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Abstract

Since Guidance for Industry (GFI) #213 was implemented in the United States, veterinarians have
taken overall responsibility for authorizing access to antibiotics in animal health, in turn becoming
key actors in antibiotic resistance management. However, prescribing antibiotics is a complex trade-
off under uncertainty, involving clinical needs, client expectations, their own interests, and societal
risks. To examine how veterinarians weigh these factors, we analyze observed prescription decisions
from a discrete choice experiment with U.S. veterinarians using a random-utility framework. We
find: first, disease and cure probabilities have independent effects on veterinarians’ utility rather than
entering only through contingent expected outcomes. Second, veterinarians place much greater
weight on increasing cure probability than on reducing the magnitude of potential economic loss,
especially in the small-animal sample, where loss avoided is essentially not valued. Third, regarding
antibiotic-resistance risk, veterinarians’ preferences differ by risk level: low-level risk is almost
ignored, whereas high-level risk is strongly rejected. Preference heterogeneity exists, but only along
years of experience, with more experienced veterinarians in large- and small-animal practice
attaching different weights to welfare and economic outcomes.
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1 Introduction

Antibiotics are a cornerstone of modern medicine. However, their widespread use, while
lifesaving, has also accelerated antibiotic resistance (AR), which in turn places a heavy
burden on public health and the economy. In the United States alone, resistant infections
cause more than 2.8 million illnesses and 35,000 deaths annually (CDC, 2019). The situation
got worse during the COVID-19 pandemic, when antibiotics were often prescribed for a viral
disease, frequently without evidence of bacterial co-infection (Rawson et al., 2020).

One of the most effective ways to slow down the development of antibiotic resistance is to
reduce unnecessary antibiotic use, whereas most current efforts in AR management still
target human medicine. Yet veterinary use accounts for a large share of total antibiotic
consumption and resistance. In 2023, more than 6 million kilograms of antibiotics were used
in food animals in the U.S. (CDC, 2024). In addition, companion animals can facilitate the
transmission of resistant pathogens through close contact and shared living spaces with
humans (Pomba et al., 2017). Therefore, effective management of antibiotic use in veterinary
practice is indispensable, and veterinarians, who primarily guide animal owners’ medical
decisions, play an important role in antibiotic stewardship.

To control antibiotic use in animals, the United States implemented regulatory reforms in
2017 and 2021 that restrict access to medically important antibiotics. These reforms require
that such antibiotics be prescribed only by a veterinarian with an established veterinarian—
client—patient relationship, with the aim of ensuring that antibiotic-use decisions are made by
trained professionals who can weigh therapeutic necessity against the broader societal risks of
resistance.

These regulations place veterinarians in a role of controlling access to antibiotics. However,
antibiotic stewardship cannot be achieved simply by instructing veterinarians to reduce use.
Veterinarians work under a complex and often conflicting set of responsibilities. They must
take regulatory expectations about controlling AR risk into account, meet the ethical and
clinical standards for animal welfare required by their professional training, and satisfy their
clients to maintain business and reputation in a competitive service market. These constraints
turn antibiotic prescribing into a multi-objective decision problem that requires difficult
trade-offs among competing goals.

The existing literature has widely discussed the multiple goals veterinarians face and their
struggle to balance these goals. However, most of this work is qualitative, and there is limited
quantitative evidence on how veterinarians actually trade off competing objectives in
practice. This paper fills this gap by analyzing U.S. veterinarians’ antibiotic prescribing
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decisions, using data from a discrete choice experiment to quantify the trade-offs they make
among cure rate, economic loss avoided, animal welfare improvement, and antibiotic
resistance risk.

The remainder of the paper is organized as follows. Section 2 outlines the relevant
background and policies. Section 3 reviews the literature. Section 4 introduces the theoretical
model. Sections 5 and 6 present the data and econometrics methods. Empirical results are
presented in Section 7. Section 8 discusses the main findings and concludes.

2 Background and Policy Context
2.1 Antibiotics and Resistance

Antibiotics are regarded as one form of biological commons: they are non-excludable at the
point of use, meaning anyone can access and benefit from treatment, yet their effectiveness is
subject to depletion with widespread usage. Unlike natural resources depleted through actual
consumption, the effectiveness of antibiotics is eroded through evolutionary selection: each
individual use of antibiotics imposes selective pressure on the bacteria, which eliminates the
susceptible ones and selects for the resistant strains (Giubilini, 2019). This process
cumulatively makes irreversible changes to the effectiveness of antibiotics, which further
affects the benefit of antibiotics shared by all users.

Usage control is the most effective method to slow down the development of resistance.
However, global antibiotic consumption has been increasing over time. According to
pharmaceutical sales data from IQVIA!, antibiotic consumption in 67 countries increased by
16.3%, from 29.5 billion defined daily doses (DDDs) in 2016 to 34.3 billion in 2023. after
extrapolating to non-reporting countries, this corresponds to about a 21% increase in global
consumption. By 2030, global antibiotic consumption is expected to reach approximately
75.1 billion DDDs, a 52.3% increase, without intervention (Klein et al., 2024).

In 2014, antimicrobial resistance (AMR) was officially declared by the World Health
Organization (WHO) as “a serious threat to global public health”. In 2019 alone, an estimated
4.95 million deaths were associated with bacterial AMR, of which 1.27 million were directly
attributed to resistant infections (Murray et al., 2022). Other than these, it also causes high
social and economic costs. The global annual direct healthcare costs attributed to antibiotic
resistance are estimated at USD 66 billion. Furthermore, antimicrobial resistance could

'IQVIA is a multinational company that provides biopharmaceutical development and commercial outsourcing

services, including comprehensive pharmaceutical market data and analytics.



reduce global GDP by 1.1% to 3.8% annually by 2050 without effective interventions (World
Bank, 2017; World Bank, 2024).

Meanwhile, most of the global antibiotic consumption happens in animals. In 2017,
approximately 73%? of global antibiotics were used in animals (Mulchandani et al., 2023).
The proportion is even higher in the United States, reaching 80%, which is further expected
to increase by 29.5% between 2019 and 2040, reaching approximately 143,481 metric tons, if
no additional measures are taken (Martin et al., 2015). In addition, much of this livestock
antibiotic use, as high as 80% in some countries (WHO, 2017), is for non-therapeutic
purposes, such as disease prevention and growth promotion.

Given these facts, controlling the antibiotic use in animals is necessary in AR management.
2.2 Regulation and situation in the United States

The policies for AR management vary across countries. Our paper focuses on the United
States because of its large antibiotic consumption, intensive livestock production, and
widespread companion-animal practices. In addition, regulatory reforms over the past decade
have specifically targeted antibiotic use in animals, and have placed veterinarians in charge of
access to medically important antibiotics.

In the United States, unlike the comprehensive stewardship program of human medicines, the
regulation of veterinary antibiotic use began later and has developed more slowly. For
decades, producers could buy medically important antibiotics over the counter and use them
for purposes other than treatment. A turning point came in 2013, when the U.S. Food and
Drug Administration (FDA) released Guidance for Industry (GFI) #213, asking drug
companies to remove growth-promotion claims from antibiotic labels. By 2016, the change
was complete: these drugs could now only be used therapeutically, under veterinary
supervision.

Following that, in 2017, the Veterinary Feed Directive (VFD) Final Rule was issued, which
required veterinary oversight for any antibiotics delivered through feed or water. The GFI
#263 in 2021 further tightened the regulation, by moving all remaining over-the-counter
antibiotics to prescription-only status. Together, these measures restrict access to antibiotics:
now, they can be obtained only by prescription under a valid veterinarian—client—patient

2 Due to data limitations, antimicrobial use (AMU) is used as a proxy for antibiotic use in this analysis,
considering antibiotics comprise the major category of antimicrobials used in livestock and are the primary

driver of bacterial resistance.



relationship (VCPR). As a result, veterinarians have become the primary gatekeepers of
antibiotic access in animals, determining whether and how these drugs are used in practice.

The impact of these reforms is also discussed in literature. For example, Dillon and Jackson-
Smith (2021) examined how the implementation of the Veterinary Feed Directive (VFD)
affected cattle operations in Ohio. They found that the use of medicated feed antibiotics
decreased, interactions between farmers and veterinarians increased, and there was no
significant adverse effect on overall production. This finding is further supported by
Abdelfattah et al. (2021), who studied adult cows on California dairies and reported similar
conclusions. Additionally, Sarkar and Okafor (2023) observed changes in the prevalence of
antibiotic-resistant bacteria in retail meat following the VFD implementation.

3. Literature Review
3.1 Theoretical Foundations
3.1.1 Antibiotic use as a dynamic externality

The effectiveness of antibiotics is a non-renewable common-pool resource, and its use has a
strong negative dynamic externality. This problem was first formalized by Laxminarayan and
Brown (2001) by combining SIS (Susceptible—Infected—Susceptible) epidemiological model
with optimal control theory. They developed a dynamic model to capture the tradeoffs
between the effectiveness of antibiotics and the evolution of resistance, and to find a social
optimum for this problem.

A key contribution of this study is that it shows when individual decision-makers (such as
physicians, patients, or hospitals) focus on immediate private benefits and costs, and do not
internalize the long-term social cost for future generations, the private best response would
not follow the social optimal path. As a result, policy intervention is necessary to achieve a
long-term social optimum.

Laxminarayan and Brown (2001) demonstrated the macro-level market failure. Yet in
practice, individual decisions about antibiotic use are mostly made by professional agents
(e.g., physicians or institutions), rather than by patients who directly benefit from antibiotic
use. This can be interpreted using h the principal-agent framework of regulatory economics
(Laffont & Tirole, 1993): a social planner (e.g., regulator or health authority) delegates
decision-making to those who hold private information, but the agents’ private best responses
are not always aligned with the social optimum. In the veterinary context, the agents,
veterinarians, actually play two roles in practice: as agents for a social planner, and clinical

agents for animal owners. These two roles sometimes have conflicting objectives.
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3.1.2 Cure—loss-cost trade-offs in production animals

In the health economics of food-producing animals, the decision of whether to treat often
depends on the economic impact of disease, which is typically decomposed into two
components: (i) avoided losses in production and animal value and (ii) treatment costs,
including veterinary labor, diagnosis, testing, pharmaceuticals (Mclnerney et al., 1992;
Bennett, 2003). To be more specific, let L denote the loss avoided, C the treatment cost, r the
probability of the animal being successfully cured. rL > C indicates the treatment is
profitable.

This rule has been widely used, especially when evaluating the economic benefit of treating
mastitis in dairy cattle. The specific modelling approaches differ, for example, Swinkels,
Hogeveen & Zadoks (2005) use a partial budget model, whereas D Nielsen et al. (2010) and
Rodriguez et al. (2024) use a dynamic model with stochastic elements, but in all cases, the
core idea of evaluating economic benefit is to compare the expected avoided loss rL with the
treatment cost C.

Because r and L enter only through their product rL, this framework implicitly assumes r and
L is perfect substitutes: for the treatment decision, any proportional change in r or L that
leads to the same rL makes no difference. However, treatment decisions, particularly those
involving antibiotics, are made by veterinarians, and for them, this implicit assumption may
not hold. Survey evidence suggests that veterinarians give more weight to treatment success.
In a study of bovine respiratory disease, most respondents reported preferring combinations
of therapies primarily because of their perceived efficacy (Mijares et al., 2023). Similarly,
Mateus et al. (2014) find that many small-animal veterinarians state they would choose the
most efficacious option whenever possible.

Other than that, in practice, veterinarians’ risk- and regret-aversion may attach more value to
cure success, several studies about the drivers of veterinarians’ prescription decisions
reported that fear of treatment failure, low tolerance for uncertainty, and the pressure from
potential bad outcomes are also regarded as important prescribing decision drivers (Coyne et
al. 2014; King et al., 2018; Golding et al., 2019; Servia-Dopazo and Figueiras, 2021). These
psychological costs make the treatment failure particularly aversive, and thus lead to a higher
weight veterinarian put on the cure success.

In human medicine, similar patterns are documented and widely discussed. For physicians,
the outcome of potential treatment failure also includes serious legal, reputational, and
relational costs (Boiko et al., 2020; Simeoni et al., 2022; Schuler et al., 2025). Consistent
with this, preference-elicitation studies show that physicians place greater weight on avoiding
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adverse outcomes and are less willing to accept treatment risks than patients (Byun et al.,
2016; Zhang et al., 2023).

3.2 Discrete Choice Experiment in Health and Veterinary Contexts

Discrete choice experiment (DCE) is a widely used stated-preference method for analyzing
decision problems under uncertainty and for studying how decision makers trade off different
attributes (Lancsar & Louviere, 2008; de Bekker-Grob et al., 2012; Wang et al., 2021). In a
DCE, respondents are presented with hypothetical choice sets in which each option is
described by a vector of attributes, and their choices are analyzed using models such as the
multinomial logit, mixed logit, or probit (de Bekker-Grob et al., 2012; Clark et al., 2014).

DCEs have several advantages in healthcare applications. They can be used to value non-
market attributes attached to choices, such as process quality, waiting time, or
communication style, which are difficult to capture with conventional health-state utility
instruments (Ryan et al., 2008; Lancsar & Louviere, 2008). Moreover, flexible model
specifications allow researchers to characterize preference heterogeneity across subgroups
(de Bekker-Grob et al., 2012; Clark et al., 2014).

In human health economics, DCEs are now widely used to study the preferences of patients,
the general public and health professionals. Systematic reviews document a rapid expansion
of applications since the 1990s across screening and prevention, chronic disease
management, pharmaceuticals and service organization (de Bekker-Grob et al., 2012; Clark et
al., 2014; Wang et al., 2021; Kleij et al., 2017; Collacott et al., 2021). A large subset of these
studies focuses on how physicians trade off treatment benefits and risks or respond to
contextual factors when making prescribing decisions. For example, oncologists’ trade-offs
between efficacy, toxicity and treatment logistics have been studied in anticancer drug
prescribing (Benjamin et al., 2012; Collacott et al., 2021), while Xue et al. (2022) analyze
how primary care physicians adjust antibiotic prescribing in response to patient attributes and
pressures.

By contrast, applications of DCEs in veterinary medicine remain relatively limited and are
mostly framed from the perspective of animal owners or consumers rather than veterinarians
themselves (Groves et al., 2024). In livestock systems, most existing studies elicit farmers’ or
consumers’ preferences regarding animal-health services, animal-welfare schemes, and
production attributes related to antimicrobial use and welfare label in animal-source foods
(Nthambi et al., 2023; Schroter & Mergenthaler, 2021; Paudel et al., 2022; Schwickert,
2023). In companion-animal settings, DCEs are typically used to analyze pet owners’
preferences for preventive or therapeutic products and aspects of veterinary care (Bebrysz et
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al., 2021; Deault et al., 2021; Samper et al., 2023; Groves et al., 2024), while the DCE
applications on veterinarians’ preferences are still rare, despite their antibiotic prescribing
decisions are never a simple problem.

3.3 Veterinarians’ Behavioral Drivers and Heterogeneity
3.3.1 Behavioral and Psychological Drivers

When making antibiotic prescription decisions, veterinarians often face trade-offs among
multiple objectives including animal welfare, treatment efficacy, client costs, and the long-
term risk of antimicrobial resistance (Speksnijder et al., 2014; King et al., 2018; Doidge et al.,
2019). These objectives are not always aligned and may even conflict in practice (Golding et
al., 2019).

Qualitative and survey evidence documents this dilemma. De Briyne et al. (2013) report that
veterinarians generally recognize their responsibility for safeguarding public health, yet their
prescribing decisions are also shaped by clients’ financial constraints and expectations
(Lavigne et al., 2021; Eltholth et al., 2022). In an online survey by Kipperman et al. (2018),
more than 50% of respondents indicated that they encounter ethical dilemmas involving
conflicts between clients’ interests and patients’ welfare at least once a week, and other
surveys similarly highlight financial limitations and non-clinical factors as common sources
of pressure on prescribing decisions (Gibbons et al., 2013; Servia-Dopazo et al., 2021). From
the client side, farmers and animal owners often seek rapid recovery at minimal cost and may
explicitly request antibiotics, and veterinarians in qualitative interviews report that they
sometimes ““do not like using antibiotics, but [feel] you have to” in order to retain clients and
remain competitive (De Briyne et al., 2013; Golding et al., 2019).

As we discussed in 3.1.2, psychological drivers such as fear and loss aversion also influence
antibiotic prescribing decisions (Warreman et al., 2019). A systematic review of non-clinical
determinants of antibiotic use identified fear as one of the most frequently cited factors
shaping prescribing behavior (Servia-Dopazo et al., 2021). This fear may take various forms:
concerns about disease progression (King et al., 2018), potential clinical complications
(Servia-Dopazo et al., 2021), or client dissatisfaction with conservative treatment approaches
(Tompson et al., 2021). In such cases, veterinarians may prescribe antibiotics “just in case” as
a precautionary action. These fears contribute to loss-averse tendencies in clinical practice,
which often demonstrate as a strong aversion to treatment failure and a preference on the cure
rate.

3.3.2 Heterogeneity across practice types and career stages



Although veterinarians are often treated as a homogeneous group, prescribing behavior varies
systematically across practice types. The literature frequently distinguishes between large
animal veterinarians (LAVs), who primarily serve food-producing animals, and small animal
veterinarians (SAVs), who work with companion animals, given their distinct clinical,
economic and institutional contexts.

LAVs typically operate within production systems under long-term client relationships and
are guided by technical efficiency, cost-effectiveness and regulatory compliance (Taylor et
al., 2020). Consistent with this, McDougall et al. (2016) found in a survey of New Zealand
dairy farms that technical factors, such as diagnostic information and responses to prior
treatments, were the primary drivers of prescribing decisions. By contrast, SAVs operate in a
consumer-oriented market with diverse clientele, and their prescribing decisions are more
strongly shaped by client expectations, diagnostic uncertainty, and concerns for animal
welfare (Tompson et al., 2021). Empirical evidence suggests that SAV's perceived pressure
from the animal owners, which influences their prescription decision significantly, as the
clients may turn to another clinic if they fail to get the requested antibiotics or face treatment
failure (Hopman et al. 2018).

In addition, interpersonal dynamics further contribute to the heterogeneity. Studies indicate
that recent veterinary graduates are generally more cautious with antibiotic use, but tend to
adopt more relaxed prescribing patterns as they gain experience, often influenced by
colleagues and informal group norms (King et al., 2018; Moya et al., 2022). Meanwhile,
junior veterinarians frequently receive feedback or implicit guidance from senior colleagues,
and in most cases, align their decisions with established prescribing practices at the clinic or
organizational level (Mateus et al., 2014; Moya et al., 2024).

Overall, several gaps remain in the current literature. The role of veterinarians in AR
management is widely recognized; however, to our knowledge, no study formalizes their
decision-making or quantifies the trade-offs involved. Moreover, existing studies typically
compare rL and C to determine whether a treatment should be given, whereas for
veterinarians who prescribe antibiotics, this rule may not hold. Veterinarians’ preferences
over rand L have not been fully explored yet.

4 Theoretical Model

Before modeling veterinarians’ decision-making, we identify two fundamental features of the
problem. First, veterinarians, the decision makers, operate under dual roles in practice: as
clinical agents committed to animal welfare and public health, and as economic agents
sensitive to client financial concerns.



The first arises from the professional codes of ethics that govern the field: veterinarians are
trained to prioritize the animal’s well-being when making treatment decisions. At the same
time, when treatments involve negative externalities, such as antibiotic use, it is their
professional responsibility to ensure the judicious use of antibiotics to mitigate the risks of
resistance for the public benefit.

In addition, it must be acknowledged that veterinarians’ livelihood is dependent on an
intensive service market. The client’s satisfaction, as important as the treatment success,
directly impacts veterinarians’ professional reputation, client retention, and further
determines their practice revenue and personal income. Consequently, a veterinarian’s
economic utility becomes directly or indirectly linked to the client’s utility, in which financial
outcome plays a significant role.

The second feature is the uncertainty in the decision environment. When a client brings in an
animal suspected of being sick for treatment, we need to admit the decision was made under
two types of uncertainty: (i) whether the animal is truly diseased, and (ii) whether treatment,
if administered, will succeed.

4.1 Decision-making Framework

When facing a treatment decision-making scenario, there are often multiple treatment options
that the veterinarians have to weigh against each other. In this section, we mathematically
characterized each option by five important attributes widely mentioned in the literature:
treatment cost and potential avoided economic losses suffered by the client, cure rate of the
treatment, potential animal welfare improvement and the antibiotic resistance risk carried by
the treatment.

Let C denote the set of all possible treatment costs, L the set of all potential economic losses,
R < [0, 1] the set of all possible cure rates, AW the set of all animal welfare improvement
levels, and AR the set of all antibiotic resistance risk levels®. Let X denote the set of all the
possible treatment attribute combinations. Then each treatment option can be modeled as a
vector of attributes:

x; = (¢, i, 1y, awy, ary), xi €X

® These sets have specific values in the data collection process, and the values would be utilized in the following

sections.
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Where:

e (; € C denotes the cost of treatment i, borne by the animal’s owner.

e [; € L, denotes the economic loss avoided if the animal is successfully cured under
treatment i, also accruing to the owner.

e 71; € R denotes the probability of successful treatment i (cure rate).

e aw; € AW, denotes the level of animal welfare improvement associated with
treatment .

e ar; € AR, denotes the potential risk of increasing antibiotic resistance from treatment
i.

Furthermore, we model the probability of the animal having the disease as p € [0,1]. Given
this information, the veterinarian chooses a treatment option to maximize the utility, i.e.:

kD) ©

max
xi=(cplyriawg,ary), xi€

4.2 Risk-averse Hypothesis

A key hypothesis we hold and aim to test empirically is that veterinarians are risk-averse in
their decision-making; that is, they prefer to avoid uncertain negative outcomes even at the
expense of lower expected payoffs. In the veterinary context, this presents as veterinarians
potentially placing more weight on reducing disease incidence (preventing uncertain future
losses) than on minimizing the immediate magnitude of treatment costs.

To demonstrate the mathematical equivalence between the behavior and risk aversion,
consider the following simplified decision-making scenario:

An expected-utility-maximizing agent seeks to respond to client needs when dealing with the
cure probability r for the animal and the loss magnitude L, with an initial wealth W and a
risk-averse preference, which is characterized by a continuous, differentiable, and concave
utility function U () over uncertain treatment outcomes. The expected utility of the
veterinarian is:

(1= UW — L) +ru(w) 2)

Holding expected utility fixed, complete differentiation with respect to L and 1 — r yields the
comparative statics:
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[UW)—-UW —L)]d(1 —71) , dL
- p = VW=D

(3)

This condition describes the marginal rate of substitution between L and r that keeps utility

constant.

When L is small, equation (3) simplifies to:

din(1—-r) _
din(L)

1.e., the client should be indifferent between a 1% increase in loss avoided and a 1%
reduction in the probability of disease continuance.

When L is larger, then risk aversion requires:

[UW) —UW — L)]

Uu'w —L
W -1> ;
Under equation (3), it further requires:
din(1—-r
(—) < -1
dIn(L)

In other words, a 1% increase in loss avoided must be accompanied by a more-than-1%

decrease in the probability of disease continuance for client indifference.
4.3 Alternative Utility Specifications

Under uncertainty, decision-makers exhibit preferences toward risk. However, such

preferences only reflect the outcome of the decision process. Whether veterinarians place
greater weight on reducing uncertainty or not describes the final pattern of choices; it does
not reveal how uncertainty is incorporated into their utility function. To explore that, we
consider three alternative utility specifications. These specifications differ in how the
uncertain components, the probability of the animal having the disease and the cure rate,

enter the utility function.

Specification 1 (S1): Expected Outcome

12
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Here each outcome attribute enters utility through its probability-weighted value, thereby
implicitly treating cure probability and loss avoided as linearly scaled in their marginal
contributions to utility:

ul(xir p) = Bcci + ﬁarari + YpriP " Ti * li + YprawD " T © AW; (7)

Specification 2 (S2): Additive Attribute

Here each attribute enters utility independently and linearly, thus relaxing the linear-scaling
symmetry assumed in the expected-outcome formulation:

Uy (x;,p) = Ppp + BeCitBrri + il + Bawaw; + Borar; (8)

Specification 3 (§3): S1+S2

S3 is a hybrid specification that combines these two structures by including probability-
outcome interactions while retaining independent attribute effects, providing a more flexible
representation of how uncertainty is processed:

Us (xi' p) = IBpp + ﬁcci+ﬁrri + ﬁlli + ﬁawawi + ﬁarari
+ YpriP " Ti * li + YprawD " T © AW;
9

5 Data

Before turning to the empirical results, we next describe the survey instrument and dataset
used in the estimation.

Targeted practicing veterinarians across the United States, the data were collected through a
web-based survey administered during the winter and early spring of 2020-2021, with
assistance from several veterinarian associations and the survey company Dynata (Jia, 2022).
A total of 240 valid survey responses were collected, with equal representation from LAVs
and SAVs.

Table 5.1 and 5.2 report the main demographic characteristics of the respondents and
compare the differences between LAVs and SAVs, respectively.
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In our survey, each respondent was required to complete six hypothetical and independent
treatment scenarios. In each scenario, given a probability of the animal* having the disease,
the veterinarian was required to choose from two treatments that differ in treatment cost, AR
risk, cure rate, potential loss avoided, and animal welfare improvement. No treatment is also
available as an outside option. We constructed the choice sets using a D-orthogonal design,
randomizing the levels of the five attributes within context-specific bounds for the LAV and
SAV contexts.

Overall, the dataset comprises 240 x 6 = 1,440 choice sets, each containing three alternatives,
yielding 4,320 observations in long format. The data have a panel structure, as multiple
choices are observed for each respondent, and standard errors in the empirical analysis are
clustered at the individual level. The study was conducted with informed consent under
approved human-subject protocols.

A sample question:

You believe the cow has mastitis with probability 0%. If the cow has mastitis, treatment
options can provide some benefits; otherwise, treatment options provide no benefit.
Which treatment do you prefer? Please check one.
(T'1=Treatment 1, T2= Treatment 2, NT= No treatment)

T1 T2 |NT
Treatment cost $20 [$80 [ $0
Potential to increase antibiotic resistance None | Low | None
Cure rate of mastitis )
Note: you believe the cow has mastitis with probability 0% Bl o | Y
If the cow 1s cured, animal welfare improvement Low | High | None
If the cow is cured, loss avoided $850 [ $250 | $0

(O My decision would be to use Treatment 1 (T1)
(O My decision would be to use Treatment 2 (T2)
(O My decision would be No treatment (NT)

6 Econometric Method

4 For LAVs, the animal is a cow and the suspect disease is mastitis; for SAVs the animal is a dog and the

suspect disease is pyoderma.
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6.1 Utility Specification

Based on the theoretical specifications in Section 4.3, we rewrite the three alternative utility
functions into a random utility framework. For veterinarian v, treatment alternative i in
choice situation t, the random utility is written as

Upie = upe (X, De) + Epie (10)

where k € {1,2,3} indexes the utility specification, x;; = (¢, Lit, Tie, AWy¢, ATy ) TEpresents
the attribute vector for the treatment alternative i in situation t, p; € [0, 1] represents the
probability that the animal has the disease in situation t, €,;; is the error term representing the
unobserved utility component, and the vector of error terms across alternatives & follows a
multivariate normal distribution with mean zero and covariance matrix Z. The deterministic
component u (+) takes one of the three forms defined in equations (7) — (9).

Under the expected outcome specification S1, the observable utility is:
Uy (Xie, e) = Baralic + PeCic + Ypraw (pericawye) + Yori (PeTiclic) (11)

which treats potential loss avoided and animal welfare improvement as probability—weighted
outcomes.

Under the additive—attribute specification S2, the observable utility is:
Uy (Xie, 0¢) = Bop: + Becic + Brtic + Bilic + Bawawis + Baratic (12)

where each attribute enters linearly and independently, allowing the marginal utilities of loss
avoided and cure probability to differ from the expected outcome scaling in S1.

The hybrid specification S3 combines these two structures by augmenting S2 with
probability—outcome interaction terms:

Uz (xit' pt) = lgppt + ﬁccit + lgrrit + lgllit + ﬂawawit + ﬁararit
+yprl (ptritlit) + )/praw (ptritawit) (13)

S3 therefore nests S1 and S2 as special cases, providing a more flexible representation of how
veterinarians process uncertainty.

Notably, in all specifications, the no-treatment option serves as the base alternative, and
utilities for the two treatment options are interpreted relative to this alternative.
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6.2 Estimation

We further estimated the utility specifications using a multinomial probit model. Compared
to other discrete choice models, the advantage of the probit model is that it releases the
independence of irrelevant alternatives (IIA) assumption, allowing correlation in unobserved
utility components (error terms) across treatment alternatives.

Following previous notation and setting, the probability that veterinarian v chooses
alternative i in choice situation t can be expressed as:

Pyie = Pr(Uy; > Uyje forallj# i) (14)

Given the distribution assumption of the error terms, equation (13) becomes:
Pyir = Pr[e,,jt — &yir < U (X, D) — uk(xjtrpt) forallj+ i] (15)

Then we can derive the log-likelihood function for the whole sample:
T I

v=1t=1i=1

where D,;; is an indicator variable equal to 1 if veterinarian v chooses alternative i in
situation t, and 0 otherwise.

The model parameters are estimated using simulated maximum likelihood via Stata’s
cmmprobit command, with clustered standard errors at the veterinarian’s level.

6.3 Willingness-to-pay

Having discussed the estimation method, we next describe how marginal trade-offs across
attributes are compared using willingness-to-pay (WTP). Specifically, we define
veterinarians’ WTP for an incremental change in a given attribute j as:

WTPjp) = — (Au/ x;) / (du/ dc) (17)

For additive attributes specifications, this reduces to the simple ratio of coefficients: WTP; =
—P;/B.. For the hybrid specification S3, where attributes enter through interactions (e.g., p -
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r - aw), we evaluate the partial derivatives at the sample means of the interacting variables
and compute WTP using the delta method.

Although treatment cost is borne by the client rather than the veterinarian, the marginal rate
of substitution between an attribute and cost remains an informative measure of trade-offs.
Rather than the veterinarian’s own monetary payment, WTP in this context should be
interpreted as the maximum cost increase the veterinarian is willing to endorse or recommend
to the client for an incremental improvement in the attribute j, holding all other attributes
constant.

7 Empirical Analysis

Based on the environment we outlined above and the collected decision data, in this section,
we aim to quantitatively characterize veterinarians’ decision-making to understand the
tradeoffs among different factors and the potential heterogeneity behind.

The analysis was organized into three parts. First, we characterize veterinarians’ utility under
uncertainty to verify whether the risk-averse hypothesis in 4.2 holds. Second, we discuss the
weight that the veterinarians put on different factors and compare the differences between
LAVs and SAVs. Finally, we explore the heterogeneity among different groups. Considering
the large difference of the service markets that LAVs and SAVs are in, all the estimation was
conducted separately for LAVs and SAVs.

7.1 How do veterinarians process uncertainty in their utility?

Table 7.1 reports the estimation results, the Akaike Information Criterion (AIC), Bayesian
Information Criterion (BIC), and pseudo-R? among the three specifications.

From the fit statistics at the bottom of Table 1, we can see a clear improvement in fit when
moving from S1 to S3. For LAVs (SAVs), pseudo-R? increases from 0.35 (0.33) under S1 to
0.37 (0.35) under S2 and to 0.40 (0.36) under S3. AIC also decreases monotonically from S1
to S3 for both groups. For BIC, S3 is preferred for LAVs, while S2 and S3 are very similar
and both improve on S1 for SAVs. Overall, these statistics indicate that S3 provides the best,
or at least not worse, overall fit among the three specifications.

Besides, we also do the Wald tests on the parameter restrictions. The results show that the

pure expected-outcome restriction that disease probability and cure probability affect utility

only through the contingent terms prl and praw is strongly rejected (joint Wald tests of

HO: B, = B = 0 are rejected at the 1% level for both groups). Also, for animal welfare,

both the main effect aw and, in the LAV sample, the interaction term praw are statistically
17



important at the 1% level. In terms of client loss avoided, in LAV, the joint test : ¥, =
p: = 0 is rejected at 1%, while we cannot distinguish which one contributes the most. In
contrast, SAVSs’ test results on loss-related terms are weak.

Taken together, we conclude three main findings about how uncertainty enters veterinarians’
utility. First, a pure expected-outcome representation is rejected: disease probability and cure
probability must enter utility directly, in addition to their role in contingent terms. Second,
models that allow probability—welfare interactions provide a better description of choices,
especially for large-animal veterinarians. Third, the role of client loss avoided is different for
the two groups. SAVs, compared to LAVs, are relatively insensitive to loss-related terms.

Based on these results, we take the hybrid specification S3 as our preferred baseline
specification in the remainder of the analysis, while results for S1 and S2 are reported in the
Appendix.

7.2 How do veterinarians trade off treatment attributes?

Before discussing the tradeoffs, we first summarize some facts found from the estimation
results of S3 in Table 7.1.

Overall, the signs line up with our prior expectations. In terms of each attribute, first,
treatment cost enters with a negative and statistically significant coefficient in both groups,
which confirms that higher client expenses reduce the attractiveness of a treatment option to
veterinarians, further supporting our assumption that cost enters veterinarians’ utility.
Second, veterinarians respond very differently to low and high levels of antibiotic-resistance
risk. Low-level AR have coefficients close to zero and are not statistically different from the
baseline option no treatment, whereas high-level carries large negative and significant
coefficients. For both groups, low-level AR seems tolerable, while they strongly avoid
options associated with high resistance risk. The welfare terms are more difficult to interpret
directly from the coefficients, as welfare enters utility through two terms in S3.

Considering these coefficients are expressed in different units, we further use WTP derived
from S3 to compare the relative importance of attributes on a common scale, and the WTP
estimates are reported in Table 7.2.

The WTP results are consistent with our risk-averse hypothesis: veterinarians place more
weight on reducing the probability of loss than on reducing the magnitude of loss. To
compare these two dimensions on a common scale, we use WTP,_z and WTP,_;, defined as
the WTP for increasing the cure rate and the avoided loss by the group-specific sample means

which are the WTP of increasing the group average cure rate and group average loss avoided
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to compare their weight to veterinarians. For both groups, WTP,_; is large, around 260-380,
whereas WTP,_;, LAVs is about 141 for LAVs, and almost zero for SAVs.

The WTP results for further support veterinarians have different attitudes towards different
level of AR risk. For groups, the WTP for low level is close to zero, showing that low-level
risk is largely tolerated. By contrast, the WTP for high resistance is large and negative (about
—230 for LAVs and —316 for SAVs), which means they need to be compensated by such an
amount to accept the corresponding AR risk.

Welfare-related WTPs are more difficult to interpret. The WTPs for low- and high-level
welfare improvement are negative in both samples. For that, we prefer not interpreting it as a
dislike toward welfare improvement for animals. because welfare enters the S3 utility
function by two terms, and the derivation of the WTP involves several correlated coefficients.

However, the WTPs for the cure rate under different welfare levels offer some clues on how
welfare improvement is valued, at least for LAVs: moving from low to high welfare increases
the WTP for a unit increase in cure rate by roughly 120 (from about 260 to 380), whereas the
results for SAVs offer limit information on this.

7.3 How do preferences vary across veterinarians?

To capture the heterogeneity among different demographic groups, we estimate a series of
extensions to the baseline hybrid specification using a set of demographic variables, which
includes gender, years of experience, degree type, work setting, and location.

These extensions take two forms:

(i) Attribute—demographic interactions

For this extension, we first interact each demographic variable with all treatment attributes to
generate a set of attribute-demographic interaction terms. We then add only one set of
interaction terms at a time to the baseline specification to assess how marginal utilities differ
across subgroups. In total, this procedure yields five extended specifications.

(ii) Additive demographic shift
In this extension, demographic variables enter the utility as additive shifts simultaneously,
capturing level differences in the overall propensity to choose treatment.

We first discuss the results of adding Attribute—demographic interactions for SAVs and
LAVs separately.
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For LAVs, years of experience are the only demographic characteristic that shows robust
preference heterogeneity. Models based on gender, location, degree type, and work setting
yield a few significant interaction coefficients, but the joint tests for all interactions and for
each attribute family fail to reject the null of homogeneous preferences. By contrast, when we
interact attributes with mid- and senior-career indicators, the joint tests for the welfare-related
interactions are significant, and the coefficients show that more experienced veterinarians
place less weight on welfare improvements. Relative to early-career veterinarians, mid- and
senior-career large-animal veterinarians exhibit lower marginal utility for both welfare levels
and expected welfare gains, while their sensitivities to cost, cure probability, client loss, and
resistance risk remain similar.

For SAVs, the conclusion remains the same, while the direction of the effects differs. For the
interaction extensions based on gender, location, and degree type, the joint tests for all
interactions and for each attribute family do not reject the null. Meanwhile, the experience-
interaction extension generates highly significant joint tests. However, different from LAVs,
the coefficients reveal that more experienced SAVs attach higher marginal utility to expected
welfare gains and display stronger aversion to losses. Interactions between experience and the
expected-welfare terms are positive and significant, whereas interactions with loss and
expected loss are negative, indicating that, in small-animal practice, more experienced
veterinarians put more weight on improvements in animal welfare and on avoiding economic
losses.

In terms of adding demographic shifts, we did not find any evidence of systematic
heterogeneity, regardless practice type.

8 Conclusion and Discussion

This paper discusses how veterinarians, when making antibiotic treatment decisions under
inherent uncertainty, trade off cure rate, animal welfare, client economic outcomes, and
potential antibiotic resistance risk. We use data from a discrete choice experiment targeting
both large- and small-animal practitioners in the United States, to estimate a series of utility
specifications using a multinomial probit model. We further examine how uncertainty in the
decision environment is incorporated into veterinarians’ utility and use WTP measures to
compare the weight they place on each attribute. The preference heterogeneity across
demographic groups is also considered.

Empirically, we reject the pure expected-outcome specification in which probabilities affect
utility only through contingent benefits, and find that the hybrid specification, which allows
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disease and cure probabilities to have independent effects while also including expected-
outcome terms, provides a better fit to the data.

Regarding trade-offs among attributes, we find that veterinarians place much greater weight
on cure rate than on loss avoided, especially in the small-animal sample, where loss avoided
is essentially not valued. The preference for reducing the probability of loss rather than its
magnitude verifies our risk-averse hypothesis, and also parallels two concepts in the
insurance market: self-protection and self-insurance. For AR risk, it is an important
consideration for both groups: veterinarians strongly reject treatments associated with high
resistance risk, while low levels of risk are largely tolerated or ignored. Animal welfare
improvements clearly influence choices, although the implied WTP is statistically unstable
and sensitive to model specification.

In terms of preference heterogeneity, only one dimension, years of experience, is
systematically significant. We find the pattern differs in practice type: more experienced
LAVs place less weight on welfare, whereas more experienced SAVs place more weight on
expected welfare gains and are more averse to avoided economic losses.

We admit the limitations of our analysis: Our sample is not a random draw from all
veterinarians, as our survey is voluntary and distributed through several specific professional
networks in the US. Thus, generalizing the results to the broader veterinarian population
should be done cautiously. Besides, as the decision scenarios and attributes are hypothetical
and simplify the case in practice, there are still some factors that may influence the decision
that are not taken into account in our case due to the limitation of the experiment, such as the
diagnosis cost for the veterinarians, the bargaining process between the client and
veterinarian, and so on.

Finally, our specifications simplify the way disease and cure probabilities affect
veterinarians’ utility, by assuming that they all enter linearly. However, veterinarians may
process probabilities in other ways, such as non-linear, threshold, etc., thus the processing of
probability in the decision-making process is also worth further exploration.
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Tables

Table 5.1. Summary of Respondent Characteristics

Variable Category N Percentage
Practice Type Large animal 120 50%
Small animal 120 50%
Location Urban 107 45%
Rural 133 55%
Experience Early-career 59 25%
Mid-career 85 35%
Senior 96 40%
Gender Male 107 45%
Female 128 53%
Degree Other 106 56%
Animal science 134 44%
Work-setting Clinic/hospital 164 68%
Farm/industry 76 32%

Table 5.2. Comparison Between LAV and SAV

Variable Category LAV(N=120) SAV (N=120) p-value
Location Urban 43% 46% 0.697
Rural 57% 54%

Experience Early-career (exp<10yrs)  45% 4% 0.000
Mid-career (10-25yrs) 27% 43%
Senior (>25yrs) 28% 53%

Gender Male 51% 38% 0.147
Female 48% 59%

Bachelor Other 44% 68% 0.000

Degree
Animal science 56% 32%

Work-setting Clinic/hospital 37% 100% 0.000
Farm/industry 63% 0%
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Table 7.1: Regression Results of the Three Specifications

Large Animal

Small Animal

S1 S2 S3 S1 S2 S3
Treatment Cost -0.007"*  -0.002°  -0.003" -0.004** -0.001*  -0.0027

(0.001) (0.001) (0.001) (0.001) ©.001)  (0.001)
Expected loss 0.003™" i -0.000 -0.001 i -0.000
Avoided (0.001) - (0.001) (0.001) - (0.001)
Cure rate - 0.61" 0.08 - 0.57" 0.33"

- (0.24) (0.18) _ (0.24) (0.14)
Loss Avoided - 0.25™ 0.42" - 20.01 -0.001

- (0.12) (0.21) _ (0.02) (0.06)
Low-level AW 3.01°" 2517 -192 517" 131 -L08

(0.53) (0.52) (0.40) (0.58) ©037) (035
High-level AW 425" 2367 2127 6.99""" 1,057 -0.62°

(0.61) (0.47) (0.45) (0.71) (0.30) (0.35)
Expected Low i 2.24" i i 1.71
Level AW

] ) (1.24) ) ) (1.11)
Expected High ] 3417 ] ] 1.62
Level AW

) ) (1.53) ] ] (1.14)
Low-level AR -0.25™ -0.02 -0.001 0.032 -0.01 -0.007

(0.11) (0.05) (0.08) (0.12) (0.04) (0.07)
High-level AR -1.26" -0.42° -0.67" -1.447 045 0747

(0.19) (0.18) (0.20) (0.21) 020y  (0.29)
Pseudo-Rsqr  0.35 0.37 0.40 0.33 0.35 0.36
AIC 1028.7 1003.5 972.2 1009.5 981.7 972.8
BIC 1065.4 1053.9 1036.3 1046.1 1032.0 10369

Standard errors in parentheses * p < 0.10, ** p <0.05, *** p <0.01

S1 — Expected Outcome, S2 - Additive Attribute, S3 — Hybrid (S1+S2)
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Table 7.2: Specification 3 WTP Results

Attribute Large Animal Small Animal

Loss Avoided ($1) 0.3"* -0.0

Cure Rate under Low AW - -
472.4 628.2

(WTPr=100%)

Cure Rate under High AW - ok
694.2 605.1

(WTPr=100%)

Loss Avoided (WTP,~;) 140.8™" -1.8

Cure Rate under Low AW - -
259.9 383.7

(WTP,_r)

Cure Rate under High AW - ok
381.9 369.6

(WTP,_r)

Low-level AW -423.2 -213.0

High-level AW -367.2 -33.7

Low-level AR -0.2 -2.8

High-level AR -230.1°" -315.5"

Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01
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Appendix

Table 1: Regression Results under Interactive Attributes Specification

Large Animal Small Animal
Full Sample drop p=100%  Full Sample drop p =100%
Expectedloss 003" 0.004™"* -0.001 -0.001
Avoided (0.001) (0.001) (0.001) (0.001)
Treatment Cost ~ -0.007""" -0.007"* -0.004™* -0.004™*
(0.001) (0.001) (0.001) (0.001)
Low-level AW 3.01"" 2.45™ 517" 5117
(0.53) (0.57) (0.58) (0.56)
High-level AW 4.25™ 3.69" 6.99"" 7.12%
(0.61) (0.61) 0.71) (0.72)
Low-level AR -0.25™ -0.29™ 0.032 0.034
(0.11) (0.11) (0.12) (0.12)
High-level AR -1.26™ -1.22" -1.44" -1.52"
(0.19) (0.18) (0.21) (0.21)
Pseudo-R sqr 0.35 0.33 0.33 0.32
AIC 1028.7 946.3 1009.5 947.7
BIC 1065.4 981.9 1046.1 983.6

Standard errors in parentheses * p < 0.10, ** p <0.05, *** p <0.01
Drop p = 100% refers to a subsample excluding scenarios where the probability of the animal having the disease

was certain (i.e., 100%).
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Table 2: WTP Results under Interactive Attributes Specification

Large Animal

Small Animal

Full Sample dropp=100%  Full Sample drop p =100%
i’;‘(’fig;d loss g 4ove 0.5 0.2 0.2
Low-level AW 433.4™ 340.9™ 1266.2°*" 1254.47"
High-level AW 611.2°" 513.3™ 1712.1°" 1746.8""
Low-level AR~ —36.1"" —40.4™ 7.9 8.5
High-level AR~ —181.6™ -169.3"* —-352.1"" —373.9"

*p<0.10," p<0.05, " p<0.01

Drop p = 100% refers to a subsample excluding scenarios where the probability of the animal having the disease

was certain (i.e., 100%).

Table 3: WTP Results under Interactive Attributes Specification (in % of the group mean)

Large Animal

Small Animal

Full Sample dropp=100%  Full Sample drop p =100%
i’;‘(’figzd loss o 6o 0.8%"" 20.1% ~0.1%
Low-level AW 582.9%""* 480.6%""" 913.2%""* 917.1%"*
High-level AW 822.2%"" 723.6%""* 1234.8%""" 1277.0%"**
Low-level AR —48.6%" -57.0%" 5.7% 6.2%
High-level AR —244.29%"" 238.6%"" 254.0%"" 273.3%"

*p<0.10," p<0.05, " p<0.01

Drop p = 100% refers to a subsample excluding scenarios where the probability of the animal having the disease

was certain (i.e., 100%).
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Table 4: WTP Results under Additive Attributes Specification

Large Animal Small Animal

Full Sample drop p=100% Full Sample  drop p = 100%
Loss Avoided 120.4™* 117.4™ -3.9 -3.9
Cure Rate 296.4™ 296.5" 393.0" 382.7°
Low-level AW -1228.7° -1229.2* -898.4™ -898.4™
High-level AW -1154.4™ -1154.9™ -721.1° -721.1°
Low-level AR -7.4 -7.4 -6.3 -6.3
High-level AR -204.9" -204.9" -310.8" -310.8"

"p<0.10, " p<0.05,"" p<0.01
Drop p = 100% refers to a subsample excluding scenarios where the probability of the animal having the disease

was certain (i.e., 100%).

Table 5: WTP Results under Additive Attributes Specification

(in percentage of the group mean)

Large Animal Small Animal

Full Sample drop p =100% Full Sample  drop p = 100%

10% Loss

Avoided 16.2%"" 16.5%"" —0.3% —0.3%
10% Cure Rate 39.6%" 41.8%"" 28.3%"" 28.0%""
Low-level AW —-1652.9%"" —-1732.7%"" —648.3%"" —656.9%""
High-level AW~ —1553.0%" -1628.1%"" —520.1%" —527.3%"
Low-level AR —9.9% —10.4% —4.5% —4.6%
High-level AR —275.7%" —288.9% " —224.2%  —227.3%""

"p<0.10, " p<0.05,"" p<0.01
Drop p = 100% refers to a subsample excluding scenarios where the probability of the animal having the disease

was certain (i.e., 100%).
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