty acids
and acylcarnitines accumulate, while genes and proteins involved in fatty acid transport and
oxidation are downregulated. Glucose and pyruvate metabolism is altered. Impaired glutamine
metabolism contributes to both energy deficiency and acid-base imbalance. Additionally, there is
a downregulation of redox enzymes, and overexpression of proinflammatory mediators in CKD.
Gene expression of TGFf1 is strongly and positively correlated with that of other fibrogenic genes.
Finally, hypoxia signaling pathway is upregulated, and negatively correlated with SGLT2
expression. These data unveil profound metabolic abnormalities in feline CKD.
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Glossary of Abbreviations

HF heart failure

ML machine learning

MMVD myxomatous mitral valve disease
SVM support vector machine

Introduction

In-silico modeling is a powerful tool used in biological research, offering significant advantages
over traditional laboratory methods by allowing virtual experimentation that saves time and
resources.! This approach enables the simulation of complex biological phenomena, providing
valuable insights into the dynamics, design, and evolution of biological systems. Additionally, in-
silico modeling aids in predicting the behavior of these systems under various conditions,
facilitating hypothesis generation and testing.2 Overall, it is a versatile and impactful method that
advances our understanding of biological systems and supports the development of novel
nutritional solutions.3

Machine learning (ML) approach handles vast amounts of complex biological data, such as
genomic sequences, protein structures, and metabolic pathways.4+ ML algorithms can process and
analyze these large datasets efficiently, uncovering patterns and insights that might be missed by
traditional methods.5 In addition, ML can create the predictive models to forecast biological
outcomes. For example, it can predict disease progression, small molecule responses, or the
effects of genetic mutations. These models help in understanding and potentially mitigating
health issues. Overall, the ability of ML to handle and analyze complex biological data makes it an
invaluable tool in advancing our understanding of biology and improving healthcare outcomes.

In this presentation, we will explore the application of in-silico modeling and machine learning
approaches to advance our research in companion animal nutrition. By leveraging computational
simulation and predictive algorithms, we aim to optimize nutritional formulations, enhance
ingredient selection, and improve overall pet health benefits. Our innovative methods allow us to
analyze vast datasets, uncover hidden patterns, and make data-driven decisions that contribute
to the development of novel nutritional solutions.

Protein-Ligand Molecular Docking Simulation

Molecular docking simulations can play a pivotal role in the development of innovative, safe, and
high-quality nutritional solutions, profoundly influencing the field of food science& nutrition.67
These simulations enable the prediction of interactions between molecular receptors and
bioactive peptides derived from diet at the molecular level, which is essential for the creation of
functional foods with specific health benefits. The utilization of docking simulations significantly
reduces the need for extensive laboratory experiments, thereby saving time and resources and
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enhancing the efficiency and cost-effectiveness of the research process. This approach allows for
the rapid identification of effective compounds from a vast amount of natural compounds present
in dietary ingredients. In our study, we employed in-silico screening and docking simulations to
identify compounds with high affinity for the target receptor. The docking simulation process
encompasses several critical steps, including:

1. Molecule Preparation: Both the compounds and target proteins are optimized and
prepared in the correct form for docking.

2. Binding Site Selection: The binding site on the target protein, typically a pocket where
the ligand is likely to bind, is identified.

3. Docking Process: The compound is virtually docked into the binding site of the target
protein using various algorithms to explore different orientations and conformations of
the ligand within the binding site.

4. Scoring Function: Each potential binding orientation is evaluated using scoring
functions to estimate the strength and stability of the interaction between the ligand and
the target protein.

5. Analysis: The best-scoring orientations are analyzed to understand the binding
interactions, including hydrogen bonds, hydrophobic interactions, and electrostatic forces.

The binding affinity of a ligand is calculated using a scoring function that integrates multiple
components to estimate the free energy of binding. Autodock Vina89 uses an empirical scoring
function, derived from experimental data and statistical analysis, to estimate binding affinity by
summing various energy terms. These terms include steric interactions, hydrogen bonding,
desolvation, and rotational and translational entropy. Steric interactions are modeled using a
Lennard-Jones potential to represent van der Waals forces as follows:

V(r) = 4e [(;) - (;)6] 1)

where V(r) is potential energy as a function of energy of distance r between two atoms, ¢ is the
strength of the interaction, o is the finite distance at which the inter-particle potential is zero and
r is the distance between two atoms. Hydrogen bonding interactions are modeled using a term
that incorporates both the geometric and energetic characteristics of hydrogen bonds. This
function is generally expressed as follows:

12

c
Epp = % (2)

where Ejyp is the energy contribution from hydrogen bonding, Cy is a constant that represents
the strength of the hydrogen bond, and r5 is the distance between the hydrogen donor and
acceptor atoms. The desolvation term estimates the energy change that occurs when water
molecules are removed from the binding site as the ligand binds to the target. This term's
functional form is expressed as follows:

Edesolvation = Zi,j Sij 'AGsolvation(irj) (3)

where Egesomvation 1S the desolvation energy, S;; is a solvation parameter that depends on the types
of atoms i and j, and AGg,ipation (i, J) is the solvation free energy change for atoms i and j. The
specific functional form of the rotational and translational entropy terms is not explicitly
described. Nevertheless, the scoring function incorporates an empirical penalty to account for the
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loss of these entropies upon binding. This penalty is quantified as a constant value multiplied by
the number of rotatable bonds in the ligand.

Figure 1(a) presents the predicted canine receptor model employed in this study. Figure 1(b)
depicts a comparative analysis between the human crystal receptor structure (cyan) and the
predicted canine receptor model (red), derived from protein sequences. The superimposition of
these structures reveals a high degree of conformational similarity. Based on this structural
resemblance, as demonstrated in Figure 2(b), we propose that the binding pocket of the canine
receptor is likely positioned analogously to that of the human receptor.

(b)

Figure 1. (a) The receptor model targeted in this study. (b) Comparative analysis with
the human receptor crystal structure. The overall conformation of the two structures
exhibits significant similarity.

Docking validation with the existing crystal structure complex is necessary before screening other

compounds because it ensures the accuracy and reliability of the docking results, helping to

identify the promising compounds for further product development. The simulation accurately

predicted the ligand binding pose on the model structure, as illustrated in Figure 2. The

reference compound (cyan) binds to the active binding pocket, and its predicted binding pose (red)
closely matches the crystal structure.

Figure 2. Docking validation was
confirmed using the reference (cyan)
crystal structure. The predicted
binding pose was well-positioned to
mimic the ligand crystal structure
(cyan).

After identifying the binding pocket and validating the docking process, a large number of
compounds were positioned in the specified binding site, and their binding energies were
calculated to assess affinity strength. As shown in Figure 3, compound 1 (pink) was docked in
the binding site with a binding energy of -10.5 kcal/mol, whereas the reference compound (light
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blue) exhibited a binding energy of -8.2 kcal/mol. All compounds were ranked based on their
binding energies to prioritize them for further study or development. In principle, lower binding
energies (in kcal/mol) indicate better affinity.

Figure 3. Compound 1 (pink) and the
reference compound (light blue) are
shown binding to the receptor with
binding energies of -10.5 kcal/mol and
-8.2 kecal/mol, respectively.

Several thousand compounds were screened. In Autodock Vina, a binding affinity threshold value
of -7.0 kcal/mol is typically considered good. Values below this threshold generally indicate strong
binding between the ligand and the receptor. However, the exact threshold can vary depending
on the specific system and context of the study. The binding energy, also referred to as binding
affinity, of various natural compounds was predicted as illustrated in Figure 4. A lower binding
energy indicates a higher binding affinity to the receptor.
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Data-driven Machine Learning Study

Machine learning (ML) models were developed to predict canine biological age using proteomic
data and to assess the progression of myxomatous mitral valve disease (MMVD) using
metabolomic data from urine or blood samples, employing various algorithms to analyze and
classify the relevant biological markers. These models provide valuable insights for understanding
aging in dogs and managing the progression of MMVD.® The initial biological-age model
exhibited suboptimal performance, with an R-squared value of 0.68 when utilizing the entire
dataset of 3000 proteins, as depicted in Figure 5(a). However, after identifying 24 key protein
biomarkers from the 3000 proteins and re-training the model using only these key proteins, its
performance improved significantly, achieving an R-squared value of 0.84, as shown in Figure

5(c).
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Figure 5. Machine learning model predicts (a) canine biological age and identifies (b) 24
key biomarkers from 3000 protein profile. These biomarkers enhance (¢) the prediction
performance of the model.

The progression of canine myxomatous mitral valve disease (MMVD) was analyzed within the
latent space, as depicted in Figure 6(a). The disease progression is categorized into four distinct
stages: healthy control (CON), initial stage of MMVD (B1), intermediate stage of MMVD (B2), and
heart failure (HF). Notably, the health control group (dark blue) is distinctly separated from the
heart failure group (brown), as illustrated in Figure 6(a). The early progression of MMVD (B1)
was also distinguished from the healthy control group (CON) with an accuracy of 85%, as shown
in Figure 6(b).
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Figure 6. (a) The machine learning model predicts the progression of canine myxomatous mitral valve
disease (MMVD). As the disease advances, each group becomes distinct, with symbols moving to the right
in the latent space. The health control (CON) and heart failure (HF) groups are completely classified. (b)
The support vector machine (SVM) distinguishes between healthy control (CON) and the first stage (B1) of
MMVD with an accuracy of 85%.
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Conclusion

In-silico modeling and machine learning techniques offer numerous advantages in research and
development of novel nutritional solutions. Protein-ligand docking simulations enable the rapid
and efficient screening of large compound libraries to identify those most likely to bind to target
proteins, while also optimizing lead compounds for enhanced effectiveness. This approach is both
cost-effective and faster than traditional experimental methods, making molecular docking an
essential tool for preliminary studies prior to more expensive research studies.

Additionally, we have developed machine learning algorithms have been applied to estimate the
biological age of dogs using proteomic data and to predict the progression of canine myxomatous
mitral valve disease (MMVD) through metabolomic data. The careful selection of specific protein
biomarkers significantly enhanced the performance of these models compared to those utilizing
the entire protein profile. Notably, the classification model for predicting stages of MMVD
achieved over 85% accuracy in distinguishing between healthy dogs and those in the early stages
of the disease.

Overall, these computational techniques provide substantial benefits in nutritional discovery.
Molecular docking simulations facilitate rapid compound screening and lead optimization, while
machine learning algorithms enhance the prediction and classification of canine diseases,
demonstrating high accuracy in identifying disease stages and estimating biological age. Together,
these technologies streamline research, making them invaluable tools for developing novel
nutritional solutions.
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Glossary of Abbreviations

NCDs Non-communicable diseases
T2D Type 2 diabetes

CVD Cardiovascular disease

PN Precision nutrition

SNPs Single nucleotide polymorphisms
ML  Machine learning

Introduction

In general, malnutrition (undernutrition and overnutrition) is considered one of the main factors
contributing to the global burden of non-communicable diseases (NCDs) such as obesity,
metabolic syndrome, type 2 diabetes (T2D), hypertension, cardiovascular disease (CVD), liver
damage, and some types of cancer. The chronic consumption of high-calorie diets rich in sugar,
saturated fat, and sodium, as well as deficiencies in specific essential nutrients, contribute
substantially to the rising prevalence of these diseases.! In response to this important challenge,
national and international guidelines and general recommendations have been established to
promote healthy nutritional habits and lifestyles, although these have had a minimal impact. This
may be partly related to the fact that the “single or total diet” nature of these dietary guidelines
does not consider the biological and sociocultural factors driving human eating behavior, which
has led to the development of tailored strategies to improve dietary patterns and public health. In
this context, Precision Nutrition (PN) is defined as a methodology to integrate multiple
information at scale to developing targeted and comprehensive nutritional recommendations for
individuals and population subgroups.2 In fact, PN includes genetic, epigenetic, metagenomic and
metabolomics insights from high-throughput technologies for the global analysis and
characterization of large sets of biological molecules involving diverse metabolic pathways, with
a wide spectrum of bioinformatics data and analytical tools. PN also takes into account
socioeconomic and psychosocial characteristics, food environments, and other clinical features
such as perinatal feeding, health status, circadian rhythm, dietary patterns, eating behaviors, and
physical activity. Moreover, the integration of nutrition with omics technologies has given rise to
“nutriomics”, whose term refers to the emerging areas of nutrigenomics, nutrigenetics,
nutriepigenetics, nutrimetabolomics, and nutrimetagenomics to the better understanding of the
complex interactions between nutrients, diet, and the human body’s molecular processes.3 This
document provides an overview of nutriomics to guide their application in clinical and public
health as well as visualize the integration of these disciplines into a holistic approach for PN in
health and disease.

Nutrigenetics

Nutrigenetics focuses on studying responses to foods or diets based on each person's genotype.
Genome-wide sequencing studies and candidate-gene approaches have identified a number of
mutations, structural variants or genetic polymorphisms influencing individual health outcomes
upon dietary consumption, which are mapped to genes regulating adipogenesis, energy intake,
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appetite, taste perception, lipid metabolism, insulin resistance, and inflammation.4 Indeed, single
nucleotide polymorphisms (SNPs) are the most widely studied genetic variations in the field of
PN. In a first approach, nutrigenetic studies have identified SNPs associated with NCDs by
interacting with dietary factors. Examples include SNPs in genes involved in one-carbon
metabolism, such as MTR and MTHFR, which may increase the risk for breast cancer in
genetically susceptible individuals with dietary deficiencies of folate, vitamin B6, and vitamin
B12.5 Also, an increased risk of hypertension® and CVD” was reported in moderate and heavy
coffee drinkers carrying the CYP1A2 rs762551 SNP. Likewise, SNPs in the VDR gene were
associated with the presence of osteoporosis in postmenopausal women with low calcium
intakes.® Whereas, SNPs in lipid-related genes such as APOA1 and APOC3 were linked to
metabolic syndrome predisposition in subjects adopting a Westernized dietary pattern.® In a
second approach, studies have analyzed relevant SNPs-diet interactions related to the
heterogeneous responses to nutritional interventions aimed at weight loss or metabolic
improvements. For instance, overweight individuals carrying the risk allele of the FTO rs1558902
SNP underwent greater reductions in body weight, body composition, and fat distribution after
consuming a high-protein diet, whereas an opposite genetic effect was observed in response to a
low-protein diet.'e Similarly, greater decreases in blood cholesterol and LDL-c were found in
carries of the APOA5 rs964184 SNP upon the intake of a low-fat diet."* Besides, a high-
carbohydrate diet led to better improvements of insulin resistance measurements in participants
with the IRS1 rs2943641 SNP than those without this variant. Furthermore, a third approach
consist of evaluate disclosure of nutrigenetic tests on modifying eating habits. In this regard,
participants receiving information concerning a risk version of the ACE gene significantly reduced
their sodium intake after be advised about the risks of high-sodium consumption and implications
of genetic susceptibility, as compared to the control group.'2 Also, individuals who were informed
about their FADS1 genotype reported fewer barriers for the consumption of omega-3 fatty acids
and were more aware of their beneficial role on health, as compared with those who did not receive
their personal genetic information.!3 In addition, participants who received personalized nutrition
targeting SNPs in nutrient-responsive genes showed greater Mediterranean diet scores than those
who received conventional dietary advice.

Nutrigenomics

Nutrigenomics refers to the study of the role of diet or nutrients on gene expression regulating
critical metabolic pathways, whose alterations are linked to the onset of metabolic disturbances
and diseases. For instance, it has been reported that consumption of a Western dietary pattern
(characterized by high intakes of red and processed meats, sugary drinks, dairy and refined grain
products, and industrialized foods) may increase the expression of genes related to inflammatory
response and cancer signaling than those consuming high amounts of fruits, vegetables, and
whole grains.’s High-fat/high sugar diets have also shown to induce upregulation of genes
involved in glucose intolerance, insulin resistance, inflammation, hepatic lipid accumulation, and
obesity development.4 Meanwhile, diets with deficiencies in micronutrients such as choline,
folate, chromium, selenium, vitamin B12, and vitamin A could increase the risk of fatty liver,
T2DM, and CVD via dysregulation of lipogenic, insulin signaling, and proinflammatory genes.4
On the other hand, the beneficial health effects of some diets have been related to particular gene
expression profiles. In this sense, adherence to the Mediterranean diet significantly reduced the
postprandial expression of proinflammatory and proatherogenic genes.® Also, high intakes of
monounsaturated and polyunsaturated fatty acids favorably regulated the expression of genes
related to energy homeostasis, fatty acid oxidation, lipid storage, and immune response.7:*8
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Moreover, it has been reported that bioactive food compounds such as sulforaphane,
epigallocatechin-3-gallate, theaflavin, and genistein exert anticancer effects by upregulating
tumor suppressor genes, whereas curcumin and resveratrol have shown antiatherogenic
properties by downregulating genes involved in plaque formation.4 Of note, differentially
expressed genes have been identified concerning the success of weight loss after energy-
restriction programs, where individuals who regained body weight after the intervention
overexpressed genes related to cell death and inflammation, whereas subjects with continued
weight loss showed upregulation of genes participating in mitochondrial oxidative
phosphorylation.r9 Additionally, the positive effects of weight loss were related to reduced
expression of the oncogene survivin upon very low-calorie diet or bariatric surgery, whose
expression levels were comparable to those with normal weight.20

Nutriepigenetics

Epigenetics investigates heritable changes in gene expression that are not attributable to adjacent
alterations in the DNA coding sequence. DNA methylation status, non-covalent histone
modifications, and miRNA expressions are the most studied epigenetic signatures that are
modifiable and susceptible to environmental factors such as diet. Thus, nutriepigenetic research
focuses on the study of the effects of foods and nutrients on the epigenome that may impact the
cellular phenotype.2r Complex interactions between diet and epigenetic marks have been
implicated in disease susceptibility. For example, low folate intake has been associated with
obesity features and insulin resistance involving hypomethylation of the CAMKK2 gene.22 Also,
deficiencies of nutrients such as magnesium, chromium, and vitamin D could increase the risk of
suffering T2D by promoting methylation aberrations in genes regulating glucose homeostasis and
insulin signaling.4 Besides, high-fat diets have been associated with obesity susceptibility via
abnormal methylation of neuropeptide genes controlling food intake.23 Some experimental
studies have investigated the epigenomic effects of healthy foods and diets. Thus, high fruit
consumption was related to better glucose tolerance partially mediated by lower methylation of
the inflammatory TNFA gene in young adults.24 Likewise, high adherence to the Mediterranean
diet was associated with hypermethylation of inflammatory genes in subjects at high
cardiovascular risk.2s Hypomethylation and acetylation of tumor suppressor genes and increases
of miRNAs targeting oncogenes were some of the epigenetic modifications underlying the
anticancer properties of bioactive food compounds including genistein, sulforaphane, resveratrol,
epigallocatechin-3-gallate, and curcumin.4 Moreover, apple polyphenols prevented diet-induced
obesity by modulating the methylation status of lipid metabolism genes.2¢ Furthermore, some
epigenetic marks have mirrored health outcomes after dietary counseling. Interestingly, changes
in the DNA methylation status of the circadian gene BMAL1 accompanying the lipid-lowering
effects of a hypocaloric diet intervention in women.2” Besides, glycemic outcomes in response to
weight-loss dietary interventions were linked to regional DNA methylation signatures at the
TXNIP gene, a key regulator of glucose homeostasis.2® Additionally, several circulating miRNAs
(miR-221-3p, miR-29c-3p, miR-144-5p, miR-15a-5p, miR-130a-3p, miR-142-5p, and miR-22-3p)
were able to predict the adiposity responses to a low-fat dietary intervention in overweight
individuals.29

Nutrimetagenomics

Nutrimetagenomics analyzes the impact of nutrition on the gut microbiome including enterocyte
structure, immunity, and energy homeostasis influencing host physiology. Indeed,
nutrimetagenomic analyses have allowed the exhaustive study of microbial and host genetic
material to find associations between intestinal microbial profiles and dietary patterns or the
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intake of different foods or nutrients as well as elucidate potential relationships between bacterial
species and NCDs.3 In this context, macronutrients, fibers, fatty acids, polyphenols, and prebiotics
have been identified as some of the most influential dietary determinants of the intestinal
microbiome.3° For instance, complex carbohydrates improve energy metabolism and ameliorate
inflammatory bowel disease through specific gut microbiota modifications. Also, the antioxidant,
anti-inflammatory, cardioprotective, and anticancer properties of polyphenols are related to
intestinal bacteria modulation. Besides, whereas plant-derived proteins have shown to maintain
gut barrier integrity and improve insulin signaling, animal proteins may promote insulin
resistance and atherosclerosis development via microbiota alterations.3° Subsequent longitudinal
analyses revealed increases in the diversity of microbial gene families and beneficial symbiotic
functions after consuming a healthy dietary pattern in Chinese population.3! In addition, some
trials have applied nutrimetagenomic approaches to explain individualized responses to dietary
intakes. Thus, a diet rich in whole grains induced reductions in obesity-related bacteria after 8
weeks in Danish adults at risk of metabolic syndrome, which could help explain the observed
reduction in body weight and low-grade inflammation in these patients.32 Similarly, 8-week
consumption of Brazilian nuts within an energy-restricted program mitigated the altered
intestinal permeability and increased beneficial bacteria linked to pathways associated with body
fat reduction in overweight women.33 Therefore, the gut microbiota composition can help to
design and implement tailored PN strategies to achieve greater impacts on health and metabolic
status at the individual level. Moreover, identifying microbial biomarkers associated with specific
diseases may provide valuable targets for therapeutic purposes.

Nutrimetabolomics

Metabolomics is a growing technology that aims to identify and quantify metabolites present in
different biological samples (urine, blood, and feces). Its use in nutritional research
(nutrimetabolomics) is generating valuable information on the effects of diet on metabolic
regulation. Applications of analytical and bioinformatics technologies have led to the rapid
adoption of nutrimetabolomic investigations to individualize several pathophysiological
conditions and chronic diseases. In particular, the application of nutrimetabolomic approaches
has improved the accuracy of dietary assessment by detecting biomarkers of food intake and
identifying metabolites that can serve as targets for PN interventions. Thus, metabolomics is
currently being used to evaluate the bioavailability of food components and to assess metabolic
changes associated with food consumption or adherence to a dietary program. Therefore,
metabolomic analyses are making it possible to metabolically categorize individuals into different
groups based on their dietary intake or appropriate dietary prescription.3 Currently, two major
metabolomics strategies have been developed: untargeted metabolomics, encompassing an in-
depth analysis of all measurable metabolites in a sample; and targeted metabolomics, which is
founded on the measurement of well-defined metabolites. Untargeted metabolomics is especially
useful when there is no prior metabolic hypothesis, whereas targeted metabolomics yield high
sensitivity and selectivity of targets of interest. Certainly, nutrimetabolomic studies have focused
on understanding individualized responses to dietary intake and metabolic outcomes.
Accordingly, relationships between cocoa consumption and intake biomarkers in plasma have
been identified, which in turn were associated with reductions in depressive symptoms.34
Likewise, a nutrimetabolomic assay supported that the beneficial effects of a-lipoic acid
administration on body weight reduction were mediated by its antioxidant properties as well as
by the production of related secondary metabolites in urine of overweight/obese women.35 Also,
a nutrimetabolomic analysis identified changes in the serum metabolomic profiles of overweight
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and obese older adults following a weight loss intervention based on a hypocaloric diet, where
concentrations of saturated fatty acids decreased after the intervention and baseline palmitoleic
acid was found to be a negative predictor of changes in body fat losses.3¢

Integrating Nutriomics for Precision Nutrition

The integration of multiple nutriomics has emerged as an innovative scope to provide a more
holistic view of human metabolism and overall health status of an individual as well as elucidating
the molecular and physiological levels underlying NCDs. For this purpose, extracting valuable
insights from nutriomics data often needs efficient methods to reach objective conclusions and
results. Thus, machine learning (ML) techniques are contributing to integrating and interpreting
nutriomic knowledge for early disease prediction, decision-making algorithms, and tailored
therapeutic schemes for the precise management of NCDs. For example, an integrated approach
with ML was developed to predict obesity using nutriomic data (genetic polymorphisms and DNA
methylation sites) and dietary information (specific nutrients and food components), thus
extending current knowledge of the drivers of obesity.3” Also, a ML model was able to predict
triglyceride and glycemic responses to food intake by combining genetic, clinical, metabolic,
microbiome configuration, and meal context data in twins and unrelated adults.38 Moreover, an
integrative nutri-prototype was modeled based on genetic, phenotypic, and environmental
information for the personalized prescription of energy-restricted diets with different
macronutrient distribution in overweight/obese subjects, helping to individualize dietary advice
for the management of excessive adiposity using PN variables. New frontiers in ML and other
artificial intelligence approaches will pave the way to deliver PN, where nutriomics insights can
be combined and harmonized with other environmental, lifestyle, sociocultural, and behavioral
determinants of health to improve population diets. However, the effective implementation of PN
in clinical care need to take into account the ethical, legal, and social issues of the use of genetic
information and other highly sensitive personal information, the improvement of the skills and
knowledge of health professionals, and multidisciplinary collaborations between researchers,
stakeholders, and food industry, where patients should be placed at the center. The global
application of PN also requires an understanding of population health, sustainability of diets,
political issues, and the technological and digital landscapes of each region. Other challenges
include the lack of studies across different populations, and the need for harmonized protocols
for data collection and analysis.

Conclusion

The progress and contributions of nutrigenetics, nutrigenomics, nutriepigenetics,
nutrimetagenomics, and nutrimetabolomics are essential for better understanding of human
nutrient metabolism, identification and characterization of molecular targets and active
biomarkers involved in many NCDs as well as developing innovative managing strategies through
a holistic PN approach. This knowledge will be enhanced by advances in bioinformatics,
integrative software, ML, and other artificial intelligence methods that could be useful for disease
risk prediction and early diagnosis purposes, stratifying patients based on common features, and
guiding disease treatments and prognosis. However, more evidence in these nutriomics areas is
still necessary before PN can be implemented in clinical practice and public health settings
worldwide.

Conflicts of Interest
No conflicts of interest to declare

(Ramos-Lopez) Holistic Integration of Omics Tools for Precision Nutrition
Purina Institute Global Summit 2025 | Technologically Empowered Veterinary Care | 30 April-1 May 2025 | Saint Louis, Missouri, USA
The opinions expressed are those of the individual author(s) and do not necessarily reflect the views of Nestle Purina PetCare Company or its affiliates.

48



References

1.

10.

11.

12.

13.

14.

15.

16.

17.

Bruins, M. J., Van Dael, P., & Eggersdorfer, M. (2019). The role of nutrients in reducing the risk for
noncommunicable diseases during aging. Nutrients, 11(1), 85. doi: 10.3390/nu11010085

Livingstone, K. M., Ramos-Lopez, O., Pérusse, L., Kato, H., Ordovas, J. M., & Martinez, J. A. (2022) Precision
nutrition: a review of current approaches and future endeavors. Trends in Food Science & Technology, 128, 253—
64. doi: 10.1016/j.tifs.2022.08.017

Ramos-Lopez, O., Assmann, T. S., Astudillo Munoz, E. Y., Baquerizo-Sedano, L., Barron-Cabrera, E., Bernal, C. A.,
Bressan, J., ..Martinez, J. A. (2025). Guidance and Position of RINN22 regarding Precision Nutrition and
Nutriomics. Lifestyle Genomics, 18(1), 1-19. doi: 10.1159/000542789

Ramos-Lopez, O., Milagro, F. 1., Allayee, H., Chmurzynska, A., Choi, M. S., Curi, R., De Caterina, R., ...Martinez, J.
A. (2017). Guide for current nutrigenetic, nutrigenomic, and nutriepigenetic approaches for precision nutrition
involving the prevention and management of chronic diseases associated with obesity. Journal of Nutrigenetics
and Nutrigenomics, 10(1-2), 43-62. doi: 10.1159/000477729

Jiang-Hua, Q., De-Chuang, J., Zhen-Duo, L., Shu-de, C., & Zhenzhen, L. (2014). Association of
methylenetetrahydrofolate reductase and methionine synthase polymorphisms with breast cancer risk and
interaction with folate, vitamin B6, and vitamin B 12 intakes. Tumour Biology, 35(12), 11895-901. doi:
10.1007/513277-014-2456-1

Palatini, P., Ceolotto, G., Ragazzo, F., Dorigatti, F., Saladini, F., Papparella, 1., Mos, L., Zanata, G., & Santonastaso,
M. (2009). CYP1A2 genotype modifies the association between coffee intake and the risk of hypertension. Journal
of Hypertension, 27(8), 1594-601. doi: 10.1097/HJH.0obo13e32832ba850

Cornelis, M. C., El-Sohemy, A., Kabagambe, E. K., & Campos, H. (2006). Coffee, CYP1A2 genotype, and risk of
myocardial infarction. Journal of the American Medical Association, 295(10), 1135-41. doi:
10.1001/jama.295.10.1135

Stathopoulou, M. G., Dedoussis, G. V., Trovas, G., Theodoraki, E. V., Katsalira, A., Dontas, I. A.,, Hammond, N.,
Deloukas, P., & Lyritis, G. P. (2011). The role of vitamin D receptor gene polymorphisms in the bone mineral density
of Greek postmenopausal women with low calcium intake. Journal of Nutritional Biochemistry, 22(8), 752-7. doi:
10.1016/j.jnutbio.2010.06.007

Hosseini-Esfahani, F., Mirmiran, P., Daneshpour, M. S., Mehrabi, Y., Hedayati, M., Soheilian-Khorzoghi, M., &
Azizi, F. (2015). Dietary patterns interact with APOA1/APOC3 polymorphisms to alter the risk of the metabolic
syndrome: the Tehran Lipid and Glucose Study. British Journal of Nutrition, 113(4), 644-53. doi:
10.1017/S0007114514003687

Zhang, X., Qi, Q., Zhang, C., Smith, S. R., Hu, F. B., Sacks, F. M., Bray, G. A., & Qi, L. (2012). FTO genotype and 2-
year change in body composition and fat distribution in response to weight-loss diets: the POUNDS LOST Trial.
Diabetes, 61(11), 3005-11. doi: 10.2337/db11-1799

Zhang, X., Qi, Q., Bray, G. A., Hu, F. B., Sacks, F. M., & Qi, L. (2012). APOA5 genotype modulates 2-y changes in
lipid profile in response to weight-loss diet intervention: the Pounds Lost Trial. American Journal of Clinical
Nutrition, 96(4), 917-22. doi: 10.3945/ajcn.112.040907

Nielsen, D. E., & El-Sohemy, A. (2014). Disclosure of genetic information and change in dietary intake: a
randomized controlled trial. PLoS One, 9(11), €112665. doi: 10.1371/journal.pone.0112665

Roke, K. (2017). Exploration of the perceived and actual benefits of omega-3 fatty acids and the impact of FADS1
and FADS2 genetic information on dietary intake and blood levels of EPA and DHA. Applied Physiology, Nutrition,
and Metabolism, 42(3), 333. doi: 10.1139/apnm-2016-0700

Livingstone, K. M., Celis-Morales, C., Navas-Carretero, S., San-Cristobal, R., Macready, A. L., Fallaize, R., Forster,
H., ...Food4Me Study. (2016). Effect of an Internet-based, personalized nutrition randomized trial on dietary
changes associated with the Mediterranean diet: the Food4Me Study. American Journal of Clinical Nutrition,
104(2), 288-97. doi: 10.3945/ajcn.115.129049

Bouchard-Mercier, A., Paradis, A. M., Rudkowska, I., Lemieux, S., Couture, P., & Vohl, M. C. (2013). Associations
between dietary patterns and gene expression profiles of healthy men and women: a cross-sectional study.
Nutrition Journal, 12, 24. doi: 10.1186/1475-2891-12-24

Camargo, A., Delgado-Lista, J., Garcia-Rios, A., Cruz-Teno, C., Yubero-Serrano, E. M., Perez-Martinez, P.,
Gutierrez-Mariscal, F. M., ...Lopez-Miranda, J. (2012). Expression of proinflammatory, proatherogenic genes is
reduced by the Mediterranean diet in elderly people. British Journal of Nutrition, 108(3), 500-8. doi:
10.1017/S0007114511005812

Varela, L. M., Ortega-Gomez, A., Lopez, S., Abia, R., Muriana, F. J., & Bermudez, B. (2013). The effects of dietary
fatty acids on the postprandial triglyceride-rich lipoprotein/apoB48 receptor axis in human monocyte/
macrophage cells. Journal of Nutritional Biochemistry, 24(12), 2031-9. doi: 10.1016/j.jnutbio.2013.07.004

(Ramos-Lopez) Holistic Integration of Omics Tools for Precision Nutrition
Purina Institute Global Summit 2025 | Technologically Empowered Veterinary Care | 30 April-1 May 2025 | Saint Louis, Missouri, USA
The opinions expressed are those of the individual author(s) and do not necessarily reflect the views of Nestle Purina PetCare Company or its affiliates.

49



18.

19.

20.

21.

22,

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Dziedzic, B., Szemraj, J., Bartkowiak, J., & Walczewska, A. (2007). Various dietary fats differentially change the
gene expression of neuropeptides involved in body weight regulation in rats. Journal of Neuroendocrinology,
19(5), 364-73. doi: 10.1111/j.1365-2826.2007.01541.X

Marquez-Quifiones, A., Mutch, D. M., Debard, C., Wang, P., Combes, M., Roussel, B., Holst, C., ...DiOGenes
Project. (2010). Adipose tissue transcriptome reflects variations between subjects with continued weight loss and
subjects regaining weight 6 mo after caloric restriction independent of energy intake. American Journal of Clinical
Nutrition, 92(4), 975-84. doi: 10.3945/ajcn.2010.29808

Izquierdo, A. G., Carreira, M. C., Rodriguez-Carnero, G., Fernandez-Quintela, A., Sueiro, A. M., Martinez-Olmos,
M. A,, Guzman, G., ...Crujeiras, A. B. (2021). Weight loss normalizes enhanced expression of the oncogene survivin
in visceral adipose tissue and blood leukocytes from individuals with obesity. International Journal of Obesity
(London), 45(1), 206-216. doi: 10.1038/541366-020-0630-7

Li, X., & Qi, L. (2022). Epigenetics in precision nutrition. Journal of Personalized Medicine, 12(4), 533. doi:
10.3390/jpm12040533

Ramos-Lopez, O., Samblas, M., Milagro, F. 1., Zulet, M. A., Mansego, M. L., Riezu-Boj, J. 1., & Martinez, J. A.
(2018). Association of low dietary folate intake with lower CAMKK2 gene methylation, adiposity, and insulin
resistance in obese subjects. Nutrition Research, 50, 53-62. doi: 10.1016/j.nutres.2017.11.007

Vucetic, Z., Kimmel, J., Totoki, K., Hollenbeck, E., & Reyes, T. M. (2010). Maternal high-fat diet alters methylation
and gene expression of dopamine and opioid-related genes. Endocrinology, 151(10), 4756-64. doi:
10.1210/en.2010-0505

Carraro, J. C., Hermsdorff, H. H., Mansego, M. L., Zulet, M. A., Milagro, F. I, Bressan, J., & Martinez, J. A. (2016).
Higher fruit intake is related to TNF-a hypomethylation and better glucose tolerance in healthy subjects. Journal
of Nutrigenetics and Nutrigenomics, 9(2-4), 95-105. doi: 10.1159/000448101

Arpén, A., Riezu-Boj, J. 1., Milagro, F. 1., Marti, A., Razquin, C., Martinez-Gonzélez, M. A., Corella, D., ...Martinez,
J. A. (2016). Adherence to Mediterranean diet is associated with methylation changes in inflammation-related
genes in peripheral blood cells. Journal of Physiology and Biochemistry, 73(3), 445-455. doi: 10.1007/513105-017-
0552-6

Boqué, N., de la Iglesia, R., de la Garza, A. L., Milagro, F. 1., Olivares, M., Bafiuelos, O., Soria, A. C., ...Campion, J.
(2013). Prevention of diet-induced obesity by apple polyphenols in Wistar rats through regulation of adipocyte
gene expression and DNA methylation patterns. Molecular Nutrition and Food Research, 57(8), 1473-8. doi:
10.1002/mnfr.201200686

Samblas, M., Milagro, F. I., Gobmez-Abellan, P., Martinez, J. A., & Garaulet, M. (2016). Methylation on the circadian
gene BMAL1 is associated with the effects of a weight loss intervention on serum lipid levels. Journal of Biological
Rhythms, 31(3), 308-17. doi: 10.1177/0748730416629247

Li, X., Shao, X., Bazzano, L. A., Xue, Q., Koseva, B. S., Grundberg, E., Shai, L., Bray, G. A., Sacks, F. M., & Qi, L.
(2022). Blood DNA methylation at TXNIP and glycemic changes in response to weight-loss diet interventions: the
POUNDS lost trial. International Journal of Obesity (London), 46(6), 1122-1127. doi: 10.1038/s41366-022-01084-
5

Assmann, T. S., Riezu-Boj, J. 1., Milagro, F. 1., & Martinez, J. A. (2020). Circulating adiposity-related microRNAs
as predictors of the response to a low-fat diet in subjects with obesity. Journal of Cellular and Molecular Medicine,
24(5), 2956-2967. doi: 10.1111/jcmm.14920

Danneskiold-Samsge, N. B., Dias de Freitas Queiroz Barros, H., Santos, R., Bicas, J. L., Cazarin, C. B. B., Madsen,
L., Kristiansen, K., Pastore, G. M., Brix, S., & Maroéstica Junior, M. R. (2019). Interplay between food and gut
microbiota in health and disease. Food Research International, 115, 23-31. doi: 10.1016/j.foodres.2018.07.043

Yu, D, Yang, Y., Long, J., Xu, W., Cai, Q., Wu, J., Cai, H., Zheng, W., & Shu, X. O. (2021). Long-term diet quality
and gut microbiome functionality: A prospective, shotgun metagenomic study among urban Chinese adults.
Current Developments in Nutrition, 5(4), nzabo26. doi: 10.1093/cdn/nzabo26

Roager, H. M., Vogt, J. K., Kristensen, M., Hansen, L. B. S., Ibriigger, S., Markedahl, R. B., Bahl, M. I, ...Licht, T.
R. (2019). Whole grain-rich diet reduces body weight and systemic low-grade inflammation without inducing
major changes of the gut microbiome: a randomised cross-over trial. Gut, 68(1), 83-93. doi: 10.1136/gutjnl-2017-
314786

Kelly Souza Silveira, B., Mayumi Usuda Prado Rocha, D., Stampini Duarte Martino, H., Grancieri, M., Juste Contin
Gomes, M., Cuquetto Mantovani, H., Bressan, J., & Hermana Miranda Hermsdorff, H. (2024). Daily cashew and
Brazil nut consumption modifies intestinal health in overweight women on energy-restricted intervention: A
randomized controlled trial (Brazilian Nuts Study). Journal of Nutrition, 154(3), 962-977. doi:
10.1016/j.tjnut.2023.12.022

Ibero-Baraibar, 1., Perez-Cornago, A., Ramirez, M. J., Martinez, J. A., & Zulet, M. A. (2015). An increase in plasma
homovanillic acid with cocoa extract consumption is associated with the alleviation of depressive symptoms in

(Ramos-Lopez) Holistic Integration of Omics Tools for Precision Nutrition
Purina Institute Global Summit 2025 | Technologically Empowered Veterinary Care | 30 April-1 May 2025 | Saint Louis, Missouri, USA
The opinions expressed are those of the individual author(s) and do not necessarily reflect the views of Nestle Purina PetCare Company or its affiliates.

50



35.

36.

37-

38.

overweight or obese adults on an energy restricted diet in a randomized controlled trial. Journal of Nutrition,
146(4), 897S-904S. doi: 10.3945/jn.115.222828

Romo-Hualde, A., Huerta, A. E., Gonzalez-Navarro, C. J., Ramos-Lopez, O., Moreno-Aliaga, M. J., & Martinez, J’
A. (2018). Untargeted metabolomic on urine samples after a-lipoic acid and/or eicosapentaenoic acid
supplementation in healthy overweight/obese women. Lipids in Health and Disease, 17(1), 103. doi:
10.1186/512944-018-0750-4

Perez-Cornago, A., Brennan, L., Ibero-Baraibar, 1., Hermsdorff, H. H., O'Gorman, A., Zulet, M. A., & Martinez, J.
A. (2014). Metabolomics identifies changes in fatty acid and amino acid profiles in serum of overweight older adults
following a weight loss intervention. Journal of Physiology and Biochemistry, 70(2), 593-602. doi:
10.1007/s13105-013-0311-2

Lee, Y. C., Christensen, J. J., Parnell, L. D., Smith, C. E., Shao, J., McKeown. N. M., Ordovés, J. M., & Lai, C. Q.
(2022). Using machine learning to predict obesity based on genome-wide and epigenome-wide gene-gne and gene-
diet interactions. Frontiers in Genetics, 12, 783845. doi: 10.3389/fgene.2021.783845

Berry, S. E., Valdes, A. M., Drew, D. A., Asnicar, F., Mazidi, M., Wolf, J., Capdevila, J., ...Spector, T. D. (2020).
Human postprandial responses to food and potential for precision nutrition. Nature Medicine, 26(6):964-973. doi:
10.1038/541591-020-0934-0. Erratum in: Nature Medicine, 26(11), 1802. doi: 10.1038/541591-020-1130-y

(Ramos-Lopez) Holistic Integration of Omics Tools for Precision Nutrition
Purina Institute Global Summit 2025 | Technologically Empowered Veterinary Care | 30 April-1 May 2025 | Saint Louis, Missouri, USA
The opinions expressed are those of the individual author(s) and do not necessarily reflect the views of Nestle Purina PetCare Company or its affiliates.

51



The Role of Biomarkers in Veterinary Nutrition and Clinical Practice
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Glossary of Abbreviations

BUN blood urea nitrogen

CKD chronic kidney disease

CRP C-reactive protein

ctDNA circulating tumor DNA

IgE immunoglobulin E

IRIS International Renal Interest Society
SDMA symmetric dimethylarginine

TK1 thymidine kinase 1

Introduction

Biomarkers are biological indicators that signal normal or pathogenic processes and may serve as
tools for early disease detection, monitoring, and guiding treatment decisions. In veterinary
medicine, these indicators are essential for assessing overall health, tailoring dietary
interventions, and managing chronic conditions. The application of biomarkers spans multiple
clinical areas, including metabolic disorders, renal disease, allergies, gastrointestinal health,
endocrine dysfunctions, and even cancer diagnostics. Moreover, in veterinary nutrition,
biomarkers play a key role in guiding precision nutrition strategies that optimize pet health
outcomes by allowing practitioners to modify diets based on individual metabolic and disease
profiles.»2

Biomarkers in Obesity and Metabolic Disorders

Obesity in companion animals is a growing concern. Recent studies indicate that approximately
59% of dogs and 61% of cats in the U.S. are overweight or obese.3 Several biomarkers can provide
insight into metabolic dysfunction, for example:

e Leptin: Secreted by adipose tissue, leptin is crucial in regulating appetite and energy
balance. Elevated leptin levels in obesity can suggest there is presence of leptin resistance.?

e Adiponectin: This anti-inflammatory adipokine is typically lower in obese animals and
is associated with insulin resistance.

e Insulin and Glucose: Elevated levels of these markers may indicate an increased risk
for diabetes or insulin resistance.4

Clinical Applications and Dietary Interventions:

Monitoring these biomarkers may facilitate early detection of metabolic issues, guide the
implementation of high-protein, high-fiber diets, and support the inclusion of omega-3
supplementation for example to that may help improve metabolic function and overall health.45
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Kidney Disease (CKD) - Renal Biomarkers
Early detection of renal dysfunction may be critical for slowing the progression of chronic kidney
disease (CKD). Some key renal biomarkers include:

e SDMA: Recognized as a reliable early indicator for kidney dysfunction, SDMA levels rise
before creatinine in CKD.®

e Creatinine: This marker reflects the glomerular filtration rate (GFR) but can be
influenced by muscle mass and hydration status.

e BUN: Although elevated in CKD, BUN levels may be affected by diet, hydration, and
protein intake.

Stages of CKD and Nutritional Interventions:

According to the IRIS classification, early stages (Stages 1 and 2) may benefit from renal diets and
regular biomarker monitoring, while later stages (Stages 3 and 4) require more aggressive
management - including fluid therapy, phosphorus binders, and antioxidant supplementation.”
Renal diets (typically low in protein and restricted in phosphorus) help reduce kidney workload,
and phosphorus binders are essential to prevent hyperphosphatemia. Omega-3 fatty acids may
support renal function through their anti-inflammatory properties.

Biomarkers for Allergies and Gastrointestinal
Accurate allergy diagnostics rely on immune system biomarkers that can help differentiate
between various allergic conditions. Some key biomarkers include:

o IgE: Elevated IgE levels can indicate hypersensitivity reactions and can be instrumental
in diagnosing environmental or food allergies.8

e Cytokines (e.g., IL-4, IL-5, IL-13): These cytokines are integral to the allergic
inflammatory process, promoting eosinophilic responses and IgE production.?

o Fecal Calprotectin: Elevated levels suggest gastrointestinal inflammation, aiding in the
distinction between inflammatory bowel disease (IBD) and food intolerance.°

Clinical Applications and Dietary Modifications:

Based on biomarker outcomes, hypoallergenic diets using novel proteins or hydrolyzed
formulations are recommended to reduce allergic responses. Dietary trials allow clinicians to
monitor improvements in gastrointestinal signs, while the incorporation of probiotics supports
may help a balanced gut microbiome and overall immune function.89.1°

Biomarker-driven Management of Endocrine Disorders
Endocrine disorders such as diabetes, Cushing’s syndrome, and hypothyroidism are common in
clinical practice. Key biomarkers for diagnosis and management include:

e Cortisol: Measured during ACTH stimulation or dexamethasone suppression tests,
cortisol aids in diagnosing Cushing’s and Addison’s diseases.

e T4 & TSH: These thyroid hormones are used to diagnose thyroid disorders; low T4 with
elevated TSH typically suggests hypothyroidism, while high T4 may indicate
hyperthyroidism.

e Fructosamine: This biomarker provides an average glucose level over 2—3 weeks and is
useful for monitoring diabetic patients.
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Clinical Applications and Personalized Nutrition:

Integrating hormone therapies with tailored dietary modifications is essential in managing
endocrine disorders. For example, low-glycemic diets help regulate blood sugar in diabetic pets,
and the use of adaptogenic herbs along with omega-3 fatty acids is being explored to support
patients with Cushing’s disease.4

Cancer Biomarkers in Veterinary Medicine
Early detection of cancer through biomarkers can significantly improve treatment outcomes.
Some common biomarkers include:

e C-Reactive Protein (CRP): As an acute-phase protein produced in response to
inflammation, elevated CRP levels can signal systemic inflammation associated with
malignancies.

e Thymidine Kinase 1 (TK1): This enzyme, a marker of cellular proliferation, is elevated
in several cancers - including lymphoma.*2

e Circulating Tumor DNA (ctDNA): Advances in liquid biopsy technology now allow
noninvasive detection of ctDNA, aiding in cancer diagnosis and monitoring.

Utilizing Cancer Biomarkers for Early Cancer Detection:
A new diagnostic screen? facilitates early cancer detection for companion animals. The panel is
designed to identify lymphoma and other cancers before clinical signs appear.

o Early Detection: The test can detect cancers at an early stage, thereby improving
treatment outcomes.

e Lymphoma Detection: It distinguishes between B-cell and T-cell phenotypes (on
positive) with high sensitivity (79.3%) and specificity (98.9%).

« Expanding Panel: Future iterations of the test aim to include additional cancer types,
broadening its diagnostic scope.

o Integration: Its ease of incorporation into routine wellness panels through a simple
blood sample makes it a valuable tool in preventive care.

Clinical Applications and Nutritional Considerations:

Early detection allows for proactive nutritional interventions to manage cancer-related cachexia.
High-protein, omega-3-enriched diets are recommended to support muscle mass and overall
health during treatment, facilitating timely therapeutic interventions to alleviate pain and
discomfort.12

Conclusion

Biomarkers play a transformative role in veterinary medicine by enabling early diagnosis,
monitoring disease progression, and informing therapeutic strategies. In the realm of veterinary
nutrition, they facilitate personalized dietary recommendations that improve metabolic health,
mitigate disease progression, and enhance overall quality of life for companion animals. As
research continues to advance in both biomarker discovery and precision nutrition, the future
promises even more targeted and effective approaches to veterinary care.24
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Footnote
a Cancer Dx: IDEXX Laboratories, Inc. (Westbrook, Maine, USA)
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Glossary of Abbreviations

AGI artificial general intelligence

Al artificial intelligence

GPT generative pre-trained transformer

HIPAA Health Insurance Portability and Accountability Act
LLM large language models

Introduction

We are living through one of the most significant technological transformations in decades, and
the impact is especially profound in healthcare. As someone who works at the intersection of
academic medicine and large-scale technology, I've had a front-row seat to this shift. Much of my
day-to-day involves translating healthcare needs into Al-powered solutions and identifying
innovation across disciplines—from product engineering to research groups—and bringing those
insights into real-world applications. This work has only grown more urgent with the rise of
generative Al.

Unlocking the Future of Medical and Veterinary Care Through Generative Al
Veterinary medicine, in particular, is emerging as a surprising yet promising frontier for Al
adoption. In an earlier collaboration with Dr. Diane Wilson, a veterinarian working at the
forefront of AI, we proposed that veterinary professionals could lead the way in real-world Al
implementation. That prediction appears to be coming true. The veterinary field shares many
parallels with human medicine: workforce shortages, rising administrative burdens, and the
increasing complexity of care. However, what sets veterinary care apart is a more unified
ecosystem—fewer regulatory barriers, more flexible data systems, and aligned incentives to adopt
innovations that immediately impact clinical efficiency. These characteristics make it fertile
ground for advancing practical Al use cases.

The Evolution of Al

To understand the gravity of what’s happening now, it helps to look at past technological
revolutions. During an interview nearly 30 years ago, Bill Gates described the internet as a new
medium that could change how we communicate, share, and access information. The skepticism
then—"Isn't this just radio?"—feels strikingly similar to how many initially perceived AI. Fast-
forward to today, and Gates now describes Al as the next leap: moving from a world where
computing became essentially free to one where intelligence is becoming abundant and accessible.
Great teaching, great medical advice—these once rare resources—are now being replicated and
distributed at scale by software.

The "big bang" moment for this era came with the launch of GPT-based models. GPT-4 and its
successors, particularly the newer "thinking models" like OpenAI’s O1, have changed how we
think about problem-solving. These models aren’t optimized for dopamine-triggering
engagement like many social platforms; instead, they’ve been adopted for their utility. GPT-based
tools are now used by more than two million organizations, with over 500 million weekly active
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users. And these are not niche research tools—they are reshaping workflows across sectors,
including healthcare.

Much of this success comes from the scaling of three ingredients: compute, data, and parameters.
Together, these power the large language models (LLMs) that now seem almost intuitive in their
responses. But the next leap has come from something unexpected—"test-time compute." Instead
of investing exponentially more resources to retrain models, we now see that simply giving models
more time to think—allowing them to reflect recursively on their outputs—can yield dramatic
gains. This has major implications for medicine, where getting the right answer the first time
matters.

Recent AI benchmarks, including the ARC AGI benchmark designed to test human-like problem
solving, show that these thinking models outperform prior iterations, sometimes even surpassing
average human performance in structured evaluations. But beyond benchmark scores, we are
starting to see real-world integration. In human medicine, over 50 institutions have already
deployed GPT-4 in HIPAA-compliant environments. These sandboxes allow doctors, nurses, and
administrators to experiment with Al safely, gaining fluency in what these models can do while
avoiding the risk of exposing patient data.

Adoption of Al in Healthcare

Surveys conducted among knowledge workers and healthcare professionals reveal widespread
adoption. Two-thirds of knowledge workers report weekly use of generative Al, and in healthcare,
clinicians are using these tools not only for administrative tasks but increasingly for clinical
decision support. In the UK, general practitioners have used public LLMs for clinical guidance—
highlighting a gap between the formal regulatory framework and the realities of frontline
innovation.

The appeal is understandable. These models now perform exceptionally well on medical
benchmarks. GPT-4 and its successors were not explicitly trained on healthcare data, yet they
outperform purpose-built models on standardized exams like MedQA. While this raises questions
about the future of medical education and licensure, it also opens doors. If models trained on
general knowledge are this competent, they could play an enormous role in resource-limited
settings, particularly in veterinary medicine.

Veterinary professionals face similar administrative burdens as their human health counterparts,
albeit with fewer institutional supports. Streamlining documentation, client communication, and
treatment planning through Al could significantly reduce burnout and increase time spent on
direct care. In human healthcare, tools like ambient note-taking solutions are already proving
transformative—freeing clinicians from their keyboards and allowing more eye contact with
patients. A veterinary equivalent could have similarly liberating effects.

Addressing the Limitations of Al in Healthcare

Still, the text-based capabilities of AI only go so far. Most clinical information is not in text—it’s
in radiographs, pathology slides, and waveform data. To address this, we’ve been building
modular AI architectures that connect specialized imaging models to general-purpose language
models. Rather than retraining the entire system each time new data types are introduced, we
create adapters that enable communication between different types of Al. This makes it possible
to analyze a chest X-ray, detect a pneumothorax, and generate a corresponding report, all while
enabling further interaction such as explaining treatment steps or flagging urgent findings.
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Our open-source initiative, the AI Foundry for Health and Life Sciences, has released pretrained
models for biomedical imaging—including veterinary domains—and invites researchers and
clinicians to build their own applications. This approach allows partners to leverage our
infrastructure while maintaining flexibility and control over their data and workflows. Some
veterinary collaborators have already begun using these tools to develop imaging-based
diagnostic support systems. We believe this ecosystem model—where expertise, data, and tooling
are shared—will be key to scaling impactful AI solutions.

Conclusion

As we look forward, the ultimate goal is ambitious: to teach Al the full language of biomedicine.
This includes understanding not only medical texts but also the patterns in genomic sequences,
histopathological images, and clinical workflows. Veterinary care, with its wide variety of species,
disease presentations, and settings, offers a robust proving ground for such capabilities. And
because the challenges are so parallel to human medicine—yet often less encumbered by
bureaucracy—the field has the potential to lead in both implementation and discovery.

We are standing at the edge of a new era in healthcare—one where intelligence is no longer the
bottleneck. Whether in a rural clinic or a research hospital, the ability to access expert-level
guidance in real time could become the norm. But getting there will require thoughtful
implementation, domain-specific partnerships, and a willingness to reimagine what clinical
practice can look like. Veterinary professionals are not only welcome participants in this journey—
they may well be the ones who show us the way.
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Al artificial intelligence

DHTs digital health technologies
DL deep learning

IoMT internet of medical things
IoT internet of things

IoVT internet of veterinary things
LLMs large language models

ML machine learning

M-LLMs multimodal large language models
NLP natural language processing
RPM remote patient monitoring

Introduction

Veterinary medicine is undergoing a radical shift, shaped by real-time insights, smarter tools, and
shifting roles. As digital health technologies* change how we understand, monitor, and care for
animals, clinicians are now navigating a new ecosystem, where care is continuous and
personalized to each patients’ individual needs. This keynote explores how the integration of
wearable devices, [0T, telemedicine and Al is reshaping veterinary workflows, decision-making,
and client engagement. By connecting clinical challenges with technological solutions, we move
toward smarter, more proactive care.

The Emerging Role of Wearables, and Internet of Things (lIoT) in Veterinary Care
Across modern healthcare,

wearables and smartphones are e BT
transforming how information flows e ¥_\._\._100 —
between daily life and clinical care. : o | & 97 .
Wearable technology, commonly HARNESS MONITORING
known as “wearables,” refers to ]

rables é| & ﬂ 6
small electronic devices worn h
directly on the body or integrated A‘
into accessories and clothing.2 Once [
primarily associated with fitness e VoicETO _

1 |
tracking,3 wearables are now . /4 | e

recognized for their potential in
remote clinical monitoring,
diagnostics, and even therapeutic
support.+5

This growing functionality signals a shift toward a more decentralized healthcare system.¢ In
veterinary medicine, wearables become essential tools for veterinary teams and pet owners
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alike.”8 By enabling real-time health monitoring outside of traditional clinical settings,
veterinary wearables could promote continuous, real-time observation. Equipped with various
types of sensorss these devices will track physiological signs remotely, delivering personalized
services like medication reminders, early alerts to shifting health conditions, and timely
detection of unusual behaviors. This ongoing monitoring will reduce the frequency and
associated costs of physical clinic visits, while boosting remote consultations.o°

Complementing this shift is the growing role of smartphones.® Their built-in sensors and
constant connectivity make them ideal for collecting, analyzing, and relaying health data.s When
integrated with wearables and other connected tools, they will become hubs that link veterinary
patients and their caregivers to veterinary teams in real time. This ecosystem is made possible
by the Internet of Things(IoT),® an emerging paradigm in which connected devices are
embedded with sensors and network connectivity, enabling them to collect, exchange, and act
on data.8 In veterinary practice, IoT involves smart devices like connected collars that track
activity levels, feeding stations monitoring dietary patterns, litter boxes assessing urination
frequency, and room sensors detecting environmental changes. Originally used for industrial
and home automation, IoT could bring similar value to veterinary clinical care: enabling
observation beyond the clinic, enriching clinical data, and allowing a more continuous,
responsive, and preventive model of health support.

In the veterinary setting, where patients cannot verbalize symptoms, this kind of connected
intelligence is especially impactful, offering both clinicians and caregivers a clearer view of the
animal’s daily patterns and emerging health needs. For example, smart collars can monitor
activity levels and detect subtle changes in behavior, helping identify early signs of discomfort or
illness. Connected feeding stations and litter boxes provide insight into eating habits and
digestive health, alerting caregivers when patterns shift. In the future, continuous glucose
monitoring devices will allow vets and caregivers to closely track diabetic pets, enabling timely
insulin adjustments without frequent clinic visits. Similarly, wearable ECG monitors will
remotely track heart rhythms in dogs with cardiac conditions, providing early warnings of
potential complications.? These applications illustrate how IoT and wearables create a connected
ecosystem, offering veterinarians and pet owners real-time, actionable data to deliver more
responsive, preventive, and individualized care.

Successfully integrating wearable technology and Internet of Veterinary Things (IoVT)
into clinical care requires more than just the devices, it demands a thoughtful, systematic
approach. Case studies from human healthcare organizations such as Kaiser Permanente and
Ochsner Health? offer valuable lessons for veterinary medicine by highlighting key factors for
successful technology implementation. Similar to human healthcare, veterinary wearables must
target clearly defined clinical needs, such as managing chronic conditions in pets or monitoring
postoperative recovery. These devices must integrate seamlessly into veterinary digital care
systems and align with existing clinical data infrastructures.2 Additionally, providing on-site
technical support can help pet owners confidently engage with new technologies, while
veterinary nurses and clinic staff can offer essential human guidance to complement digital
solutions.2 Ensuring that software interfaces are user-friendly and intuitive facilitates adoption
by both veterinarians and pet owners.2 Ultimately, clinician support and advocacy within
veterinary teams are crucial for widespread adoption and sustainability, driven by tangible
improvements in care efficiency and patient outcomes.
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The Rise of Intelligent Assistance in Veterinary Medicine

Artificial intelligence (AI) is ushering veterinary medicine into a new era of intelligent
assistance.!2 Across healthcare, Al tools are increasingly used to support clinical documentation,
triage, diagnostics, and personalized care.'3 Recent expert studies forecast Al's widespread
adoption across many health specialties—including pathology, radiology, and general
practice.’4'5 Large Language Models (LLMs),¢ like GPT-4,7 have expanded the capabilities of Al
beyond automation, offering real-time decision support, research synthesis, and communication
tools for both clinicians and clients. In the veterinary world, where patients cannot describe
their symptoms, Al tools can assist in interpreting data from wearables, imaging, and lab
results, helping surface meaningful insights and enhance clinical decisions.

Al Scribes : Next-Gen Medical Note Taking

As the pressure on clinicians intensifies,'® a new kind of assistant is entering the consultation
room not with a stethoscope, but with algorithms. Al scribes are being actively tested as a
solution to ease clinical documentations by quietly capturing conversations during visits and
generating structured notes for review. Built on advances in large language models and speech
recognition,’9-2! these tools aim to ease the documentation burden, reduce keyboard fatigue, and
free up clinical time for more meaningful work.22 While already gaining traction across human
healthcare systems, their adoption in veterinary practice will likely follow gradually. The
potential is clear. Beyond basic note generation, these systems could possibly automate the
creation of referral letters, summarize patient histories, assign billing codes, and draft clear
discharge instructions for pet owners. As integration with digital health records improves, these
systems may quietly evolve into versatile behind-the-scenes assistants, enhancing efficiency
without disrupting the clinical work at the heart of veterinary care.

AlI-enhanced Clinical Decision Making

While current medical Al tools have shown promise in supporting documentation and
streamlining clinical workflows, they still function largely as narrow specialists—processing
single types of input like text or images.'3 For example, a model trained to detect ear infections
in dogs might reliably flag inflamed tissue but wouldn’t assess other possible causes of
headshaking or discomfort. These narrow, task-specific systems are restricted to what they were
explicitly trained for and lack the flexibility needed for broader clinical reasoning. In contrast,
medical and veterinary professionals are inherently multimodal: they listen to symptoms, review
lab results, examine images, and observe behaviors. To be truly helpful, Al systems must evolve
to do the same.

This next frontier is represented by multimodal large language models (MLLMSs) systems
capable of simultaneously analyzing a range of data types such as clinical text, diagnostic
images, sound, and video.!¢23 These models promise to go beyond single-task tools. Rather than
merely identifying one condition in one image, future AI could interpret complex medical cases,
offer differential diagnosis lists grounded in patient data, and support treatment plan creation
with recommendations.23 The first multimodal model that became available to the public was
ChatGPT-4o0 from Open Al.24

Virtual Health Coaches

Al-powered virtual health coaches will support caregivers in managing pet health beyond the
clinic by offering real-time, personalized guidance throughout recovery, chronic condition
management, and everyday care.'3 Built on multimodal AI systems, these platforms will
interpret inputs such as wearable data, clinical records, behavioral logs, and caregiver-reported
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observations. For example, a virtual health coach could help pet owners manage a dog's
postoperative recovery by reminding them of medication schedules, tracking healing progress,2s
and responding promptly to unexpected changes, such as decreased activity or appetite.

By synthesizing this information, virtual coaches will deliver tailored advice on therapeutic
routines, deliver timely medication reminders, and respond to caregiver questions, reducing the
caregiver’s reliance on vague memory or paper instructions. They will also serve as a bridge to
virtual consultations, connecting caregivers directly with veterinary professionals when needed.
Designed to communicate in clear, accessible language, they will help caregivers track progress,
follow treatment plans, and respond to changes as they happen. This shifts home care from
reactive and memory-dependent to continuous, data-driven, and proactive.

Navigating the Challenges in Implementing Digital Technologies in Veterinary
Medicine

While digital innovations hold great promise for veterinary care, several significant challenges
must be addressed for successful integration into clinical practice.

A primary concern is the reliability of wearable devices. In veterinary settings, inaccuracies
in measurement can quickly undermine trust. For instance,2¢ recent research revealed that
commercially available canine activity trackers inaccurately estimated dogs' energy
requirements, highlighting the urgent need for rigorous validation of veterinary wearables—
particularly for chronic disease monitoring and clinical decision-making.

Another key challenge is the lack of specialized veterinary AT models, which stems
directly from a critical shortage of accessible, high-quality, animal-specific datasets. Unlike
human medicine, veterinary practice currently relies heavily on generalized or inadequately
annotated data, limiting the possible accuracy and clinical relevance of Al tools. Developing
comprehensive, well-annotated datasets covering diverse species, breeds, and conditions is
essential for Al to accurately identify subtle clinical signs and provide reliable decision support
in veterinary medicine.

Furthermore, the potential for over-reliance on AI must be carefully managed. Veterinarians
and caregivers may inadvertently trust Al outputs too readily,?” reducing vigilance or missing
subtle clinical cues.22 Clear guidelines, careful interface design, and consistent human oversight
will ensure Al remains a valuable clinical assistant rather than a replacement for professional
judgment.28

Finally, privacy and data security concerns are crucial.28 There is risk of exposing sensitive
client and patient data, particularly as most Large Language Model (LLM)-based solutions
depend on cloud based infrastructure, increasing the potential for personal information leakage.
Recent research highlights growing interest in deploying Small Language Models (SLMs), which
offer efficient performance with minimal memory requirements. Data is stored directly on local
devices like wearables or smartphones.29 The veterinary profession must therefore establish
strong data governance practices, including data anonymization, secure access control and
exploration of privacy-preserving, to protect client confidentiality and preserve trust.

Addressing these challenges, particularly the urgent need for high-quality, veterinary-specific
datasets, is essential to fully realize the transformative potential of digital tools in veterinary
care.
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Conclusion

Veterinary medicine is at a pivotal moment.'® We are witnessing a global transformation toward
proactive, personalized, and data-driven health management. This shift is increasingly essential,
driven not only by technological advancements but also by broader demographic trends. The
global pet population is rapidly growing, particularly in millennial and Gen-Z households.
Simultaneously, pets are living significantly longer lives due to improved veterinary care,
preventive medicine, and greater awareness of animal welfare.3°

However, this positive trend brings its own challenges. Longer lifespans mean more chronic
conditions requiring ongoing management. Veterinary practices worldwide are already feeling the
strain of increasing caseloads, contributing to veterinarian shortages and mental health
challenges. Many pets still lack access to adequate veterinary care, especially in regions with
limited veterinary infrastructure or remote locations.3! The shortage of qualified veterinarians and
the growing pet population underscore the urgent need for scalable solutions to support
veterinary professionals.o-30

Technology, powered by artificial intelligence (AI) presents meaningful solutions to these
pressing challenges. To fully harness the potential of these technological innovations, the
veterinary community must take responsibility for addressing key issues, including data privacy,
clinical reliability, and the essential development of robust, animal-specific datasets. A conscious,
responsible, and purposeful integration of technology into veterinary care will not only improve
outcomes but also expand access, alleviating strain on veterinary teams and ensuring care reaches
more animals, regardless of geography.

The future of veterinary medicine demands an interdisciplinary approach, combining veterinary
expertise, technological innovation, and proactive policymaking. By embracing digital fluency,
enhancing creative problem-solving skills, and advocating for supportive regulatory
frameworks, veterinary professionals can actively shape a healthier, more sustainable future for
animals and the humans who care for them. This is not simply a vision for the future, it is a call
for action. Our collective efforts today will determine the quality of care and welfare animals
receive tomorrow.
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Glossary of Abbreviations

Al artificial intelligence

AVMA American Veterinary Medical Association
BP best practice

DL deep learning

FDA Food & Drug Administration

GMLP good machine learning practices
GPT generative pre-trained transformers
LLM large language models

ML machine learning

NLP natural language processing

SaMD software as a medical device

SOC standard of care

VCPR veterinary-client patient relationship

Introduction

Artificial intelligence (AI) is an overarching term encompassing algorithmic computer emulation
of human intelligence and decision making. Within AI, there are multiple subsets including but
not limited to machine learning (ML), deep learning (DL), natural language processing (NLP),
large language models (LLM), and generative pre-trained transformers (GPT). As a rapidly
developing and disruptive technology, the types and uses of AI will continue to grow. In all aspects
of life including veterinary radiology and consulting, AI will be both a disruptive and a layering
technology. It will bring about new solutions and workflows that have not previously been
present, but as a layering technology, it will become integrated in most if not all current workflows
as well. There are key differences in veterinary medicine from human medicine which will require
us to consider additional safeguards and guardrails while facilitating adoption of this rapidly
changing technology.

Impacts of Al

AI will impact all components of veterinary radiology/imaging and veterinary consulting, and this
talk will outline a potential vision of AT augmented workflows. This will be from the perspective
of product offerings/solutions currently on the market, as well as emerging and potential
product/solutions.

Supercharged Pet Parents
AT and assisted technologies will allow pet parents increased access to information tailored for
their pet, the ability to sequentially monitor and record physiologic parameters of their pet, assess
problems and triage need for veterinary care as they arise, and to have the entirety of their pet’s
medical record at their fingers and to provide to either their primary veterinarian or during an
emergency/referral/new practice visits.
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Supercharged Pet Visits

Technologies will allow identification of patient's as they walk through the door, streamlining
visits and autopopulating/updating patient records from pet parent files and real-time data. This
will allow for more informed pet owners to provide more complete and higher quality information
to the veterinary medical staff, allowing for more efficient and accurate diagnosis and treatment
planning. Technologies including AI powered NLP will be leveraged to record medical histories
and populate patient records, allowing veterinarians to practice more doctoring and less time with
monotonous repetitive tasks. Veterinarians will need to consider how to manage quality control
of these new technologies to ensure that recorded in auto populated records are accurate and error
free.

Veterinary Efficiency

AT powered NLP will allow offloading of some monotonous medical records, but will also be used
to generate submission forms and paperwork for outside consulting including radiologist consults
for image assessment. This will allow the treating veterinarians and their staff to spend less time
completing paperwork, and will also increase the completeness and accuracy of submission forms
to support services including radiology, clinical pathology, pathology, etc. This technology will
also be used to create submissions for referral ensuring continuity of medical record between
facilities.

Quality Control/Safety

AI will be integrated in point-of-care image acquisition. This may provide guidance in what
images and views to acquire, as well as quality control to ensure that acquired images have
diagnostic imaging and positioning, as well as assessment for any radiation safety errors with cues
to the staff onsite. This will not only increase efficiency at time of acquisition, reducing radiation
to staff and patient and potentially cost to the client, but also optimizing the quality of diagnostic
images for subsequent consultation increasing efficiency and accuracy for imaging consultants (as
well as onsite interpretation). This will be a key component in allowing radiologists to be more
efficient, potentially lowering costs and increasing access to radiologist assessment, moving us
towards a new standard of care (SOC) closer to that of our human counterparts.

Al Diagnosis

Once properly validated according to good machine learning practices (GMLP) and standards
provided by relevant domain experts, Al can be used as part of the clinical decision making chain.
If done properly, this will increase human efficiency, increase accuracy/reduce errors, and also
offload repetitive monotonous tasks to allow humans to spend more of their time interpreting and
synthesizing complex information to improve patient care. If done hastily or improperly without
appropriate validation, this has potential to cause serious patient harm, particularly given our
ability to perform euthanasia when indicated. In consideration of integration of AI diagnostic
aids, it is imperative to have a strong understanding of human cognitive biases and how they could
be exacerbated by AI diagnostic aids, in particular concepts of premature closure, satisfaction of
search, diagnostic momentum, and automation bias. As has been developed in human medicine,
it will be important for us in veterinary medicine to consider AI/AI products through the scope of
risk stratification, with greater guidelines and guardrails for those products that have potential to
cause greater risk in patients. Until proven otherwise, best practice should be considered AI with
a human (domain expert) in the loop particularly in clinical diagnostic decision making.
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Al Research
AT has potential to increase efficiency and discovery in veterinary imaging research, including
facilitating discovery of patterns that may not be apparent to human assessment.

Al Teaching

For many years there has been a drain of veterinary radiologists from academia, which is where
the lion’s share of training a veterinary radiologists occurs. For this reason in conjunction with
market forces between private practice and academia, there are some veterinary institutions that
have no veterinary radiologists or minimal staffing. AI has the potential to increase access to
domain expert level knowledge to institutions which do not otherwise have a radiologist on staff.
AT will also be used as personal tutors not only in veterinary radiology, but in all domains of the
veterinary curriculum. As such, it is imperative that these technologies are properly validated to
ensure that disseminate information is accurate and defensible.

Al Regulation

Software is a medical device (SaMD) is a relatively new category of medical device which
comprises the majority of Al offerings. While AI/SaMD is subject to premarket approval by the
FDA for human devices, this is not the case in veterinary medicine where there is a loophole.
There are no requirements for FDA premarket approval of medical devices (including SaMD) in
veterinary medicine. While this may be viewed by some as an avenue to allow accelerated
development and adoption of AI/SaMD in veterinary medicine, it raises clear issues of properly
validated products that will not cause harm to patients. In the absence of any regulation, we are
reliant on companies to ethically develop properly validated products, and end-users (who
typically will not be domain experts) to assess products when they may not be provided the
information necessary to make such appraisals. This raises key issues of transparency from
AI/SaMD, and would necessitate these entities adopting GMLP without any requirement to do so.
Beyond that, AI will raise key issues in regards to the VCPR (in particular whether AI can hold
one), and whether AI can or should be seen as a consultant or referral in the context of the AVMA
Principles of Medical Ethics. New principles will likely be needed to properly address and
encompass the roles and uses of Al including SaMD.

Conclusion

AI will have many predictable and likely some unpredictable impacts in veterinary radiology and
consulting. This technology will affect all facets of the profession, as well as supercharging pet
parents. If deployed ethically and responsibly, we will see improvements in information access,
information accuracy, streamlined veterinary visits, improved diagnostics and quality control,
diagnostic aids, increased access to domain experts, scientific discovery, and training. If
deployed hastily and unethically, it has potential to cause harm to our patients and their pet
parents, degrade our critical thinking abilities, and erode trust and adoption. A concerted
collaborative effort should be placed on developing necessary guardrails for safety and accuracy,
including rethinking veterinary practice guidelines in the context of this emerging technology.
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Glossary of Abbreviations

Al artificial intelligence

CNN convolutional neural networks
DL deep learning

nRBC nucleated red blood cells

Introduction

Artificial Intelligence (AI) has rapidly emerged as a transformative tool in veterinary medicine,
particularly for veterinary clinical pathology. New AI-driven technologies have been developed to
assist with diagnostic tasks such as hematology and cytology. This review summarizes recent
developments in Al for veterinary hematology and cytology, highlights commercial products and
research initiatives. The aim is to provide a practical overview for veterinarians who wish to
incorporate or better understand Al-driven diagnostic tools in their clinics.

Applications of Al in Hematology

AT has the potential to automate blood smear evaluation. A recent study used deep learning (DL)
convolutional neural networks (CNN) for canine and feline blood smears.! The algorithm was
tested against board-certified clinical pathologists for tasks like leukocyte differential counts,
platelet estimates, and reticulocyte (polychromatophil) identification. The results were promising:
the five-part leukocyte differential by the AI agreed with pathologists 96.6% of the time in dogs
and 91.7% in cats, platelet clumps were detected with ~90% sensitivity, and reticulocyte
identification reached 100% agreement with experts.

One commercial platform? now includes an AI Blood Smear application that provides an in-
clinic blood cell analysis to supplement CBC data. The AI Blood Smear algorithm includes a
WBC differential count, Al estimated platelet count and platelet clumps, and Al identifies and
counts polychromatophils and nucleated red blood cells (nRBC).

Another commercially available analyzer® provides automated morphologic assessment,
including platelets, spherocytes, red blood cell agglutination, and immature neutrophils, with
integration with hematology reports from connected analyzers.c The manufacturer claims that
the deep Al learning models have been trained by board-certified pathologists using tens of
thousands of patient samples.

In practice, AI hematology applications can reduce the need for manual smear reviews except
for flagged cases. In the future, detection of subtle morphologic changes (e.g. toxic neutrophils,
blood parasites) using AI might be expected, which will assist general practitioners in making
timely diagnoses.

Applications of Al in Cytology
Digital cytology refers to scanning microscope slides into high-resolution digital images for
analysis. In the last few years, in-clinic digital slide scanners have been deployed by veterinary
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labs2bc to connect clinics with pathologists. These digital cytology products emphasize 24/7
service with same-day report delivery. While digital cytology itself is not Al, it lays the groundwork
by creating the digital image data on which AI algorithms can be trained.

In January 2025, an Al-based cytologic analysise for in-clinic screening of common lymph node
and subcutaneous mass aspirates for potential neoplastic cells.2 AI Masses is expected to launch
in the United States in the second quarter of 2025. A competitor® also plans to launch cytology
support in the near future.

Multiple studies have highlighted the potential of AI in cytologic interpretation. One research
group employed RetinaNet, a convolutional neural network (CNN)-based object detection
algorithms3 optimized for identifying small objects, to quantify hemosiderophages and generate
total hemosiderin scores in bronchoalveolar lavage fluid from horses with exercise-induced
pulmonary hemorrhage.45 The algorithm achieved an accuracy of 92.3% and demonstrated strong
concordance with a reference dataset annotated by 10 independent evaluators.4 In canine cytology,
two studies have explored the application of CNNs to distinguish among neoplastic, inflammatory,
and hyperplastic skin lesions, as well as to classify three types of round cell tumors—lymphoma,
histiocytoma, and mastocytoma—based on cytologic images from cutaneous lesions.®7

For general practitioners, the combination of digital cytology (rapid access to specialists) and Al
pre-screening (immediate in-house insights) can significantly improve diagnostic confidence
and patient care in cytology cases.

Conclusion

In conclusion, the integration of artificial intelligence into veterinary clinical pathology is already
in progress and poised for further expansion. This technology offers significant advantages in
terms of diagnostic speed and comparable accuracy. However, rigorous validation studies,
standardization protocols, and ethical guidelines must be carefully established to realize AI’s full
potential in veterinary hematology and cytology. Successfully addressing these challenges will
allow AI to become an invaluable adjunct in veterinary laboratories, amplifying the skills of
veterinarians and pathologists while preserving their essential roles in clinical reasoning, critical
analysis, and compassionate patient care.
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Footnotes:

a Vetscan Imagyst: Zoetis Services, LLC (Parsippany, New Jersey, USA)

b InVue DX Cellular Analyzer: IDEXX Laboratories, Inc. (Westbrook, Maine, USA)

c ProCyte One, ProCyte DX Analyzers: IDEXX Laboratories, Inc. (Westbrook, Maine,USA)
d HeskaView: Antech Diagnostics, Inc. (Fountain Valley, California, USA)

AI Masses for Vetscan Imagyst: Zoetis Services, LLC (Parsippany, New Jersey, USA)
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Glossary of Abbreviations
AGI artificial general intelligence
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Introduction

The concept of robotic pets has transitioned from the realm of science fiction to a tangible reality,
with advancements in artificial intelligence (AI) and robotics making these mechanical
companions increasingly sophisticated and lifelike. Robotic pets offer numerous potential
benefits, including companionship without the responsibilities associated with living animals,
therapeutic applications, and accessibility for individuals with allergies or physical limitations.
However, the debate continues on whether these Al-driven entities can truly replace the
emotional and psychological bonds formed with real pets. This essay explores the potential of
robotic pets, examining their advantages, limitations, and most importantly, looks at the
neurochemistry and social behavior of how humans bond.

First Off, what is Al vs AGI?
Simply, it’s the difference between a system designed to handle various tasks versus an entity
that can think on its own and even generate its own ideas.

Artificial Intelligence (AI) refers to the broad field of computer science dedicated to creating
systems capable of performing tasks that typically require human intelligence. These tasks
include learning, reasoning, problem-solving, perception, and language understanding. Al
systems are designed to handle specific tasks and are often categorized as narrow Al or weak Al
because they operate within a limited domain. Examples include virtual assistants like Siri and
Alexa, recommendation algorithms used by Netflix and Amazon, and autonomous vehicles.
These systems rely on large datasets and sophisticated algorithms to identify patterns and make
decisions, but they do not possess general cognitive abilities.

Artificial General Intelligence (AGI), on the other hand, represents a more advanced and
theoretical stage of Al development. AGI refers to machines that possess the ability to
understand, learn, and apply knowledge across a wide range of tasks at a level comparable to
human intelligence. Unlike narrow AI, AGI would be capable of performing any intellectual task
that a human can, including abstract thinking, creativity, and emotional understanding. The
development of AGI remains a significant challenge and is the subject of ongoing research and
debate within the AI community. Achieving AGI would require breakthroughs in areas such as
machine learning, cognitive science, and neuroscience, and it raises important ethical and
societal questions about the future of human-machine interaction, particularly in the realm of
pets. Imagine an AGI that is completely autonomous and behaves and even moves exactly like a
living dog, is soft and warm and can think on its own.
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How Could a Human Bond with a Non-living Thing, and What is Neoteny?
Neoteny refers to the retention of juvenile features in the adult stage of an organism. In humans,
neoteny manifests in physical traits such as a relatively large head, flat face, and large eyes, as
well as behavioral traits like curiosity and playfulness

These traits are thought to play a significant role in human bonding.

1. Physical Traits: The juvenile features retained in adults, such as large eyes and
expressive faces, can evoke nurturing responses from others, facilitating bonding.

2. Behavioral Traits: Playfulness and curiosity as well as other traits associated with
neoteny, encourage social interactions and shared activities, strengthening bonds.

3. Can Be Manipulated in Sales: Images using neoteny are used to generate sales in
everything from car design to dolls. The magic word that humans say when they are
influenced by neoteny is “cute”.

Bonding with Non-living Things
Humans often form emotional attachments to non-living things, such as pets, toys, or even
objects like cars. This phenomenon can be explained through several mechanisms:

1. Anthropomorphism: Humans tend to attribute human-like characteristics to non-
living things, making them seem more relatable and easier to bond with

2. Neotenous Features: Many non-living things, especially toys and pets, are designed
with neotenous features that evoke nurturing responses.

3. Emotional Support: Non-living things can provide comfort and a sense of security, like
human relationships can.

Bonding with Dogs
Dogs, although living beings, often exhibit neotenous traits that enhance bonding with humans:

1. Physical Appearance: Dogs have features like large eyes and playful behavior that trigger
nurturing instincts in humans.

2. Behavioral Traits: Dogs' loyalty, playfulness, and dependency on humans foster strong
emotional bonds.

3. Companionship: Dogs provide emotional support, companionship, and a sense of
purpose, like human relationships

Role of Neoteny in Human Bonding
Neoteny plays a crucial role in human bonding by evoking nurturing responses and facilitating
social interactions. This concept extends to bonding with non-living things and pets, where
neotenous traits and anthropomorphism enhance emotional connections. Understanding these
mechanisms can provide insights into the nature of human relationships and attachments and
potentially, if done accurately, could be a pathway to convincing people that a biomimetic pet is
a reasonable facsimile for a living pet.

Advantages of Robotic Pets

Companionship Without the Hassle
One of the primary advantages of robotic pets is the companionship they offer without the
associated maintenance and responsibilities of living animals. Traditional pets require feeding,
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grooming, veterinary care, and exercise, which can be time-consuming and costly. In contrast,
robotic pets do not need food, medical attention, or physical exercise, making them an attractive
option for individuals with busy lifestyles or limited physical capabilities. Populations living in
large cities who are not able to have traditional pets may be most interested in the possibility of
having a dog or cat without all the difficulties of having a living pet.

Hypoallergenic and Clean
Robotic pets are hypoallergenic, making them suitable for individuals who suffer from allergies
to pet dander. This inclusivity allows more people to enjoy the benefits of pet companionship
without the risk of allergic reactions. Additionally, robotic pets do not shed fur or produce waste,
contributing to a cleaner living environment. Imagine being able to select your pet’s coat and
what it is made of so that the chance of allergies is minimized.

Therapeutic Applications
Robotic pets have shown promise in therapeutic settings, particularly for the elderly and
individuals with cognitive impairments such as dementia. Studies have indicated that
interaction with robotic pets can reduce feelings of loneliness, anxiety, and depression among
elderly residents in care facilities. These mechanical companions can provide a sense of purpose
and routine, which is beneficial for mental health.

Educational Tools
For children, robotic pets can serve as educational tools, teaching them about responsibility and
empathy without the risk of harm to a living animal. These pets can be programmed to simulate
various behaviors, providing a safe and controlled environment for children to learn about pet
care.

Limitations of Robotic Pets

Lack of Genuine Emotional Connection
Despite their lifelike appearances and behaviors, robotic pets lack the genuine emotional
connection that living animals provide. Real pets exhibit spontaneous and unpredictable
behaviors, forming unique bonds with their owners. The absence of true emotions in robotic
pets can be a significant drawback for individuals seeking a deep, emotional relationship with
their companion.

Limited Interaction and Learning
While advanced AT allows robotic pets to mimic certain behaviors and respond to commands,
their interactions are still limited compared to those of living animals. Real pets can learn from
their environment and experiences, displaying a wide range of behaviors and emotions. Robotic
pets, on the other hand, operate within the constraints of their programming, which could limit
the depth and variety of interactions.

Ethical and Psychological Concerns
The rise of robotic pets also raises ethical and psychological concerns. Some argue that relying
on robotic pets for companionship may lead to further isolation and a decrease in human-to-
human interactions. Additionally, there are concerns about the potential for individuals to form
unhealthy attachments to robotic pets, blurring the lines between reality and artificiality.
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The Future

Technological Advancements
As technology continues to advance, the capabilities of robotic pets are expected to improve
significantly. Future iterations may feature more sophisticated Al, allowing for more complex
interactions and learning abilities. Enhanced sensory inputs, such as touch and sound, could
make robotic pets even more lifelike, further bridging the gap between artificial and real
companionship.

Integration with Smart Home Systems
Robotic pets could also be integrated with smart home systems, providing additional
functionalities beyond companionship. For example, they could assist with home security,
monitor the health and well-being of their owners, and even perform household tasks. This
multifunctionality could make robotic pets an integral part of modern smart homes. They may
also be able to be a form of ChatGPT and answer your random questions about any topic.

Broader Acceptance and Accessibility
As societal attitudes towards technology and Al evolve, the acceptance of robotic pets is likely to
increase. With continued research and development, these mechanical companions could
become more affordable and accessible, making them a viable option for a broader range of
individuals. This increased accessibility could enhance the quality of life for many, particularly
those who are unable to care for traditional pets.

Conclusion

Robotic pets hold significant potential as companions, therapeutic tools, and educational aids.
Their advantages, such as low maintenance, hypoallergenic properties, and therapeutic benefits,
make them an attractive alternative to traditional pets. However, the limitations, including the
lack of genuine emotional connection and limited interaction capabilities, must be
acknowledged. As technology advances, the future of robotic pets looks promising, with the
potential for more sophisticated and lifelike companions. Ultimately, while robotic pets may not
fully replace the emotional bonds formed with living animals, they offer a valuable and
complementary option for those seeking companionship and support.
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