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This manuscript summarizes a presentation delivered by the first author at the
2024 symposium for the Calvin Schwabe Award for Lifetime Achievement in
Veterinary Epidemiology and Preventive Medicine, which was awarded to Dr.
Jan Sargeant. Epidemiologic research plays a crucial role in understanding the
complex relationships between exposures and health outcomes. However,
the accuracy of the conclusions drawn from these investigations relies upon
the meticulous selection and measurement of exposure variables. Appropriate
exposure variable selection is crucial for understanding disease etiologies, but it
is often the case that we are not able to directly measure the exposure variable
of interest and use proxy measures to assess exposures instead. Inappropriate
use of proxy measures can lead to erroneous conclusions being made about
the true exposure of interest. These errors may lead to biased estimates of
associations between exposures and outcomes. The consequences of such
biases extend beyond research concerns as health decisions can be made
based on flawed evidence. Recognizing and mitigating these biases are essential
for producing reliable evidence that informs health policies and interventions,
ultimately contributing to improved population health outcomes. To address
these challenges, researchers must adopt rigorous methodologies for exposure
variable selection and validation studies to minimize measurement errors.
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1 Introduction

John Snow, considered the father of modern epidemiology, published his conclusions
regarding the Broad Street pump being the source of the Cholera epidemic in the Soho district
of London in 1855. In terms of scientific advances this is still a relatively modern development
and epidemiology is thus a relatively young science. To put this in perspective, we are
equidistant from John Snow’s publication “On the mode of communication of cholera” now
as he was from Sir Isaac Newton’s publication about the laws of motion (1687) at the time
he presented that publication.

Given the foundations of this branch of science and the most pressing health-related issues
facing human populations at the time, it is no surprise that the early developments in the field
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of epidemiology were rooted in determining the cause(s) of infectious
diseases. In this model, causal factors are those that are responsible for
health impacts or modifications of health and each factor that
contributes to disease occurrence is considered a component cause of
disease. Any combination of factors that produce disease are
considered a sufficient cause of disease, and causal factors that are
required for the disease to develop are termed necessary causes.
However, as we have moved from studying infectious causes of disease
to non-infectious disease outcomes, such as cancer and aging in both
humans and other animal species, we have increased the complexity
of exposure measurement within the field. This is because with
non-infectious outcomes there may be no necessary cause for a
particular health outcome. In fact, any single component cause may
only make a small contribution to the disease etiology. This perspective
aims to elucidate the importance of appropriate selection of exposure
variables within the field of veterinary epidemiology, though many of
the concepts apply to human populations as well.

2 Challenges with exposure variables

Rothman and Greenland (1) described the concept of causation
due to multiple component causes as being an incomplete causal
mechanism unless or until all of the component conditions or events
that are necessary for the outcome to occur have reached a set of
minimal conditions or thresholds. Thus, each of those components
must be accurately measured to determine causality. An additional
complexity is that most diseases can be caused by more than one
causal mechanism, a concept called multicausality, and each of these
mechanisms involves the collective action of a multitude of component
causes (1). Knowledge of which components are part of the multiple
component causes and how they should be measured is necessary
prior to occurrence of the outcome of interest in order to
determine causality.

When measuring exposures, it is also important to consider the
timing of the exposure on the individual or population in terms of
when the exposure occurs in relation to the individual’s development
or life stage. This is important because the timing of the exposure can
cause tremendous variability in the outcomes that may occur. An
excellent example is the exposure to the steroidal alkaloid,
cyclopamine, in sheep during pregnancy. Ewes can become exposed
to this potent teratogen through ingestion of the plant Veratrum
californicum resulting in synophthalmia (cyclopia) formation in the
embryonic lamb. However, cyclopamine is rapidly eliminated from
the ewe and ingestion of the plant only on gestational days 13 or 14
results in craniofacial malformations being exhibited (2).

In addition to the timing of exposure in relation to the individual’s
development, duration of exposure may also be associated with
outcomes. In a prospective human birth cohort study conducted in
Cincinnati, Ohio, early life exposure to traffic-related air pollution was
associated with wheezing regardless of the age at which exposure
occurs (3). However, increased risk for asthma was only identified in
children exposed to traffic-related air pollution from birth to the age
of seven (3). This illustrates that, even within the same population
cohort, the duration of time exposed to the same exposure risk did
influence disease occurrence.

Another complication is that many of the observational studies
used in veterinary epidemiology are retrospective. However, it is
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not always possible to measure exposure variables retrospectively,
as it is often the case that there are no measurable indicators of
past exposures. For instance, dietary intake during childhood has
been shown to affect adult risk of breast cancer in human females
(4), but there are few adult individuals who have detailed
descriptions of the types and amounts of foods they consumed
as toddlers.

The total number of exposures of interest have increased
considerably, too. In a recently published manuscript by Sargeant et al.
(5), the authors evaluated 200 observational studies published in the
veterinary literature between 2020 and 2022. The number of variables
assessed during the screening step in these studies averaged over 20,
with a maximum of more than 175. The average number of
independent variables evaluated in the final models used in the studies
was approximately 14.

The exposure variables being examined themselves have also
become much more complex. For instance, food selections for
companion animals have become more diverse (6), and different diet
types have been associated with different health outcomes (7, 8).
Environmental risk factors being examined in relation to health
outcomes in animals include those related to the natural environment
(9), built environment (10), and the chemical environment (11).
Researchers are examining the role that psychosocial (12) and
cognitive states (13) play in health outcomes in animals as well. Of
course, we also are learning more about the role that genetic
predispositions play in the outcome of disease, especially cancers (14),
in animal species.

This increasing complexity and numeracy of exposures of interest
has likely contributed to an increase in errors related to measurement
of exposures (15, 16). It is thought that inaccurate exposure
measurements are one of the main sources of bias in epidemiologic
research. The magnitude of this bias is likely underappreciated (16).
For instance, if we have a well measured variable that correlates with
the true exposure of interest with a correlation coefficient of 0.7,
we might consider that to be an acceptably strong relationship
between the two variables. However, in this instance if we observe a
risk ratio of 1.7 in our exposure variable with a correlation coefficient
of 0.7, it would indicate that the true risk ratio associated with the
exposure of interest is 3.0, nearly two-fold higher than what was
measured. Of course, exposure estimates can be either under- or
overestimated when measurement errors occur (17).

With the era of veterinary medical “Big Data” having begun (18),
one might assume that measurement errors can be overcome by the
use of enormous datasets with large numbers of observations. This
assumption likely originates from the probability theory known as the
law of large numbers wherein by taking the average of an increasing
number of random observations sampled from a population it allows
for convergence on the true value of the mean. However, measurement
errors impact epidemiologic data analyses in several ways, including
creating bias in, and affecting the precision of, the exposure effect
estimate (17). Thus, a larger sample size will not necessarily move
exposure effect estimates closer to their real values and may affect the
precision of the estimate, but not the bias resulting in a very precise,
but biased estimate. So a larger sample size might be able to
compensate for the loss in precision that is caused by measurement
error, but the bias created when the reliability of the measurement is
low may need a 50-fold or more increase in sample size in order to
compensate for the error (19, 20).
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It is not uncommon for veterinary researchers to use proxy
variables in lieu of directly measuring the true variable of interest. One
type of proxy measure that is used with some frequency in
epidemiologic research is distance. That is to say that we use the
distance from an exposure of interest as a proxy measure for the
amount of exposure. In many cases, investigators are able to measure
distance from the exposure with a high degree of accuracy, but the
true amount of exposure may not always be equal at equal distances
from the source of exposure. For instance, a virus or fine particulate
matter that is dispersed through the air and travels from a source of
exposure like a silver mine (21) or a poultry house (22) does not travel
uniformly in all directions away from the source of exposure. Factors
such as wind direction and speed, the deposition process, and
pathogen decay rate must be considered in order for true exposure to
be estimated. Similarly, all animals in a closed barn may not receive
the same exposure from an airborne pathogen due to differences in
air flow within the building based on location of fans and doors and
variables such as temperature and humidity. However, distance is
regularly used as a proxy measure for exposure without accounting for
variables that might differentially impact the way in which distance
from a source of exposure should be interpreted in both human (23)
and animal (24) health research.

It is also not uncommon for veterinary researchers to create
variables to define exposures of interest. For example, there have been
several studies that have examined the effect of brachycephaly, or a
shortened skull shape, on health outcomes in dogs (25-27). However,
there is not a standardized definition of the term brachycephaly being
used across these studies. One study (25) used morphometric
measurements to define dogs as brachycephalic, another (26) used a
list of 13 dog breeds to define their brachycephalic cohort, and a third
(27) used a list of more than 30 dog breeds to define their
brachycephalic cohort, and that list did not incorporate all of the 13
breeds included in the previous study. Thus, the same exposure
variable was ostensibly being examined, but on close inspection it
becomes apparent that though the same label is being affixed, the term
does not mean the same thing in each of these instances. This means
that at least some of the animals or even entire breeds being studied
must be misclassified when we compare results across studies.

3 Proposed solutions

Given that inaccurate exposure measurements are one of the main
sources of bias in epidemiologic research, it seems prudent that we, as a
discipline, make every effort to reduce the impact on our understanding
of health. One of the most straightforward ways we can do this is by
directly measuring exposure variables of interest. Foregoing the use of
proxy measurements whenever feasible and realistic to do so will
decrease bias and increase the accuracy of our exposure measurements.
This will in turn allow us to observe risk ratios that are closer to the true
effect and will enhance our understanding of disease etiologies.

When it is not possible to directly measure the exposure variable
of interest, it is imperative that rational proxy measurements are used.
Thoughtfully considering how the proxy measure may vary from the
true exposure variable and taking those variables into account is
crucial. Furthermore, it is imperative that the process through which
the proxy variable was decided upon by the investigators be described
in the methods section of the report associated with the work.
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Transparency around the decision-making process is critical so that
readers can evaluate and determine how close a proxy measurement
is to the true variable of interest.

Directed acyclic graphs (DAGs) or causal diagrams can also be used
for selecting appropriate exposure variables as they provide a clear
representation of the assumed causal relationships between variables. By
mapping out these relationships, DAGs help to identify and distinguish
between confounders, mediators, and colliders, thus preventing biased
estimates of the exposure-outcome association (28). When used to
guide the selection of variables to control for, they help to ensure that
the chosen variables isolate the causal effect of the exposure on the
outcome, rather than introducing bias or masking the true relationship.

Further, we must be consistent in our use of defined exposures.
Using similar terminology with different inclusion criteria across
studies makes research replication difficult, if not impossible. Our
profession has a strong history of successfully using consensus
statements to provide our community with information about topics
as varied as the diagnosis and treatment of diseases to reporting
guidelines for use when conducting research (29-34). Consensus
statements also can be used to define exposure variables that can
be uniformly applied across research endeavors.

Lastly, failure to recognize the impact of poorly measured
exposure variables should not be tolerated. They should, in fact,
be considered a serious flaw in research proposals and manuscripts
submitted for publication. Erroneous measurements can lead to biased
results that may not be sufficiently understood, even when they are
recognized by the researchers. Several methods of quantitative bias
analysis and “good practices” for their application have been developed
(35). Acknowledging the presence of errors in the measurement of
exposure variables in the discussion section of a manuscript should
not be considered an adequate or acceptable practice.

Data availability statement
The original contributions presented in the study are included in

the article/supplementary material, further inquiries can be directed
to the corresponding author.

Author contributions
AR: Conceptualization, Formal analysis, Writing - original draft,
Writing - review & editing. JS: Conceptualization, Writing — review

& editing. AO'C: Conceptualization, Writing — review & editing. DR:
Conceptualization, Writing - review & editing.

Funding

The author(s) declare that no financial support was received for
the research, authorship, and/or publication of this article.

Acknowledgments

The authors would like to acknowledge the Association for
Veterinary Epidemiology and Preventive Medicine (AVEPM) and the

frontiersin.org


https://doi.org/10.3389/fvets.2024.1442308
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

Ruple et al.

Conference of Research Workers in Animal Diseases (CRWAD) for
support of the Schwabe Symposium and the 2024 Calvin W. Schwabe
Award winner, Dr. Jan Sargeant. The Calvin W. Schwabe Award is
presented annually by the AVEPM to honor lifetime achievement in
veterinary epidemiology and preventive medicine.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

References

1. Rothman KJ, Greenland S. Causation and causal inference in epidemiology. Am J
Public Health. (2005) 95:5144-50. doi: 10.2105/AJPH.2004.059204

2. Welch KD, Panter KE, Lee ST, Gardner DR, Stegelmeier BL, Cook D.
Cyclopamine-induced synophthalmia in sheep: defining a critical window and
toxicokinetic evaluation. J Appl Toxicol. (2009) 29:414-21. doi: 10.1002/jat.1427

3. Brunst KJ, Ryan PH, Brokamp C, Bernstein D, Reponen T, Lockey J, et al.
Timing and duration of traffic-related air pollution exposure and the risk for
childhood wheeze and asthma. Am J Respir Crit Care Med. (2015) 192:421-7. doi:
10.1164/rccm.201407-13140C

4. Michels KB, Rosner BA, Chumlea WC, Colditz GA, Willett WC. Preschool diet
and adult risk of breast cancer. Int ] Cancer. (2006) 118:749-54. doi: 10.1002/
ijc.21407

5. Sargeant JM, O’Connor AM, Renter DG, Ruple A. What question are we trying
to answer? Embracing causal inference. Front Vet Sci. (2024) 11:1402981. doi:
10.3389/fvets.2024.1402981

6. Morgan G, Williams N, Schmidt V, Cookson D, Symington C, Pinchbeck G. A
Dog’s dinner: factors affecting food choice and feeding practices for UK dog
owners feeding raw meat-based or conventional cooked diets. Prev Vet Med. (2022)
208:105741. doi: 10.1016/j.prevetmed.2022.105741

7. Groat EF, Williams NJ, Pinchbeck G, Warner B, Simpson A, Schmidt VM. UK
dogs eating raw meat diets have higher risk of Salmonella and antimicrobial-
resistant Escherichia coli faecal carriage. ] Small Anim Pract. (2022) 63:435-41. doi:
10.1111/jsap.13488

8. Giacometti F, Magarotto ], Serraino A, Piva S. Highly suspected cases of salmonellosis
in two cats fed with a commercial raw meat-based diet: health risks to animals and zoonotic
implications. BMC Vet Res. (2017) 13:224. doi: 10.1186/s12917-017-1143-z

9. Tangtrongsup S, Scorza AV, Reif JS, Ballweber LR, Lappin MR, Salman MD.
Seasonal distributions and other risk factors for Giardia duodenalis and
Cryptosporidium spp. infections in dogs and cats in Chiang Mai, Thailand. Prev
Vet Med. (2020) 174:104820. doi: 10.1016/j.prevetmed.2019.104820

10.Rowe E, Browne W, Casey R, Gruffydd-Jones T, Murray J. Risk factors
identified for owner-reported feline obesity at around one year of age: dry diet and
indoor lifestyle. Prev Vet Med. (2015) 121:273-81. doi: 10.1016/j.
prevetmed.2015.07.011

11.Takashima-Uebelhoer BB, Barber LG, Zagarins SE, Procter-Gray E,
Gollenberg AL, Moore AS, et al. Household chemical exposures and the risk of
canine malignant lymphoma, a model for human non-Hodgkin’s lymphoma.
Environ Res. (2012) 112:171-6. doi: 10.1016/j.envres.2011.12.003

12.Cannas S, Berteselli GV, Piotti P, Talamonti Z, Scaglia E, Stefanello D, et al.
Stress and Cancer in dogs: comparison between a population of dogs diagnosed
with Cancer and a control population - a pilot study. Maced Vet Rev. (2016)
39:201-8. doi: 10.1515/macvetrev-2016-0088

13. Thomovsky SA, Ogata N. A Canine’s behavior and cognitive state as it relates
to immobility and the success of physical rehabilitation in the non-ambulatory
spinal cord patient. Front Vet Sci. (2021) 8:599320. doi: 10.3389/fvets.2021.599320

14.Leeb T, Bannasch D, Schoenebeck JJ. Identification of genetic risk factors for
monogenic and complex canine diseases. Annu Rev Anim Biosci. (2023) 11:183-205.
doi: 10.1146/annurev-animal-050622-055534

15.Jurek AM, Maldonado G, Greenland S, Church TR. Exposure-measurement
error is frequently ignored when interpreting epidemiologic study results. Eur J
Epidemiol. (2006) 21:871-6. doi: 10.1007/s10654-006-9083-0

16. Brakenhoff TB, Mitroiu M, Keogh RH, Moons KGM, Groenwold RHH, van
Smeden M. Measurement error is often neglected in medical literature: a systematic
review. J Clin Epidemiol. (2018) 98:89-97. doi: 10.1016/j.jclinepi.2018.02.023

Frontiers in Veterinary Science

10.3389/fvets.2024.1442308

The author(s) declared that they were an editorial board member
of Frontiers, at the time of submission. This had no impact on the peer
review process and the final decision.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

17.van Smeden M, Lash TL, Groenwold RHH. Reflection on modern methods:
five myths about measurement error in epidemiological research. Int J Epidemiol.
(2020) 49:338-47. doi: 10.1093/ije/dyz251

18.Paynter AN, Dunbar MD, Creevy KE, Ruple A. Veterinary big data: when data
goes to the dogs. Animals. (2021) 11:1872. doi: 10.3390/ani11071872

19. Devine OJ, Smith JM. Estimating sample size for epidemiologic studies: the
impact of ignoring exposure measurement uncertainty. Stat Med. (1998)
17:1375-89. doi: 10.1002/(SICI)1097-0258(19980630)17:12<1375::AID-
SIM857>3.0.CO;2-D

20.McKeown-Eyssen GE, Tibshirani R. Implications of measurement error in
exposure for the sample sizes of case-control studies. Am ] Epidemiol. (1994)
139:415-21. doi: 10.1093/0xfordjournals.aje.al17014

21.Kim CS, Anthony TL, Goldstein D, Rytuba JJ. Windborne transport and
surface enrichment of arsenic in semi-arid mining regions: examples from the
Mojave Desert, California. Aeolian Res. (2014) 14:85-96. doi: 10.1016/j.
aeolia.2014.02.007

22.Ssematimba A, Hagenaars TJ, de Jong MCM. Modelling the wind-borne
spread of highly pathogenic avian influenza virus between farms. PLoS One. (2012)
7:e31114. doi: 10.1371/journal.pone.0031114

23.Schultz AA, Peppard P, Gangnon RE, Malecki KMC. Residential proximity to
concentrated animal feeding operations and allergic and respiratory disease.
Environ Int. (2019) 130:104911. doi: 10.1016/j.envint.2019.104911

24.Slizovskiy IB, Conti LA, Trufan SJ, Reif JS, Lamers VT, Stowe MH, et al.
Reported health conditions in animals residing near natural gas wells in
southwestern Pennsylvania. ] Environ Sci Health A Tox Hazard Subst Environ Eng.
(2015) 50:473-81. doi: 10.1080/10934529.2015.992666

25.Packer RMA, Hendricks A, Tivers MS, Burn CC. Impact of facial
conformation on canine health: brachycephalic obstructive airway syndrome. PLoS
One. (2015) 10:e0137496. doi: 10.1371/journal.pone.0137496

26.Gruenheid M, Aarnes TK, McLoughlin MA, Simpson EM, Mathys DA,
Mollenkopf DF, et al. Risk of anesthesia-related complications in brachycephalic
dogs. J Am Vet Med Assoc. (2018) 253:301-6. doi: 10.2460/javma.253.3.301

27.0O’Neill DG, Pegram C, Crocker P, Brodbelt DC, Church DB, Packer RMA.
Unravelling the health status of brachycephalic dogs in the UK using multivariable
analysis. Sci Rep. (2020) 10:17251. doi: 10.1038/541598-020-73088-y

28.Pearce N, Lawlor D. Causal inference—so much more than statistics. Int |
Epidemiol. (2016) 45:1895-903. doi: 10.1093/ije/dyw328

29.Ruple A, Sargeant JM, Selmic LE, O’Connor AM. The standards of reporting
randomized trials in pets (PetSORT): methods and development processes. Front
Vet Sci. (2023) 10:1137774. doi: 10.3389/fvets.2023.1137774

30.Sargeant JM, Ruple A, Selmic LE, O’Connor AM. The standards of reporting
trials in pets (PetSORT): explanation and elaboration. Front Vet Sci. (2023)
10:1137781. doi: 10.3389/fvets.2023.1137781

31.Sargeant JM, O’Connor AM, Gardner IA, Dickson JS, Torrence ME, consensus
meeting participantset al. The REFLECT statement: reporting guidelines for
randomized controlled trials in livestock and food safety: explanation and
elaboration. Zoonoses Public Health. (2010) 57:105-36. doi:
10.1111/j.1863-2378.2009.01312.x

32.0’Connor AM, Sargeant JM, Gardner IA, Dickson JS, Torrence ME, Dewey
CE, et al. The REFLECT statement: methods and processes of creating reporting
guidelines for randomized controlled trials for livestock and food safety. J Vet
Intern Med. (2010) 24:57-64. doi: 10.1111/j.1939-1676.2009.0441.x

33.Sargeant JM, O’Connor AM, Dohoo IR, Erb HN, Cevallos M,
Egger M, et al. Methods and processes of developing the strengthening the

frontiersin.org


https://doi.org/10.3389/fvets.2024.1442308
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org
https://doi.org/10.2105/AJPH.2004.059204
https://doi.org/10.1002/jat.1427
https://doi.org/10.1164/rccm.201407-1314OC
https://doi.org/10.1002/ijc.21407
https://doi.org/10.1002/ijc.21407
https://doi.org/10.3389/fvets.2024.1402981
https://doi.org/10.1016/j.prevetmed.2022.105741
https://doi.org/10.1111/jsap.13488
https://doi.org/10.1186/s12917-017-1143-z
https://doi.org/10.1016/j.prevetmed.2019.104820
https://doi.org/10.1016/j.prevetmed.2015.07.011
https://doi.org/10.1016/j.prevetmed.2015.07.011
https://doi.org/10.1016/j.envres.2011.12.003
https://doi.org/10.1515/macvetrev-2016-0088
https://doi.org/10.3389/fvets.2021.599320
https://doi.org/10.1146/annurev-animal-050622-055534
https://doi.org/10.1007/s10654-006-9083-0
https://doi.org/10.1016/j.jclinepi.2018.02.023
https://doi.org/10.1093/ije/dyz251
https://doi.org/10.3390/ani11071872
https://doi.org/10.1002/(SICI)1097-0258(19980630)17:12<1375::AID-SIM857>3.0.CO;2-D
https://doi.org/10.1002/(SICI)1097-0258(19980630)17:12<1375::AID-SIM857>3.0.CO;2-D
https://doi.org/10.1093/oxfordjournals.aje.a117014
https://doi.org/10.1016/j.aeolia.2014.02.007
https://doi.org/10.1016/j.aeolia.2014.02.007
https://doi.org/10.1371/journal.pone.0031114
https://doi.org/10.1016/j.envint.2019.104911
https://doi.org/10.1080/10934529.2015.992666
https://doi.org/10.1371/journal.pone.0137496
https://doi.org/10.2460/javma.253.3.301
https://doi.org/10.1038/s41598-020-73088-y
https://doi.org/10.1093/ije/dyw328
https://doi.org/10.3389/fvets.2023.1137774
https://doi.org/10.3389/fvets.2023.1137781
https://doi.org/10.1111/j.1863-2378.2009.01312.x
https://doi.org/10.1111/j.1939-1676.2009.0441.x

Ruple et al.

reporting of observational studies in epidemiology - veterinary
(STROBE-vet) statement. Prev Vet Med. (2016) 134:188-96. doi: 10.1016/j.
prevetmed.2016.09.005

34. ACVIM Consensus Statement TaskforceHinchcliff KW, Morley PS, DiBartola SP,
Taylor SD, Harrell KA. ACVIM-endorsed statements: consensus statements, evidence-

Frontiers in Veterinary Science

10.3389/fvets.2024.1442308

based practice guidelines and systematic reviews. J Vet Intern Med. (2023) 37:1957-65.
doi: 10.1111/jvim.16869

35. Lash TL, Fox MP, MacLehose RF, Maldonado G, McCandless LC, Greenland S.
Good practices for quantitative bias analysis. Int J Epidemiol. (2014) 43:1969-85. doi:
10.1093/ije/dyu149

05 frontiersin.org


https://doi.org/10.3389/fvets.2024.1442308
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org
https://doi.org/10.1016/j.prevetmed.2016.09.005
https://doi.org/10.1016/j.prevetmed.2016.09.005
https://doi.org/10.1111/jvim.16869
https://doi.org/10.1093/ije/dyu149

	Exposure variables in veterinary epidemiology: are they telling us what we think they are?
	1 Introduction
	2 Challenges with exposure variables
	3 Proposed solutions
	Data availability statement
	Author contributions

	References

