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Abstract

AI can raise productivity by extracting information from rich data, yet little is known
about how experts weigh AI-generated signals against established decision-support tools.
We conduct a nationwide survey experiment with 372 Danish primary care physicians
(21.5% of all clinics), who make diagnostic and treatment decisions on urinary tract
infection vignettes before and after receiving a diagnostic signal. Holding accuracy
constant, we randomize between-subjects whether the signal appears as an AI prediction
or as a commonly used dipstick test result. Physicians update beliefs 41% less in response
to AI than to dipstick signals, consistent with AI skepticism. Roughly one-third of
physicians largely ignore the AI tool; linked administrative data show that these non-
adopters exhibit lower technology use at their clinics, but that they are similar to adopters
in clinical practice and prescribing measures. When physicians use the AI tool, they
ignore asymmetry in informativeness between positive and negative signals and, when
shown both the AI and a redundant signal, exhibit correlation neglect. These frictions in
information processing lead to increased antibiotic prescribing with the AI signal in our
setting. Our findings highlight the importance of training and information design for AI
implementation.
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1 Introduction

Recent advances in artificial intelligence (AI) have raised expectations of substantial
productivity gains across a wide range of tasks, but existing evidence is concentrated
in settings where tasks are relatively general or routine. Studies on customer support,
professional writing, and software development show that AI assistance increases both
the quantity and the quality of output, especially among less experienced and lower-
skilled workers (Noy and Zhang 2023; Peng et al. 2023; Brynjolfsson et al. 2025).
Evidence from broader workplace adoption finds smaller productivity effects and no
earnings gains (Humlum and Vestergaard 2025). Less is known about high-stakes
expert tasks, where decisions carry significant consequences and errors are costly.
In these settings, professionals have substantial domain knowledge and potentially
strong prior beliefs. If they hold private information unavailable to the AI, deviations
from algorithmic recommendations do not necessarily reflect errors (Rambachan 2024).
Optimal decisions require combining private information with algorithmic signals. The
value of AI therefore depends on how professionals weigh algorithmic recommendations
against their own assessments and how expert judgment is influenced by AI, yet evidence
on this issue remains limited.

Primary healthcare is one such expert setting, where timely diagnostic information
is noisy and scarce. By extracting and evaluating diagnosis-relevant signals from
complex patient characteristics, clinical histories, and electronic health records, AI-
based diagnostic support promises productivity gains through improvements in the
quality of clinical decision-making (Bayati et al. 2014; Lin et al. 2019; Mullainathan
and Obermeyer 2022; Shapiro Ben David et al. 2025). Despite rapid technological
progress and growing policy interest, little is known on how human decision-makers
integrate new, AI-generated signals with existing sources of information. A small body
of experimental work suggests that experts fail to realize the positive potential of AI
tools because they disagree with its recommendations or fail to use the information
provided correctly (Agarwal et al. 2023; Stevenson and Doleac 2024).

This paper contributes new evidence by studying how physicians update diagnostic
beliefs and treatment decisions when assisted by AI, relative to a familiar and well-
understood diagnostic test. We study primary care diagnosis and treatment of urinary
tract infections (UTIs), one of the most common conditions encountered in routine
practice and characterized by substantial diagnostic uncertainty.1 Patients often present
with overlapping or nonspecific symptoms, while definitive confirmation is possible
but delayed by several days under current diagnostic technologies. This delay creates
a need for faster diagnostic information, which AI tools may help provide (Yelin
et al. 2019; Huang et al. 2022; Ribers and Ullrich 2024). Such need is particularly
relevant for suspected UTIs: antibiotic treatment is effective for bacterial infections

1UTIs are highly prevalent and impose substantial healthcare costs, with nearly half of women experiencing
at least one episode during their lifetime (Foxman 2002; Flores-Mireles et al. 2015).
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but inappropriate for many alternative conditions with similar symptoms, creating a
trade-off between timely treatment and the risk of unnecessary antibiotic use (Wilson
and Gaido 2004; Gupta and Trautner 2012). The UTI setting thus provides a natural
environment to study belief updating, treatment choices under uncertainty, and the
integration of multiple noisy diagnostic signals.

The UTI setting offers a natural diagnostic benchmark, the urine dipstick test, to
compare against the AI tool. To make a UTI diagnosis, primary care physicians during
an initial consultation rely on patient-reported symptoms, medical history, and point-
of-care tests such as urine dipsticks. Dipstick tests provide immediate but imperfect
information and are familiar to physicians through training and experience (Chernaya
et al. 2022). By contrast, AI-based diagnostic support tools generate probabilistic
assessments by combining multiple inputs, but their internal logic may appear as a
black box. We exploit this contrast in an experimental setting that compares how
physicians update their beliefs when receiving information from a traditional diagnostic
test versus an AI tool, while holding signal quality constant.

We conduct a nation-wide survey experiment with 372 primary care physicians
in Denmark, representing 21.5% of all primary care clinics. Physician respondents
make diagnostic and prescribing decisions for standardized UTI cases after sequentially
observing patient symptoms and a diagnostic signal. The signal is presented either
as a standard point-of-care dipstick test or as the output of an AI tool predicting
whether the patient has a bacterial UTI, as would later be confirmed by laboratory tests.
Crucially, the experiment holds signal quality fixed across sources, isolating the effect
of presenting the same diagnostic value as AI-generated using patient data rather than
as coming from an established, physical test. This design provides a comparison that is
difficult to achieve in observational data. It also allows us to observe physicians’ beliefs,
benchmark their updating against Bayesian updating, and elicit their mental models of
AI-based diagnostic support in the clinic. These objects are typically unobserved and
difficult to recover from non-experimental data.

We find that physicians update their diagnostic beliefs less in response to AI signals
than to traditional dipstick test results, even when both signals are equally informative.
In fact, roughly one-third of physicians do not meaningfully update to the AI signal.
Linked administrative data show that AI adoption is more common among physicians
who work in clinics with greater overall technology use, but is otherwise unrelated
to clinic characteristics and to measures of practice styles, physician preferences,
prescribing behavior, or the quality of care. Physicians report a lack of understanding
of the AI tool, how to use it, how it converts data into diagnostic information, and if it
does so without bias. We find that adoption is predicted by physicians’ acknowledgment
that the tool uses more data than they have available, as well as by its statistical
properties; non-adoption, by contrast, is predicted by skepticism toward the tool and
concerns about its lack of transparency.
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Examining how physicians incorporate the AI relative to the dipstick signal, we
find evidence of two systematic deviations from Bayesian updating. First, we use that
both signals have asymmetric informativeness: a negative signal is more informative
than a positive one. Physicians account for this asymmetry with the dipstick, but not
with the AI signal. Although they update approximately as Bayesians after a positive
AI signal, they significantly underweight negative AI signals, effectively treating both
signal realizations as equally informative. Second, we assess the relevance of correlation
neglect, a common behavioral error in processing information from multiple correlated
sources (Enke and Zimmermann 2019), by varying whether AI and dipstick signals
provide independent information or whether the AI signal already incorporates the
dipstick signal. Even when signal correlation is explicitly communicated, physicians
update to correlated signals almost as much as to uncorrelated ones, corroborating a
central finding in Agarwal et al. (2023).

These belief-updating deviations also affect treatment decisions. Consistent with
the failure to account for asymmetry in the AI signal, physicians are more likely to
prescribe antibiotics after a negative AI signal than after a negative dipstick signal;
after positive signals, prescribing does not differ by signal source. Consistent with
correlation neglect, physicians respond to the dipstick result even when it is redundant:
they are more likely to prescribe after a positive AI signal accompanied by a positive
dipstick than after an equally informative AI signal alone, which already incorporates
the dipstick signal.

Our findings have implications for implementing AI tools with humans in the loop.
Training and experience play an important role for humans to correctly interpret
information provided by new diagnostic technologies. One approach to designing AI
may be to include multiple diagnostic signals in its recommendations without revealing
these individual signals, hence avoiding the need for humans to extract information that
is difficult to assess. This would imply a departure from current clinical practice and
counter explainability efforts. An alternative approach is to design AI tools to provide
only diagnostic information that are complementary to any information physicians
already have access to. Under such a design, transparency, explanation, and training
become crucial.

Our findings speak to the growing economics literature on human–AI collaboration
and complementarity (Agrawal et al. 2022; Mullainathan and Obermeyer 2022; Mindell
et al. 2023; Agarwal et al. 2023; Ribers and Ullrich 2023; Angelova et al. 2025). We
provide novel, micro-level evidence on how professionals integrate algorithmic signals
into decision-making. In particular, our experimental design allows us to cleanly identify
belief updating and elicit mental models by practicing physicians, shedding light on
the mechanisms underlying expert human–AI interaction.

Second, we bring the behavioral economics literature on Bayesian belief updating
to a naturalistic expert setting. Quantitative tests of Bayes’ rule with an exactly
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specified benchmark have largely relied on abstract laboratory environments in the
balls-and-urns tradition (Grether 1980; Benjamin 2019; Enke and Zimmermann 2019;
Augenblick et al. 2025), while field evidence on expert belief formation typically lacks
a sharp rational benchmark because the true informativeness of naturally occurring
signals is unknown. Our design provides this benchmark in a typical expert task:
practicing physicians update on diagnostic signals whose sensitivity and specificity
are objectively fixed and communicated, so that updating coefficients have an exact
Bayesian counterpart. Because the same design confronts physicians with a familiar and
a novel signal of identical informativeness, we can show that deviations from Bayesian
updating are source-specific rather than a general cognitive limitation: physicians
correctly incorporate the asymmetric informativeness of a test they know from clinical
training, but treat an equally informative AI signal as symmetric. This pattern is
difficult to reconcile with signal-strength compression alone (Augenblick et al. 2025)
and instead points to the role of learned interpretive rules, connecting the updating
literature to recent work on mental models (Esponda et al. 2024; Raux and Dreyfuss
2025).

Furthermore, we relate to the broader literature on AI adoption and its disruptive
labor market effects (Acemoglu et al. 2022; Noy and Zhang 2023; Bick et al. 2026;
Humlum and Vestergaard 2024; Brynjolfsson et al. 2025). Our setting features physicians
as high-skilled experts for whom AI promises an expansion of the productivity frontier
by making complex, high-dimensional information cheap to process (Kleinberg et al.
2018). We find that, despite potential productivity gains, AI adoption comes with
frictions. Physicians respond less to AI-generated signals than to familiar diagnostic
tools with equivalent statistical properties and many voice skepticism toward the tool.

Finally, by documenting systematic differences in how individuals respond to novel
versus familiar information sources, our findings speak to the design and implementation
of AI decision-support tools in professional settings (Bansal et al. 2019; Tschandl et al.
2020; Vaccaro et al. 2024; Zöller et al. 2025; Abaluck et al. 2026). We highlight that
adoption does not only depend on predictive accuracy, but also on how users interpret
algorithmic information and what mental models are at play.

The remainder of the paper is organized as follows. Section 2 describes our survey
design and section 3 describe the data. Section 4 presents the results on AI signal
adoption. Section 5 describes deviations from Bayesian updating, potential underlying
mechanisms and consequences for treatment decisions. Section 6 discusses policy
implications and section 7 concludes.

5



2 Survey Design

2.1 Context

We study AI diagnostic support in the context of urinary tract infection (UTI) diagnosis
in primary care, a well-suited setting to examine expert use of AI diagnostic support.

UTIs are among the most frequent conditions in primary care, and often a patient’s
initial point of contact with the healthcare system. UTIs occur when bacteria infect
the urinary tract, bladder, or kidneys. Symptoms such as dysuria, pain, and urinary
urgency can be debilitating, and untreated infections may lead to serious complications,
including sepsis and death. Nearly half of women experience at least one episode of
UTI during their lifetime (Foxman 2002). In the United States, community-acquired
UTI imposes estimated annual healthcare costs of $1.6–3.5 billion (Foxman 2002;
Flores-Mireles et al. 2015).

Diagnosing UTI is a prediction policy problem (Kleinberg et al. 2015): conditional
on a bacterial infection being present, the optimal action is to prescribe an antibiotic.
The difficulty is that antibiotics are effective only against bacterial UTIs, while similar
symptoms can arise from a wide range of alternative conditions for which antibiotics
are ineffective or inappropriate, including sexually transmitted urethritis or vaginitis,
noninfectious urethritis, or fungal infections (Wilson and Gaido 2004; Gupta and
Trautner 2012). Prescribing for suspected UTI therefore trades off timely treatment
against unnecessary antibiotic use.

Primary care physicians diagnose UTI under considerable uncertainty. Definitive
confirmation by urine culture analysis, either in-practice or at specialized laboratories,
takes two to four days to yield results; however, physicians have to make diagnostic and
treatment decisions at the point of care. Physicians thus have to rely on symptoms,
history, and rapid tests that are immediate but have imperfect accuracy. The most
common point-of-care tests are urine dipstick tests for nitrites and leukocyte esterase,
usually used jointly. Nitrite tests have high specificity (90%) but low sensitivity (47%),
whereas leukocyte esterase tests have lower specificity (58%) but higher sensitivity
(81%) (Chernaya et al. 2022). Throughout the experiment, we fix nitrite test results as
negative; unless otherwise noted, we therefore use dipstick test to refer to the leukocyte
esterase result. Because the leukocyte esterase test is more sensitive than it is specific,
its false-negative rate is lower than its false-positive rate. A negative result is therefore
the more informative realization, making the test better suited to ruling out infection
than to ruling in.

In this setting, the relevant AI supports diagnostic classification rather than gener-
ating text or treatment recommendations. Generative AI or Large Language Models
(LLMs) may affect care by reducing administrative burden or retrieving guidelines
and medical knowledge. In contrast, the diagnostic support tool we study statisti-
cally processes patient data using Machine Learning to predict a bacterial infection.
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Such tools may be combined with generative AI, but their value still depends on the
statistical properties of the diagnostic signal, including sensitivity, specificity, and
complementarity with physicians’ clinical information.

Such AI-based support for UTI diagnosis can add value through two channels. First,
by using delayed urine culture results as a high-quality ground truth, a tool trained
on large-scale administrative data can predict baseline infection risk from orders of
magnitude more cases than any individual physician observes (Huang et al. 2022; Ribers
and Ullrich 2024). Second, patient records contain information that is predictive of
UTI risk, including recurrent infections, recent procedures, catheterization, kidney
stones, pregnancy, and urinary tract abnormalities. This high-dimensional information
may be difficult or time-consuming for physicians to process at the point of care and is
largely complementary to their clinical information, such as patients’ current symptoms,
thereby adding informative value. This contrasts with settings such as radiology, where
AI and physicians evaluate the same image information (e.g., Agarwal et al. 2023).

2.2 Survey Flow

The experimental survey has two main goals. First, we study whether and which
physicians adopt a hypothetical AI diagnostic tool into their decisions, relative to
a familiar diagnostic tool, when quality is held fixed. Second, we examine whether
physicians exhibit systematic biases when processing information from the AI tool, in
particular when combining it with other diagnostic signals.

To achieve these goals, we design a survey experiment involving 372 Danish primary
care physicians, covering 21.5% of all Danish primary care clinics. We show in Section 3
that participating clinics are broadly comparable to the population of Danish primary
care clinics on observable characteristics. The survey experiment consists of several
stages, described below in the order presented to respondents. Figure 1 illustrates the
survey flow, and Appendix D shows the wording of the survey questions.

Baseline questions. We first ask questions about respondents’ background character-
istics, such as age and gender. Respondents are also asked to report their beliefs about
the sensitivity and specificity of dipstick tests before being provided with our fixed
experimental values. Afterward, respondents enter the experimental part of the survey.

Experimental Stage 1: AI Tool vs Dipstick treatment. The main experimental
stage consists of six patient vignettes. Each vignette describes a hypothetical patient
presenting with symptoms typical of a urinary tract infection (UTI). Respondents
assess the probability that a UTI is present and decide whether to initiate further
diagnostics and antibiotic treatment.

Figure 2 shows an example vignette. Each vignette reports the patient’s age and
gender, primary symptoms, comorbidities, and active prescriptions. Table 1 lists the
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possible vignette attributes. Patient age is randomized independently across respondent-
vignette observations and takes one of four values. Symptoms, which reflect baseline
UTI risk, and comorbidities, which reflect the relative benefit of antibiotic prescribing,
are balanced across vignettes.2

Each vignette is presented in two steps: pre-signal and post-signal. First, before the
diagnostic signal, physicians evaluate the prior probability of UTI based on symptoms
and patient background characteristics and decide whether they would prescribe
antibiotics. Second, after observing the diagnostic signal, they estimate the posterior
UTI probability, decide whether to prescribe antibiotics, and indicate whether to seek
additional diagnostics for the urine sample (culture or laboratory testing).

We randomly assign respondents, in a between-subjects design, to receive one of
two diagnostic signals. Before seeing the first vignette, respondents receive a detailed
description of the signal assigned to their treatment arm.

• In the AI Tool treatment, respondents receive a binary signal from a hypo-
thetical AI support tool. We describe that the tool uses artificial intelligence
to predict the outcome of urine culture tests from microbiological laboratories
for bacterial urinary tract infections among primary care patients. We ask re-
spondents to assume that the tool is clinically approved. We explain that the
tool uses the patient’s clinical history as data inputs, including prior general
practice consultations, diagnoses, referrals, prescriptions, laboratory test results,
hospitalizations, as well as the current dipstick test result.

• In the Dipstick treatment, respondents receive a binary urinary dipstick result
indicating positive or negative leukocytes.3

In both treatments, we randomize the direction of the diagnostic signal, that is
whether the result is positive or negative, at the respondent-vignette level. Both the
AI and dipstick signals are reported to have a sensitivity of 80% and a specificity
of 60%, calibrated to the clinical performance of leukocyte esterase dipstick tests in
Danish primary care (Chernaya et al. 2022). The experiment thus compares physicians’
responses to two signals with the same quality, a novel AI signal and a familiar dipstick
test, in a setting where treatment decisions have to be made based on imperfect
point-of-care diagnostic signals (see Section 2.1). Holding signal accuracy fixed implies
that a Bayesian updater should respond identically in both treatments, providing a

2In three out of six vignettes, the patient has type 1 diabetes, which increases the risk of a complicated UTI
without changing baseline UTI risk, thereby increasing the benefit of antibiotic prescribing holding diagnosis
fixed. Our main regressions include both vignette fixed effects and patient-age fixed effects to account for
systematic differences in belief updating associated with these characteristics.

3Because updating to two dipstick results would not be comparable to updating to a single AI signal, we
use only the leukocyte result as the diagnostic dipstick signal. We prominently state that the nitrite result,
which is typically used jointly with leukocytes in clinical practice (see Section 2.1), is negative before and after
the signal in all treatments and vignettes to ensure that the absence of the nitrite result does not affect belief
updating.
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benchmark for testing whether physicians use a novel AI-based signal differently from
an established diagnostic test, without requiring us to observe patients’ true infection
states.

For the AI tool, a positive signal corresponds to a predicted UTI probability above
a threshold chosen to generate a sensitivity of 80% and a specificity of 60%.4 We use a
binary rather than continuous AI output for two reasons: first, the AI signal is directly
comparable to many conventional diagnostic tests in medicine reported or interpreted
as binary signals (e.g., positive or negative); second, it avoids requiring physicians to
interpret intermediate risk scores, as Agarwal et al. (2023) show that such intermediate
AI assessments can reduce decision quality.

Mental models. After Stage 1, we elicit respondents’ mental models of the diagnostic
tool in their treatment arm: the AI tool or the dipstick test. This survey block captures
physicians’ subjective understanding of how the respective tool works, following recent
work that measures mental models using surveys (Andre et al. 2022, 2026; Haaland et
al. 2025).

We first ask respondents, in a free-text field, which factors they considered when
deciding whether to incorporate the diagnostic signal into their decisions. We elicit
these open-ended responses before any closed-form items to avoid priming, and later
categorize them (Haaland et al. 2025). Afterwards, respondents indicate their agreement
with seven closed-form statements. Each statement is evaluated on a Likert scale from
1 (strongly disagree) to 5 (strongly agree). Appendix C.1 provides details on the
construction of the mental model measures.

Experimental Stage 2: Correlated and uncorrelated signals. In Stage 2, physicians
evaluate three additional vignette cases with low baseline UTI risk (weak symptoms)
and low prescribing benefit (non-diabetic patients). In contrast to the first stage,
respondents observe both diagnostic signals in these three vignettes, the dipstick test
and the AI tool, and we randomize between-subjects whether the two signals are
independent or correlated.

• In the Uncorrelated treatment, respondents are informed that the AI
tool does not incorporate the dipstick result, so that the two signals provide
independent information.

• In the Correlated treatment, respondents are informed that the AI tool does
incorporate the dipstick result. This information is presented prominently both
in the detailed signal description and in each vignette alongside the AI signal.
Because the AI signal already reflects the dipstick result, the dipstick carries little

4Varying the threshold selects a point on the receiver operating characteristic (ROC) curve. Because
specificity (60%) is lower than sensitivity (80%) in our setting, this would select a comparatively low threshold,
reducing the rate of false negatives at the cost of a higher false-positive rate.
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or no additional information: if the tool fully exploits the dipstick, the dipstick is
even redundant. A Bayesian should therefore update less on the signal pair in
the Correlated than in the Uncorrelated treatment.

We hold signal accuracy fixed across the Correlated and Uncorrelated
treatments. As shown in Figure 1, signal accuracy depends on the respondent’s first-
stage treatment arm to reflect that an AI tool using both dipstick results and additional
patient data should be more accurate than the dipstick alone.5

The two signals always point in the same direction: both are either positive or
negative. This holds the realized signal content fixed across the Correlated and
Uncorrelated treatments, so that the comparison isolates the stated correlation
structure.6

Additional questions. The final block includes questions about respondents’ attitudes
toward AI and broader behavioral preferences. We ask about respondents’ preferred
presentation of the AI tool and dipstick test, and elicit their willingness to pay for
the AI tool. We also ask about respondents’ familiarity with generative AI and LLMs,
and their perceived usefulness of generative AI in clinical practice. Finally, we elicit
preferences related to antimicrobial resistance, along with general risk preferences, time
preferences, and social preferences toward in-group relative to out-group patients.

3 Data

Our main data come from the survey experiment described above, conducted among
primary care physicians in Denmark. We link responding clinics to national admin-
istrative registers containing information on clinical practice, prescriptions, patient
populations, and physician characteristics. These linked data allow us to characterize
the analysis sample and compare it to the population of Danish primary care clinics.

Respondent recruitment. We implemented the survey among primary care physicians
in Denmark at the end of 2025.7 We invited all physicians from Danish outpatient
primary care clinics listed in a national register maintained by MedCom, a publicly
funded, non-profit organization owned by the Danish Ministry of the Interior and
Health, Danish Regions, and Local Government Denmark (MedCom 2025).

5For respondents previously assigned to the AI Tool treatment, the AI tool retains its Stage 1 accuracy,
while the additional dipstick signal has sensitivity of 70% and specificity of 50%. For respondents previously
assigned to the Dipstick treatment, the dipstick retains its Stage 1 accuracy, while the AI tool has sensitivity of
90% and specificity of 70%. In the Uncorrelated treatment, we present the same accuracy, but respondents
are told that the AI tool is trained on a larger dataset, allowing it to maintain the same accuracy without
incorporating the dipstick result (cf. instructions in Appendix D.6)

6Signal agreement could in principle allow respondents in the Uncorrelated treatment to infer that the
signals are more dependent than stated. With only three vignettes, however, the realized agreements are only
weakly informative about the correlation structure.

7The survey was open from 30 October to 10 December 2025. We sent reminders on 18 November and on
2 December.
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To recruit physicians, we sent survey invitations to the official digital mailbox
(Digital Post) of all primary care clinics. Since 2013, Digital Post has been the legally
mandated channel used by all medical clinics in Denmark for secure communication
with public authorities and businesses, such as laboratories and insurers.8 It thus
constitutes the standard and universal channel for official correspondence with primary
care clinics and ensures full population coverage.

The invitation describes the study only as a questionnaire on treatment choices
for infections in primary care. To avoid priming respondents, it does not mention AI
adoption or antibiotic resistance.

As compensation for their participation, physicians receive 500 DKK (approximately
$78 in 2025), which corresponds to roughly the fee charged for three routine patient con-
sultations under the standard reimbursement schedule for general practice in Denmark
(Overenskomst om almen praksis 2025).

Out of 1607 invitations sent, 383 physician respondents from 356 clinics completed
the survey, corresponding to a response rate of about 22% of all clinics.

Analysis sample. For the analysis, we exclude respondents who do not sufficiently
complete the survey or who fail an attention check. The attention check flags re-
spondents who update their beliefs by more than 5 percentage points in the direction
opposite to the diagnostic signal in at least two vignettes.9 Appendix Table A1 reports
sample sizes by treatment arm under these restrictions. The final analysis sample
includes 372 physician respondents from 346 clinics. Respondents spend a median of
19.7 minutes completing the survey.

Treatment balance. Table 2 reports summary statistics and balance across treatment
arms. Overall, 59% of respondents are female, with an average age of 50 years.

Physicians in all treatment arms report beliefs about the leukocyte esterase dipstick
test’s sensitivity as 76% and its specificity as 50%. These values are close to or, if
anything, lower than our experimentally defined values of 80% and 60% for the AI tool
and the dipstick test in the first part of the experiment. Respondents do not seem to
systematically overestimate dipstick accuracy, suggesting that they do not discount the
AI tool’s accuracy, once presented with its values, relative to the dipstick accuracy. If
anything, respondents’ stated beliefs imply that the experimental signals should appear
more accurate than expected.

Most respondents, above 80%, report knowing generative AI and the majority
perceive it as helpful, in particular for summarizing patient records, followed by admin-
istrative tasks and, to a lesser extent, clinical decision-making. Survey characteristics
are well balanced across treatment arms, with minor exceptions: physicians in the AI
Tool treatment are slightly older and report lower perceived usefulness of generative

8See https://en.digst.dk/systems/digital-post/current-legislation-about-digital-post/.
9We preregistered that respondents who repeatedly update in the wrong direction will be excluded.
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AI for clinical decisions, while the Correlated treatment includes a slightly smaller
share of physicians in training.

Representativeness of the analysis sample. To examine the representativeness of
respondents, we link clinics in the analysis sample to national administrative registers
covering 2024 and 2025, maintained by Statistics Denmark and the Danish Health
Data Authority. Appendix C.2 describes the administrative data sources in detail.

Out of the 346 analysis clinics, we match 333 clinics to the administrative data
for information on their clinical practice in 2024, including consultations, diagnostic
use, antibiotic prescriptions, and patient pools. For a subset of 320 clinics, we addi-
tionally observe clinic characteristics, including location, size, and average physician
characteristics.

Table 3 compares clinics in the analysis sample to the population of Danish pri-
mary care clinics observable in the administrative data. To assess the magnitude of
differences between the analysis sample and the population, we report standardized
mean differences (SMDs, also referred to as normalized mean differences). As a rule of
thumb, SMDs with absolute values above 0.25 are commonly interpreted as indicating
potentially problematic imbalance (Imbens and Rubin 2015; Baker et al. 2026). Across
all observable characteristics, SMDs are below 0.25 in absolute values, suggesting that
the analysis sample is broadly comparable to the population of Danish primary care
clinics on observable characteristics.

While we cannot rule out selection into the survey experiment on unobservables, we
find little evidence of large observable differences between participating clinics and the
population. We assess the relevance of remaining observable differences in robustness
checks using population weights based on clinic characteristics and by restricting the
sample to single-physician clinics.

4 AI signal adoption

We first examine whether physicians’ diagnostic beliefs respond to signals from the AI
support tool relative to the dipstick test, using the results from Experimental Stage
1. We begin with a descriptive analysis of absolute belief updating, measured as the
average difference between posterior and prior beliefs induced by each signal. We
then characterize individuals who consistently do or do not incorporate the AI signal
into their posterior beliefs, based on two sets of predictors: (1) clinical practice, clinic
characteristics, and antibiotic prescribing intensities constructed from the administrative
data and additional survey questions; and (2) survey-elicited mental models of AI
adoption.

12



4.1 Average belief updating

Main effects. To test for average treatment effects, we estimate the following linear
estimation model:

|(P − P0)|iv= αv + λa(iv) + βAI TOOLi + εiv, (1)

where |(P − P0)|iv denotes the absolute change from prior to posterior belief for
physician i in vignette v, αv are vignette fixed effects, and λa(iv) are fixed effects for the
patient age assigned in vignette v. The vignette fixed effects absorb differences across
symptoms and comorbidities in the vignette case descriptions, while the patient-age
fixed effects account for the separately randomized patient age shown in each vignette.
β is the average treatment effect of presenting a diagnostic signal as coming from the
AI Tool rather than a Dipstick test on belief updating. We use this specification to
estimate the treatment effect on average belief updating, and turn to deviations from
the Bayesian benchmark in Section 5.

Figure 3 plots a histogram of the absolute average change in beliefs (posterior minus
prior) by treatment. Beliefs adjust substantially less in response to signals from the AI
tool than to dipstick test signals. The distribution of updates under the AI signal is
more tightly concentrated around zero.

The figure also displays the estimated treatment effect on absolute belief updates.
The AI Tool treatment reduces average belief updates by 7.63 percentage points
(p < 0.01) compared to the Dipstick treatment (41% from a baseline of 18.48).
Physicians thus update substantially less when the signal comes from the AI support
tool.

Robustness. By design, the AI and dipstick signals have identical diagnostic accuracy,
so the weaker updating in the AI Tool treatment should reflect physicians’ response
to the signal source.

A natural concern is that it instead reflects a misunderstanding of the accuracy
values we provide, or a perception that the AI tool is of low quality. Several pieces of
evidence speak against this. First, physicians appear well informed about the dipstick’s
diagnostic properties: average reported beliefs about its sensitivity and specificity are
close to, if slightly below, the values fixed in the experiment (Table 2), and a substantial
share of prior beliefs clusters around these values (Appendix Figure A1). Second,
the estimated effect is nearly unchanged when we restrict the sample to physicians
whose prior beliefs about the dipstick’s sensitivity, its specificity, or both lie below the
experimental values (Appendix Table A5, Columns 2–4). For these physicians, the AI
represents an improvement over their own view of the dipstick, so a perception that the
AI tool adds little over and above the dipstick alone cannot explain the underweighting
we observe. Finally, physicians attend to the accuracy values we provide rather than

13



disregarding them: Appendix Table A6 shows that they update more strongly when
the signal’s stated accuracy is higher.10

The treatment effect is also robust to a range of alternative specifications (Ap-
pendix Table A5, Columns 5–9). We reweight the sample to match the population of
Danish primary care clinics on clinical-practice, patient-pool, and clinic characteristics
(Section 3); we restrict the sample to single-physician clinics, where responses can be
linked to one physician; and we vary the set of controls, including survey-elicited risk
preferences to assess whether the results are driven by differential risk aversion toward
a novel tool. The estimated effects remain close to the baseline throughout; where the
absolute point estimate declines, the sample is substantially smaller and the standard
errors correspondingly larger.

More broadly, several features of the design and data mitigate concerns about
hypothetical vignette responses. First, generic hypothetical bias is common to both
arms and differences out under randomization. Second, the Dipstick arm validates
that respondents acknowledge its key characteristics: they hold accurate beliefs about
its accuracy and, as we discuss in Section 5, correctly incorporate its asymmetric
informativeness. Third, Appendix Figure A2 shows that vignette decisions reflect
clinical practice: physicians who prescribe more in the survey work in clinics with
higher observed UTI prescribing rates for comparable patients. Finally, the use of
vignettes is necessary for identification, since only a controlled setting holds signal
accuracy fixed while allowing the source to vary.

Taken together, this evidence suggests that the treatment effect is unlikely to stem
from a general inability to interpret sensitivity and specificity. Instead, it is consistent
with physicians responding more cautiously to information from an AI tool than to a
familiar diagnostic test of identical diagnostic quality.

4.2 Adopters and non-adopters

Classifying AI adoption. A noticeable pattern in Figure 3 is the mass of zero in the
AI Tool treatment as opposed to the Dipstick treatment. Specifically, in 20.3% of
AI signal cases, physicians do not update their beliefs at all, compared to only 6.5% in
the Dipstick treatment.

To examine consistency in updating patterns across vignettes, we define individuals
who update by less than three percentage points in the majority of vignettes as
non-adopters.11 Following this classification, we find that 34.1% of physicians are

10Appendix Table A6 shows signed belief updating to Experimental Stage 2 by treatment assignment,
leveraging that the sensitivity and specificity vary across respondents. As explained in Section 2.2, the AI
signals in the second stage vignettes either have a sensitivity of 80% and specificity of 60% when the AI signal
was presented in the first stage, or a sensitivity of 90% and specificity of 70% when the dipstick signal was
shown in the first stage. The ‘Positive signal’ updating coefficients are significantly higher when the signal
has a sensitivity/specificity of 90%/70% than when it has a sensitivity/specificity of 80%/60% (Chow test,
p < 0.01 for both Uncorrelated and Correlated treatment), relative to similar updating under a negative
signal (Baseline mean).

11We also classify belief changes of one or two percentage points as non-updates, since respondents may
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non-adopters in the AI Tool treatment, compared to only 6.7% of physicians in the
Dipstick treatment.

This pattern suggests that the weaker average response in beliefs to the AI signal is
not driven by uniformly weaker updating, as would be expected if physicians generally
assessed an AI tool as less valid. Instead, a substantial number of physicians do not
update their beliefs in response to the AI signal altogether. Below, we investigate
differences in characteristics between AI adopters and AI non-adopters, as well as the
potential mechanisms of why a large share of physicians disregard the AI signal.

Correlates of AI adoption. Figure 5 shows descriptive, bivariate correlations of
physician and clinic characteristics with AI adoption in the experiment from combining
the survey data with Danish administrative registers and additional survey items. The
outcome in each row is an indicator for being classified as an AI adopter, and each
coefficient comes from a separate regression on the listed characteristic. For continuous
characteristics, the regressor is an indicator for whether the physician or clinic is above
the sample median. Appendix Table A4 describes the construction of these variables.

Most strikingly, Panel 5a shows that AI adoption is related to clinics’ general
technological and diagnostic orientation. AI adopters are less likely to work in clinics
with a high share of phone consultations, an outdated technology in Denmark, and
more likely to work in clinics with high shares of email and video consultations, as
well as higher overall consultation volume. They are also more likely to work in
clinics with more microscopy use, a common additional diagnostic in the UTI context
(see Section 2.1). In contrast, adoption is not meaningfully related to patient-pool
characteristics, such as average patient age, the share of patients from Denmark, or the
share of female patients.

Moreover, Panel 5b shows that AI adoption is not systematically related to physician
demographics (including physicians’ age or gender), clinic characteristics (including
clinic location and staff size), or the respondent’s general familiarity with generative
AI.12

Finally, Panel 5c shows little evidence that AI adoption reflects differences in
antibiotic prescribing quality or preferences. Adoption is not meaningfully correlated
with physicians’ survey-based prescribing thresholds, including thresholds adjusted
for elicited preferences.13 Appendix C.3 discusses how, under additional assumptions,
the survey-based prescribing thresholds can be interpreted as proxies for diagnostic
skill. Adoption is also not related to several quality measures based on observed

have misclicked on the slider. We consider an individual to be a consistent non-adopter if their belief changes
fall within this range in at least four out of six vignettes.

12We elicit physicians’ attitudes toward generative AI directly in the survey, where we explain the concept
to distinguish it from the diagnostic AI tool we study and give examples of LLMs.

13Appendix Figure A2 provides external validation for the survey prescribing measures: physicians with
higher prescribing rates in the vignette experiment also tend to practice in clinics with higher observed UTI
prescribing rates among comparable patients in the administrative data.
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antibiotic prescribing: overall antibiotic prescribing rates; second-line antibiotic use
for UTI, a measure of guideline adherence based on the recommendations of the
Danish College of General Practitioners (Dansk Selskab for Almen Medicin 2020);
and avoidable hospitalizations for UTI, also referred to as ambulatory-care sensitive
conditions, capturing hospitalizations that appropriate primary care may prevent (Carey
et al. 2017). Finally, AI adopters and non-adopters do not differ in stated concern
about antibiotic resistance or in the weight placed on own patients relative to others,
our proxy for the cost of prescribing externalities.

Overall, these patterns suggest that AI adoption is more common in clinics that
already make greater use of digital modes of care and diagnostic technologies. By
contrast, adoption does not appear to reflect lower prescribing quality, weaker concern
about antibiotic resistance, or broader familiarity with generative AI. AI adoption
may therefore reinforce existing differences in technology use across clinics, without
necessarily reflecting differences in underlying antibiotic prescribing preferences or
practice quality.

Mental models. To understand potential mechanisms behind AI adoption, we examine
physicians’ mental models of the AI tool. We view these mental models as (potentially
misspecified) representations of the tool’s key characteristics that shape respondents’
beliefs and decisions. Prior work shows that such misspecification can distort beliefs
about AI performance and hinder adoption (Raux and Dreyfuss 2025). Moreover, when
behavior is driven by misspecified mental models rather than cognitive frictions, it is
unlikely to self-correct through learning or feedback (Esponda et al. 2024).

Figure 4 summarizes the open-text comments from respondents in the AI Tool
treatment. These comments describe the factors physicians considered when deciding
whether to incorporate the AI signal into their diagnostic assessment. The left panel
reports the share of physicians mentioning each factor. The right panel reports, for
each factor, the coefficient from a separate regression of the AI adoption indicator on
an indicator for mentioning that factor.

The main pattern is that AI adopters emphasize that the AI signal complements
their available information and its statistical properties, whereas AI non-adopters
express general concerns about the tool and AI technologies. Physicians are more
likely to adopt the AI signal when they mention that the tool provides additional
information, uses more data than they have at the point of care, or refers to its accuracy.
By contrast, non-adoption is predicted by general concerns about the tool and its
transparency. Physicians who express skepticism towards the tool, its results, or AI
technology in general or a lack of transparency in how the signal is generated, are less
likely to update their beliefs in response to the AI signal.14

14We classified responses as skepticism towards the tool if physicians mention that they have no trust in
the AI tool and the data/statistics it is based on. Examples include: "I don’t trust its validity", "I don’t trust
AI yet", or "It it not a real tool but a computer program based on data and not clinical practice".
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Notably, none of the respondents mention accountability or liability concerns, which
are commonly raised in broader discussions about AI adoption (Price et al. 2019; Gerke
et al. 2020; Tobia et al. 2021). This may reflect the institutional setting in Denmark,
where medical devices approved for use by the authorities do not generate individual
liability issues, and malpractice litigation is practically absent compared to settings
such as the United States.15 In our setting, AI non-adoption may reflect less legal
concerns and more uncertainty about whether the AI tool contains useful diagnostic
information and processes this information appropriately.

Because the open-text comments were elicited before the closed-form mental model
statements, they capture physicians’ unprompted reasoning about the tool. Appendix
Figure A3 shows that the closed-form statements point to similar mechanisms: AI
adopters are more likely to view the AI tool as based on informative data and as
processing this information appropriately.

5 Deviations from Bayesian Updating

The previous section showed that many physicians update their beliefs less when a
diagnostic signal comes from an AI tool compared to a dipstick signal, even when
both are equally informative by our experimental design. We next compare physicians’
belief updating to the Bayesian benchmark and examine two systematic deviations
from Bayesian updating: first, whether they take into account signal asymmetry; and
second, whether they account for signal correlation. Such deviations are policy-relevant
because they inform how AI support should be designed and implemented.

5.1 Empirical strategy: Belief updating

To compare physicians’ updating behavior to the rational Bayesian benchmark, we
estimate belief-updating coefficients using the regression framework of Grether (1980).
For binary signals, Bayes’ rule can be written in the following form:

log

(
P

1− P

)
= log

(
P 0

1− P 0

)
+ log

(
LRsignal) ,

where P is the posterior, P 0 is the prior, and LRsignal is the likelihood ratio of the
signal, measuring the relative probability of observing that signal when the patient has
a UTI versus when she does not. We estimate the following empirical analogue:

15In particular, medical-injury compensation in Denmark does not assign responsibility or sanction individual
health professionals (Patienterstatningen n.d.). Individual sanctions are handled through a disciplinary system
and are also rare, with authorization withdrawn by court judgment for four physicians and 75 sanctions
involving physicians recorded in total in 2024 (Styrelsen for Patientsikkerhed 2026).
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(2)

where δprior captures the weight placed on the prior, while βpos measures responsive-
ness to a positive signal and βneg to a negative signal. 1{siv = +} indicates a positive
and 1{siv = −} a negative signal. The term εiv captures idiosyncratic updating errors.
In our setup, the likelihood ratio depends on the direction of the signal: a positive
signal has LR+ = 2 and a negative signal has LR− = 1/3.16

For a Bayesian updater, the coefficients δprior, βpos, and βneg equal one. Coefficients
below one indicate underupdating, that is, placing less weight on the prior or signal
than Bayes’ rule prescribes. Coefficients above one indicate overupdating. A difference
between βpos and βneg reflects asymmetric updating. Because negative signals are
relatively more informative (|log(LR−)|> log(LR+)), a Bayesian updater would react
more strongly to them. If physicians fail to account for this asymmetry, they place too
little weight on negative signals relative to positive ones, implying that βneg < βpos.

5.2 Neglect of the signal asymmetry of the AI signal

In this section, we study how physicians’ belief updating compares to the Bayesian
benchmark, and whether deviations from that benchmark have consequences for antibi-
otic prescribing.

Belief updating Table 4 reports the estimated updating coefficients from Equation
2 by treatment arm. We show results for both the overall sample, as well as for the
subsample of signal adopters, with adoption defined as in Section 4.2.

For the dipstick signal (Column 1), the updating coefficients for positive and negative
signals are statistically indistinguishable from one another (βpos = 1.07, βneg = 1.12).
Both lie slightly above but close to the Bayesian benchmark of one, with only βneg

statistically different from one (p < 0.05). Crucially, the positive and negative signal
realizations are not equally informative. The negative signal is more informative because
the leukocyte esterase dipstick has higher sensitivity than specificity and is therefore
better suited as a rule-out than as a rule-in test. Thus, identical updating coefficients
for both signal realizations imply that physicians’ posteriors move more after the more
informative signal. In other words, physicians correctly account for the asymmetry of
the dipstick signal.

16For a positive signal, the likelihood ratio is LR+ =
sensitivity

1−specificity . For a negative signal it is LR− =

1−sensitivity
specificity .
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For the AI tool (Column 2), belief updating patterns differ markedly. Both updating
coefficients are substantially and significantly below one (βpos = 0.87, βneg = 0.55),
consistent with our earlier finding that many physicians do not adopt the AI signal. In
addition, updating to the negative AI signal is significantly weaker than updating to
the positive signal. In fact, the effective weight physicians place on the two signals is
essentially identical.17

To assess whether the failure to incorporate the AI signal’s asymmetry is driven by
non-adopters, we restrict the sample to adopters of the respective signal (Columns 3
and 4). Among adopters, physicians update just as strongly to the positive dipstick
signal as to the positive AI signal. This suggests that the underadoption of the AI
tool is driven mainly by AI non-adopters rather than by attenuated updating among
physicians who do engage with the signal. However, AI adopters still do not account
for the AI signal’s asymmetry: even in this subsample, updating to negative AI signals
is significantly weaker than to positive ones.

Prescription decisions We next ask whether physicians’ underupdating in response
to negative AI signals carries over to antibiotic prescribing. Antibiotics are the first-line
treatment for UTIs, which account for a substantial share of antibiotic prescriptions in
primary care. Even modest changes in how physicians respond to diagnostic signals
can therefore have meaningful implications for antibiotic stewardship.

We remain agnostic about whether prescribing decisions in the survey experiment are
correct or not, as doing so would require assigning infection status to the vignette cases
and thus imposing strong assumptions about the underlying ground truth. Instead,
we focus on how physicians adjust antibiotic prescription decisions in response to
diagnostic signals, assuming that the specified sensitivity and specificity reflect true
values against a ground truth. This allows us to assess whether AI adoption would
increase or decrease antibiotic prescribing relative to dipstick testing.

Table 5 reports the results. Columns 1 and 2 compare empiric antibiotic prescription
rates after positive and negative signals across the AI tool and dipstick treatments.
After a positive signal, the difference is not statistically significant: prescriptions are
approximately 14% higher after an AI than after a dipstick signal. After a negative
signal, however, prescriptions are 31% higher after an AI than after a dipstick signal
(p = 0.09). Columns 3 and 4 estimate the treatment effect on a binary indicator
for whether the prescription decision moves from pre- to post-signal in the direction
the signal implies. There is no difference between AI and dipstick in initiating a
prescription after a positive signal (p = 0.922), but physicians are 38% (15 percentage
points) less likely to stop prescribing after a negative signal under AI than under

17The change in the log-odds of the posterior attributable to a signal equals the updating coefficient times
the signal’s log-likelihood ratio. For the AI tool this gives βpos · log(LR+) = 0.87 · 0.69 ≈ 0.60 for a positive
signal and βneg · |log(LR−)|= 0.55 · 1.10 ≈ 0.61 for a negative signal. Hence, although the negative signal is
objectively more informative (|log(LR−)|> log(LR+)), physicians move their posterior by roughly the same
amount in either direction.
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dipstick (p = 0.037).
Taken together, these prescription results mirror the belief updating results. Physi-

cians underappreciate the negative signals provided by the AI tool relative to the
dipstick signal. This leads them to adjust their diagnostic beliefs less and leads them
to prescribe more antibiotics when the signal points against a bacterial infection.

Mechanisms We interpret the contrast between the two signals in accounting for signal
asymmetry as reflecting that a trained interpretive rule for the familiar dipstick test is
available but not for the novel AI signal. Clinicians are explicitly taught to translate a
test’s operating characteristics into differential diagnostic conclusions: mnemonics such
as SnNout (a highly sensitive test, when negative, rules a condition out) and SpPin (a
highly specific test, when positive, rules it in) encode exactly the principle that the two
realizations of a test can carry different diagnostic weight. For the dipstick, this rule is
well established and reinforced in medical training in the context we are focusing on
(“leukocytes rule out”). However, our results show that simply providing the sensitivity
and specificity values in the AI treatment is insufficient to ensure correct updating. In
the absence of an established heuristic, physicians move their posterior by roughly the
same amount in either direction, as if positive and negative AI signals were equally
informative.

Our evidence speaks against two alternative mechanisms. First, physicians may
be cognitively imprecise about signal strength. Augenblick et al. (2025) show that
people overinfer from weak signals and underinfer from strong ones. In isolation, the
results from the AI treatment are consistent with this pattern: physicians underinfer
less from the less informative positive signal than from the more informative negative
one. However, this mechanism cannot account for the comparison between dipstick and
AI treatment. Both AI and dipstick signals have identical signal strengths (LR+ = 2,
LR− = 1/3), so a cognitive force that compressed perceived informativeness would
have to affect both signal sources identically. Yet, physicians fully reflect the dipstick’s
asymmetry (βneg = 1.12, if anything above one), while only compressing the AI signal’s
asymmetry.

Second, the AI tool’s novelty may generate ambiguity about its reliability, prompting
physicians to discount its signal and to update cautiously. The simplest version of this
mechanism is uniform discounting: physicians treat the AI as an unfamiliar source and
respond less to its signals overall. While this mechanism may explain underupdating to
a negative AI signal, it is contradicted by results from the adopter subsample (Table 4,
Columns 3 and 4), where physicians update to positive AI signals as strongly as to
positive dipstick signals, suggesting that adopters are not cautious to signals from
the AI tool overall. A more nuanced possibility is that ambiguity regarding the new
signal interacts with the fear of missing an infection. In that case, physicians would
understand the AI signal’s asymmetry but deliberately override it. However, such a
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directional safety motive should make physicians respond less to the reassuring negative
signal than to the positive signal, rather than producing similar responses to both
signal realizations. Instead, the observed posterior movements are nearly identical after
positive and negative AI signals, which is more naturally explained by a failure to
register the asymmetry, and physicians behaving as if the two AI signal realizations
were equally informative.

5.3 Correlation neglect with multiple signals

Up to this point, physicians received one diagnostic signal: either from the AI support
tool (which incorporates the dipstick result) or from the dipstick test alone. In practice,
AI systems often synthesize multiple pieces of information, many of which the physician
may also observe directly. This raises scope for correlation neglect: physicians may
treat multiple signals as independent even when one signal partly incorporates the
other. In this section, we test whether physicians exhibit correlation neglect in their
belief updating and prescribing decisions when they receive both signals.

Belief updating framework. In Experimental Stage 2, respondents observe both an
AI and a dipstick signal, and we randomize whether the two are correlated. In the
Correlated treatment, the AI signal incorporates the dipstick result as in Stage
1, so the two signals are mechanically linked. Physicians are reminded of this signal
correlation directly beneath the dipstick result on every decision screen.18 In the
Uncorrelated treatment, the dipstick result is not used by the AI tool; consequently,
the AI and dipstick signals can be treated as separate sources of information. Comparing
the two treatments does not require knowing the exact joint structure of the AI and
dipstick signals: two independent signals are unambiguously more informative than
two signals of the same individual accuracy where one already incorporates the other.
In the absence of correlation neglect, a respondent should thus always update more
strongly in the Uncorrelated treatment.

We test this prediction in several complementary ways. First, we descriptively show
the difference in absolute belief updating between the Correlated compared to the
Uncorrelated treatment arm.

Second, we estimate an alternative specification in which we regress belief changes
on signal direction, analogous to Equation (1), but now using the signed rather than
absolute belief change as outcome. We do so separately for the Correlated and
Uncorrelated treatment:

(P − P0)iv = αv + λa(iv) + β · Positive Signaliv + εiv. (3)

Finally, we estimate the Bayesian updating framework based on Equation (2)
18Specifically, we show the message "Please consider that the dipstick test is also included in the AI support

tool prediction."
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separately for correlated and uncorrelated signals (see Section 5.1). This framework
requires us to fix the likelihood ratios for both sources of information. To compute
these, in the Correlated treatment, we assume the AI tool makes full use of the
information the dipstick contains.19 In the Uncorrelated treatment, the two signals
are independent, as communicated to the respondents.20

Belief updating results. Figure 6 provides a first look into absolute updating and
shows that physicians update their beliefs very similarly under correlated and uncorre-
lated signal structures. The distributions largely overlap and the estimated difference
is small and statistically insignificant, ruling out differences larger than −3.0 or +2.8

percentage points at the 5% level. By contrast, if respondents did not exhibit correlation
neglect, updating should be substantially stronger in the Uncorrelated compared
to the Correlated treatment. For comparison, if respondents applied Bayes’ rule to
their priors—treating the two signals as independent in the Uncorrelated treatment
and the dipstick as fully reflected in the AI signal in the Correlated treatment—their
average absolute updating would be 7.3 percentage points smaller in the Correlated
treatment, far outside the confidence interval estimated above.21

Panel A of Table 6 estimates the signed belief-updating specification in Equation (3),
separately for the Correlated and Uncorrelated treatments. The table shows
that updating coefficients for both positive and negative signals are almost identical
across correlation conditions (Chow test, p = 0.88): physicians move their beliefs by
the same amount whether or not the signals are correlated.

Panel B of Table 6 reports the results of the Bayesian regression specification. The
updating coefficients βpos and βneg are substantially smaller in the Uncorrelated
than in the Correlated treatment (Chow test, p < 0.01 for both positive and negative
signals). Again, the pattern is consistent with correlation neglect: respondents do not
sufficiently adjust their updating to reflect the differing informativeness of the two
signal structures. In fact, the belief movement implied by the updating coefficients
(the coefficient times the signal’s log-likelihood ratio) is nearly identical across the two
treatments, for both positive and negative signals.22

19This assumption is necessary only for the exact Bayesian benchmark we use in this final test.
20With two independent signals (Uncorrelated treatment), the joint likelihood ratio is the product

of the individual likelihood ratios. This assumption yields the AI Tool treatment arm joint likelihood
ratios (LR) of LR++,unc = 2.8 and LR−−,unc = 1/5 and in the Dipstick treatment arm LR++,unc = 6 and
LR−−,unc = 1/21. When the AI signal fully incorporates the dipstick result (Correlated treatment), the
likelihood ratios are given by the informativeness of the AI tool: LR++,cor = 2 and LR−−,cor = 1/3 in the AI
Tool treatment arm and LR++,cor = 3 and LR−−,cor = 1/7 in the Dipstick treatment arm.

21We estimate the difference in absolute belief updating using equation (1), where we replace the treatment
dummy with the Correlated treatment dummy. The Bayesian benchmark is calculated by applying Bayes’
rule to elicited priors, using the likelihood ratios stated in footnote 20 and then using this Bayesian posterior
to estimate equation (1).

22To show that belief movements are almost identical across correlated and uncorrelated treatments for both
positive and negative signals, we can calculate the change in the log-odds of the posterior, which is given by the
product of the updating coefficient and the (average) signal’s log-likelihood ratio. For positive signals, this gives
βpos,cor · log(LR++) = 1.28 ·0.89 ≈ 1.14 in the Correlated treatment and βpos,unc · log(LR++) = 0.76 ·1.43 ≈
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Since correlated signals cannot be more informative than uncorrelated ones, equal
updating is inconsistent with Bayesian reasoning under any perceived joint signal
structure—unless respondents believed the AI tool extracted no information from the
dipstick whatsoever, contrary to what they were told on every decision screen. We
therefore interpret the equal updating as correlation neglect: physicians treat the two
signals as independent sources of evidence and fail to discount their overlap.

Prescription decisions Next, we study whether correlation neglect also impacts
antibiotic prescription decisions. Since signals in the Uncorrelated treatment
are more informative than those in the Correlated treatment, responses in line
with the Bayesian benchmark imply that prescribing decisions should adjust more
strongly in the Uncorrelated treatment. Table 7 shows regression results of empiric
antibiotic prescribing on treatment indicators. Contrary to the Bayesian benchmark,
but consistent with our belief updating results, we find no significant effect of the
Correlated treatment on antibiotic prescriptions. Physicians act as if the correlated
and uncorrelated signals were equally informative.

Finally, comparing the first and second stages of the experiment yields a tight
within-physician test of whether correlation neglect affects prescription decisions. We
focus on vignettes with identical symptom descriptions in which physicians saw an AI
signal in the first stage and an equally informative AI signal in the second stage.23

The only difference is that in the second stage they additionally received a dipstick
signal. Because the dipstick information is already embedded in the AI signal, the
additional dipstick signal is largely redundant.24 A physician who correctly accounts
for the correlation between the two signals should therefore leave their prescription
decision essentially unchanged, whereas a physician who neglects this correlation will
treat the dipstick result as independent confirmation and adjust their decision in the
direction of the (redundant) signal.

Table 8 shows in Column 1 that physicians prescribe significantly more antibiotics
after seeing the positive but redundant dipstick signal (p < 0.05). Prescriptions almost
double relative to seeing the AI signal alone, even though the dipstick basically adds no
information. Thus, physicians treat the redundant signal as independent confirmation
and update as if it were genuinely new evidence.

Note that the design imposes an asymmetry on what we can detect. Because the
second-stage vignettes are all low-probability cases, prescribing rates in the first stage
are low to begin with, leaving ample room to detect an increase in prescriptions but

1.09 in the Uncorrelated treatment. For negative signals, it gives βneg,cor · |log(LR−−)|= 0.91 · 1.54 ≈ 1.40
in the Correlated treatment and βneg,unc · |log(LR−−)|= 0.57 ·2.37 ≈ 1.35 in the Uncorrelated treatment.

23We focus on vignettes 1, 7, and 8 shown in Table A2, where vignettes 7 and 8 replicate the clinical
presentation of vignette 1 to increase power for this test.

24The AI signal has a sensitivity of 80% and a specificity of 60% in both stages. In the second stage,
physicians additionally observe a dipstick signal (sensitivity 70%, specificity 50%). Because the dipstick result
is one of the inputs the AI tool uses to generate its signal, it carries no information beyond the AI signal if the
tool fully exploits it.
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little room to detect a decrease (Column 2). We are therefore well-powered to detect
the upward response we find, but cannot rule out downward responses in other parts
of the case distribution. With that caveat, the results provide clear proof-of-concept
evidence that correlation neglect affects treatment decisions.

Mechanisms We interpret the updating patterns above as reflecting a genuine but
unfounded belief that the dipstick signal carries information beyond what the AI tool
already conveys, even though the dipstick result is one of the inputs the AI signal
is built on. Under this interpretation, physicians treat the two signals as if they
were independent sources of evidence and therefore fail to discount the redundant
component. Supporting evidence for this interpretation comes from physicians’ own
stated preferences (Appendix Figure A4). A large majority (more than 75%) report
that they consider it important to see the dipstick signal separately, even though the
dipstick result is already incorporated into the AI tool’s assessment.

Three alternative explanations could reproduce these updating patterns without
reflecting genuine correlation neglect, and we address each in turn. First, the result could
be an artifact of how the second, additional signal is introduced, that is, confusion about
the new signal, rather than a failure to account for correlation. However, Appendix
Table A6 shows that correlation neglect is present regardless of whether the respondent
saw the AI or the Dipstick treatment in the first stage, so the result does not depend
on how the additional signal is introduced.25

Second, the patterns could arise even in the absence of correlation neglect if
physicians simply ignored the AI tool and based their beliefs solely on the dipstick
signal in the second-stage vignettes. Appendix Table A7 addresses this by excluding
non-adopters, as classified from the first stage of the experiment; the estimates remain
very similar, indicating that our evidence on correlation neglect is not driven by
physicians disregarding the AI signal altogether.

Third, the updating patterns would be consistent with Bayesian reasoning if physi-
cians believed they could extract information from the raw dipstick result beyond what
the AI tool’s prediction reflects, for example, because they think they can interpret the
dipstick result better than the AI algorithm. Fewer than 30% of physicians agree with
this statement (Appendix Figure A4), and Appendix Table A8 shows that the updating
patterns are unchanged when these physicians are excluded: correlation neglect is
equally present among those who do not state that their own dipstick interpretation
adds accuracy.

25Section 2.2 and Appendix D.6 describe the specific ways the new additional signal is explained.
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6 Discussion and Policy Implications

Our experiment documents several frictions in how physicians incorporate AI-generated
diagnostic information, with implications for the design and implementation of AI
decision support.

First, physicians’ belief updating is systematically related to their mental models of
the AI tool, especially their perceptions of its informational value and transparency, as
well as to broader technology use. Adoption may therefore be improved by addressing
beliefs about data inputs and the technology itself, rather than emphasizing predictive
accuracy alone. Regarding technology regulation, this practical need might be partly
addressed by the European Union’s AI Act, which requires providers of high-risk
medical AI to ensure interpretable outputs and to disclose performance characteristics
and specifications of training, validation, and input data.26

Second, our results highlight how the presentation of diagnostic information matters.
In medical settings, information is commonly presented using discrete scales, such as
positive and negative test results. Such a binary test can be viewed as a threshold rule
applied to an underlying continuous risk score. The threshold is chosen to trade off false
positives and false negatives, thereby generating the test’s (potentially asymmetric)
informativeness in terms of its sensitivity and specificity.

Figure 7 illustrates this logic in our setting. It plots an exemplary Receiver Operating
Curve (ROC), which contains all combinations of false positive rates and true positive
rates that are technologically feasible. The locations of the dipstick and AI signals on
the ROC curve determine which thresholds are used. The policymaker may choose
a low threshold if the costs of a false negative are high relative to the costs of a
false positive, such as in the context of UTI diagnosis, where a missed diagnosis
(and undertreatment) may be more costly than an overdiagnosis (and overtreatment).
The figure also shows the signal locations implied by observed belief updating in the
experiment, which deviate from the locations implied by the communicated signal
properties. In particular, physicians’ implied signal locations mean that they attribute
the dipstick to a higher ROC and the AI tool to a lower ROC, while also shifting the
classification threshold upwards with the AI signal.

These patterns suggest that a discrete AI signal should be designed to take into
account measurable cognitive biases, for example by choosing a threshold with symmet-
ric sensitivity and specificity. In other words, the threshold determining the statistical
properties of a discrete signal might need to be selected not only based on the costs of
classification errors but also on how humans make optimal use of such signals.27

26See EU Regulation 2024/1689 (AI Act), Articles 10, 13(1), and 13(3)(b), as well as Article 6(1) in
conjunction with Annex I, that subject many AI systems to Medical Device Regulation (EU) 2017/745.

27Alternatively, directly presenting the continuous prediction rather than a discrete signal to decision-makers
provides most information. However, Agarwal et al. (2023) show that this can lead to increased diagnostic
errors among physicians in intermediate risk ranges. One possible solution could be to delegate decisions to
the AI if its prediction accuracy is high, and delegate to the physician without providing an AI signal for cases
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Finally, a large majority of physicians in the experiment explicitly state that they
prefer to see the AI signal’s underlying information (the dipstick signal) separately
from the AI signal itself (Appendix Figure A4). However, in the presence of correlation
neglect, this need for transparency poses a dilemma. If the human in the loop sees a
collection of individual signals but processes these less than optimally, transparency
would need to be coupled with detailed, and potentially complex, explanations. Such
solutions might prove challenging as growing experimental evidence finds that efforts
to provide transparency, explainability, and feedback can be hampered by cognitive
biases (Poursabzi-Sangdeh et al. 2021; Bauer et al. 2023; Serra-Garcia and Gneezy
2025; Von Zahn et al. 2025; Chan 2026).28

In the context of antibiotic prescribing, where a false positive carries a public health
cost, the implications of AI adoption are particularly policy-relevant. In our setting,
both signals have higher sensitivity than specificity, so the negative realization is the
more informative one. The neglect of signal asymmetry therefore increases antibiotic
prescribing directly because physicians underweight the negative AI signals that should
rule out infection. Correlation neglect adds to this, as physicians treat a redundant
positive dipstick result as independent confirmation, leading to increased antibiotic
prescribing in our experiment. This illustrates how the consequences of AI adoption for
decision outcomes depend on the quality and design of existing diagnostic information
as well as the information contributed by AI.

7 Conclusion

This paper studies how human experts incorporate AI-generated information into
high-stakes decisions, and the implications for designing AI tools with humans in
the loop. We focus on primary care physicians, who must combine new diagnostic
signals with clinical expertise and established decision-support tools. We use a survey
experiment with physicians from 21.5% of all primary care clinics in Denmark, linked to
administrative data showing that participating clinics closely resemble the population
of Danish primary care providers on observables.

Physicians update their beliefs less in response to AI signals than in response
to a conventional dipstick test, even when both have identical quality. Our finding
is consistent with general skepticism toward algorithmic recommendations. Rather
than being treated as another piece of evidence, AI output is discounted relative to

in which prediction accuracy is low (Agarwal et al. 2023; Ribers and Ullrich 2024).
28An alternative design, though implying a departure from transparency goals, lets an AI tool summarize

multiple diagnostic signals without presenting the underlying information or involving the physician at all.
In some situations, this might help reduce the time until an initial diagnosis and treatment decision. An
implementation of this idea was trialed by the UK National Health Service for cases of suspected UTI in
2019, where a smartphone app allowed patients to obtain antibiotic prescriptions based on symptom reports
and dipstick results without seeing a physician; however, the quality of the prescriptions or patient health
outcomes were not evaluated, making it difficult to draw conclusions from this trial (Thornley et al. 2020;
BBC News 2019).
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established diagnostics.
This average effect reflects substantial non-adoption: roughly one-third of physicians

do not adopt the AI in a meaningful way. Non-adopters exhibit lower general technology
use, but do not differ from adopters on a range of other observable factors, including
measures of physicians’ practice styles, physician preferences, and quality of care.
Instead, non-adopters express skepticism toward the tool and concerns about its lack of
transparency. Overall, we find little evidence in this setting that AI adoption depends
on individuals’ location in the productivity or skill distribution.

When using the AI tool, physicians deviate from Bayesian updating in two ways.
First, they ignore the asymmetry of the AI signal, even though they account for it
correctly when using the dipstick signal. Second, when physicians are presented with the
AI signal and the dipstick test, they insufficiently account for the correlation between
the two information sources. These frictions may carry over into policy-relevant clinical
decisions: in our setting, they suggest increased antibiotic use, which contributes to
antibiotic resistance. More broadly, such cognitive frictions in multi-signal environments
are likely to become increasingly relevant as AI tools are introduced alongside existing
diagnostics. For implementation, this implies that the value realized from AI tools
depends on how information is presented to physicians and how they are trained to
interpret asymmetric and correlated signals.

Our findings should be interpreted in light of the limitation that physicians engage
with the AI tool in one-shot encounters. Repeated use and feedback on the tool’s
performance might reshape adoption patterns and updating behavior over time, possibly
attenuating some of the skepticism we document or reinforcing it where early experiences
disappoint. Goldsmith-Pinkham et al. (2026) provide early evidence that, with feedback
over time, radiologists become more productive at analyzing lung scans and that
their rejection of AI information decreases, although rejection does not disappear.
Studying these dynamics is an important next step for further research. Even so,
understanding behavior during early adoption is important: at this point, norms, trust,
and implementation choices around medical AI are being formed, and the frictions we
identify are likely to shape how medical AI enters into clinical practice.
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Figures

Figure 1. Survey flow
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Figure 2. Screenshot of vignette
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Figure 3. Absolute belief updating: Signal source
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Notes: The figure shows the distribution of absolute belief updating, defined as the absolute difference between
a physician’s prior and posterior UTI beliefs, in Experimental Stage 1 (vignettes 1–6). It compares respondents
assigned to the AI Tool treatment with respondents assigned to the Dipstick treatment (baseline). The
figure also reports the coefficient on the AI Tool indicator from the specification in Equation (1), estimated
with absolute belief updating as the outcome and including vignette and patient-age fixed effects. Standard
errors are clustered at the physician level and shown in parentheses; the corresponding p-value is reported.
Number of observations (physician-vignettes): 2,232.
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Figure 4. Mental models about the AI tool (free-text question)
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Notes: Sample restricted to respondents assigned to the AI Tool treatment. The left panel shows the share
of physicians whose open-text response mentions each factor. The right panel reports coefficient estimates
from separate OLS regressions of an AI-adoption indicator on an indicator for mentioning the respective factor.
AI adoption is defined as updating beliefs by more than three percentage points in at least half of the vignettes
(see Section 4.2). Categories are non-mutually exclusive. Horizontal lines denote 95% confidence intervals.
Number of observations (physicians): 179.
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Figure 5. Correlates of AI adoption
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Notes: Sample restricted to respondents assigned to the AI Tool treatment and matched to the relevant register data. Each coefficient is from a separate OLS regression of
an AI-adoption indicator on the listed characteristic. Appendix Table A4 describes the construction of all characteristics. AI adoption is defined as updating beliefs by more
than three percentage points in at least half of the vignettes (see Section 4.2). All regressions are at the physician level; clinic-level characteristics are assigned to all
respondents from the same clinic. Characteristics shown as clinic above-median variables are indicators for whether the clinic is above the sample median; characteristics
shown as physician above-median variables are defined analogously at the respondent level. Horizontal lines denote 95% confidence intervals; p-values are reported next to
each estimate.
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Figure 6. Absolute belief updating: Signal correlation
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Notes: The figure shows the distribution of absolute belief updating, defined as the absolute difference between
a physician’s prior and posterior UTI beliefs, in Experimental Stage 2 (vignettes 7–9). It compares respondents
assigned to the Correlated treatment with respondents assigned to the Uncorrelated treatment (baseline).
The figure also reports the coefficient on the Correlated indicator from the specification in Equation (1)
where we replace the treatment dummy with the Correlated treatment dummy, estimated with absolute
belief updating as the outcome and including vignette and patient-age fixed effects. Standard errors are
clustered at the physician level and shown in parentheses; the corresponding p-value is reported. Number of
observations (physician-vignettes): 1,116.
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Figure 7. Actual and implied signal asymmetry
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Notes: The figure shows a simulated Receiver Operating Curve (ROC) on which a signal with sensitivity
of 80% and a specificity of 60% would be located. The points outside the curve show the (Bayesian)
sensitivities/specificities implied by the physicians’ estimated β̂ for the dipstick signal and the AI signal.
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Tables

Table 1. Factorial design of vignette attributes

Attribute Levels

Patient Information
Gender Female
Age 22 / 25 / 30 / 35

Primary Symptoms
Urinary discomfort Occasional burning sensation during urination /

Severe burning sensation during urination /
Severe burning sensation during urination limiting quality of life

Urinary frequency Normal urinary frequency /
Increased urinary frequency

Abdominal discomfort No lower abdominal discomfort /
Lower abdominal discomfort

Comorbidity conditions
Comorbidities and active prescriptions None /

Type 1 diabetes and Insulin aspart (Novolog) via insulin pump

Notes: The table lists the patient characteristics used to construct the vignette cases. In Experimental Stage 1,
primary symptoms and comorbidity conditions are balanced across six vignettes. In Experimental Stage 2, three
additional vignettes are constructed with weak primary symptoms and no comorbidities. Age is randomized
independently at the respondent-vignette level. See Table A2 in the appendix for how exactly the attributes
covary between vignettes.
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Table 2. Respondent characteristics by treatment

A: Signal source
Dipstick (Baseline) AI Tool Difference

Mean Mean p-value

Physician characteristics
Female gender 0.57 0.60 [0.51]
Age in 2025 49.5 51.5 [0.02]
In training 0.016 0.022 [0.63]

Beliefs about dipstick accuracy
Sensitivity belief 75.3 76.1 [0.64]
Specificity belief 49.3 51.6 [0.31]

Knowledge about generative AI
Knows generative AI 0.84 0.79 [0.20]
Uses generative AI for work 0.50 0.54 [0.45]
Uses generative AI in private life 0.69 0.61 [0.13]

Opinions about generative AI
Helpful for administrative tasks (1, not at all - 5) 3.94 3.87 [0.54]
Helpful for summarizing patient journals (1, not at all - 5) 4.23 4.25 [0.84]
Helpful for clinical decisions (1, not at all - 5) 3.59 3.30 [0.01]

# Respondents 193 179 372
# Clinics 179 167 346

B: Signal correlation
Uncorrelated (Baseline) Correlated Difference

Mean Mean p-value

Physician characteristics
Female gender 0.60 0.57 [0.57]
Age in 2025 50.3 50.7 [0.67]
In training 0.031 0.0056 [0.07]

Beliefs about dipstick accuracy
Sensitivity belief 76.1 75.2 [0.60]
Specificity belief 48.9 52.0 [0.19]

Knowledge about generative AI
Knows generative AI 0.85 0.79 [0.10]
Uses generative AI for work 0.51 0.53 [0.73]
Uses generative AI in private life 0.68 0.63 [0.32]

Opinions about generative AI
Helpful for administrative tasks (1, not at all - 5) 3.93 3.89 [0.73]
Helpful for summarizing patient journals (1, not at all - 5) 4.22 4.26 [0.70]
Helpful for clinical decisions (1, not at all - 5) 3.41 3.50 [0.46]

# Respondents 195 177 372
# Clinics 185 161 346

Notes: This table reports summary statistics for the analysis sample by signal source treatment (Panel A) and signal
correlation treatment (Panel B). The first and second columns presents means under each treatment arm. The final
column reports p-values from t-tests testing equality of means across the two treatment arms.
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Table 3. Comparison of clinics in the analysis sample with the population of primary care
clinics

Sample Population Difference
Mean SD Mean SD SMD

Panel A: Clinical practice and patient pools
In-person consultation share 0.51 (0.082) 0.52 (0.090) [-0.11]
Phone consultation share 0.20 (0.085) 0.22 (0.093) [-0.15]
Email consultation share 0.27 (0.087) 0.25 (0.093) [0.24]
Video consultation share 0.017 (0.020) 0.015 (0.020) [0.13]
Dipstick claims rate 0.033 (0.015) 0.034 (0.017) [-0.04]
Culture claims rate 0.013 (0.016) 0.014 (0.018) [-0.06]
Microscopy claims rate 0.0062 (0.011) 0.0054 (0.010) [0.08]
Antibiotic prescribing rate 0.049 (0.014) 0.052 (0.017) [-0.16]
Average patient age 47.4 (5.12) 48.3 (5.37) [-0.17]
Patients from Denmark 0.87 (0.085) 0.85 (0.11) [0.13]
Female patients 0.61 (0.049) 0.61 (0.051) [0.09]
Total consultations 22001.7 (12399.8) 20170.8 (12100.0) [0.15]

# Clinics 333 1,625

Panel B: Physician characteristics
Number of physicians 3.44 (2.30) 3.16 (2.31) [0.13]
Single physician clinics 0.22 (0.42) 0.31 (0.46) [-0.20]
Average age of physicians 52.6 (6.49) 53.5 (7.10) [-0.12]
Share of female physicians 0.57 (0.35) 0.59 (0.37) [-0.06]
Clinic location in major city 0.31 (0.46) 0.27 (0.44) [0.11]

# Clinics 320 1,559

Notes: This table reports clinic-level summary statistics for clinical practice and patient pools (Panel A)
and clinic characteristics (Panel B). The population of clinics is constructed from the national clinic register,
Yderregister. We restrict the analysis sample to clinics that can be matched to the administrative register data.
Consultations are identified using clinic claim codes; antibiotic prescriptions are identified using Anatomical
Therapeutic Chemical (ATC) codes and indication codes. The Population columns report means and
standard deviations (SDs) for all clinics in the population, and the Sample columns report the corresponding
statistics for clinics in the analysis sample. The final column reports the standardized mean difference
(SMD) between the analysis sample and the population, defined as (X̄S−X̄P )/

√
(SD2

S + SD2
P )/2, where X̄

denotes the group mean and SD denotes the standard deviation for analysis clinics (S) or population clinics
(P ). SMDs above 0.25 in absolute value are commonly interpreted as indicating potentially problematic
imbalance (Imbens and Rubin 2015; Baker et al. 2026).
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Table 4. Signal source: Belief updating (Bayesian)

All physicians Only adopters

(1) (2) (3) (4)
Dipstick AI tool Dipstick AI tool

δprior 0.82∗∗∗ 0.87∗∗∗ 0.79∗∗∗ 0.82∗∗∗

(0.027) (0.029) (0.025) (0.040)
βPos 1.07∗∗∗ 0.87∗∗∗ 1.15∗∗∗ 1.26∗∗∗

(0.059) (0.083) (0.058) (0.11)
βNeg 1.12∗∗∗ 0.55∗∗∗ 1.17∗∗∗ 0.77∗∗∗

(0.047) (0.047) (0.046) (0.060)

δprior = 1 (p-value) 0.000 0.000 0.000 0.000
βpos = 1 (p-value) 0.231 0.127 0.009 0.016
βneg = 1 (p-value) 0.013 0.000 0.000 0.000
βpos = βneg (p-value) 0.518 0.000 0.746 0.000
N 1158 1074 1080 708
Respondents 193 179 180 118

Notes: This table reports estimates from the Bayesian updating specifi-
cation in Equation (2), which regress posterior beliefs on the prior and
the likelihood ratio of a signal, separately for the Dipstick and AI Tool
treatments. Columns (1)–(2) use all physicians; Columns (3)–(4) restrict
to adopters of the respective signal, defined as updating beliefs by more
than three percentage points in at least half of the vignettes (see Sec-
tion 4.2). Standard errors are clustered at the physician level and shown
in parentheses.
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Table 5. Effect of AI Treatment on Antibiotic Prescribing Behavior

Final prescriptions Prescription change

(1) (2) (3) (4)

After pos. signal After neg. signal Start prescribe
after pos. signal

Stop prescribe
after neg. signal

AI 0.048 0.042∗ -0.003 -0.152∗∗

(0.035) (0.025) (0.033) (0.072)
Constant 0.304∗∗∗ 0.117∗∗∗ 0.195∗∗∗ 0.468∗∗∗

(0.033) (0.023) (0.032) (0.082)

Vignette FE ✓ ✓ ✓ ✓
Patient age FE ✓ ✓ ✓ ✓
Baseline mean 0.34 0.14 0.19 0.40
N 1080 1152 879 210
Respondents 364 369 349 141

Notes: Columns (1) and (2) regress a dummy variable indicating whether a physician ultimately prescribes
empirical antibiotic treatment on signal dummies, estimated separately for positive and negative signals.
Column (3) restricts the sample to cases where the physician did not prescribe pre-signal, and the outcome
indicates whether they switched to prescribing after a positive signal. Column (4) restricts the sample to
cases where the physician prescribed pre-signal, and the outcome indicates whether they switched to not
prescribing after a negative signal. Standard errors clustered at the respondent level in parentheses.
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Table 6. Signal correlation: Belief updating

Panel A: Signed belief updating

(1) (2)
Correlated Uncorrelated

Positive signal 42.1∗∗∗ 41.6∗∗∗

(2.13) (1.98)
Constant -12.8∗∗∗ -13.2∗∗∗

(1.81) (1.54)
Vignette FE ✓ ✓
Patient age FE ✓ ✓

N 531 585
Respondents 177 195

Panel B: Bayesian updating

(1) (2)
Correlated Uncorrelated

δprior 0.71∗∗∗ 0.70∗∗∗

(0.045) (0.039)
βPos 1.28∗∗∗ 0.76∗∗∗

(0.099) (0.054)
βNeg 0.91∗∗∗ 0.57∗∗∗

(0.057) (0.033)

N 531 585
Respondents 177 195

Notes: This table reports belief updating in Exper-
imental Stage 2, separately for the Correlated
and Uncorrelated treatments. Panel A reports
estimates from the signed belief-updating specifica-
tion in Equation (3), which regresses the change in
beliefs on an indicator for a positive signal (baseline
category: negative signal). Panel B reports esti-
mates from the Bayesian updating specification in
Equation (2), which regresses posterior beliefs on
the prior and the likelihood ratio implied by the
joint AI and dipstick signals. Standard errors are
clustered at the physician level and shown in paren-
theses.
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Table 7. Effect of Correlated Treatment on Antibiotic Prescribing Behavior

(1) (2)
After positive signal After negative signal

Correlated 0.035 0.007
(0.036) (0.007)

AI -0.052 0.008
(0.036) (0.008)

Constant 0.120∗∗∗ -0.007
(0.038) (0.007)

Vignette FE ✓ ✓
Patient age FE ✓ ✓
Baseline mean 0.14 0.00
N 576 540
Respondents 341 327

Notes: The table reports estimates from a regression of a dummy variable
indicating whether a physician ultimately prescribes empirical antibiotic
treatment on the Correlated treatment indicator and the AI treatment
indicator. The sample is restricted to the second stage vignettes, in
which both AI and dipstick signal were displayed. In the Correlated
treatment, the AI signal contains the dipstick signal, while they are
independent in the Uncorrelated treatment. Hence, the signals in
the Correlated treatment are substantially less informative. Standard
errors clustered at the respondent level in parentheses.
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Table 8. Effect of the redundant signal in Correlated on Antibiotic Prescribing Behavior

(1) (2)
After positive signal After negative signal

Redundant dipstick signal 0.084∗∗ -0.007
(0.037) (0.007)

Constant -0.028 0.004
(0.050) (0.004)

Patient age FE ✓ ✓
Baseline mean 0.08 0.01
N 130 134
Respondents 80 76

Notes: The table reports estimates from a regression of a dummy variable indicating
whether a physician ultimately prescribes empirical antibiotic treatment on the
indicator. The sample is restricted to respondents who received the AI signal in the
first stage and were assigned to the Correlated treatment in the second stage. The
sample is further limited to vignettes with identical symptom descriptions (vignettes 1,
7, and 8), thus excluding vignette fixed effects. The estimation compares prescription
decisions when only the AI signal is observed to decisions when the AI signal and the
dipstick result are observed jointly. The only change in the vignettes relative to the
earlier vignettes is that the dipstick signal is now displayed, whereas previously it was
not; the signal itself is redundant because it is already incorporated into the AI signal
(sensitivity and specificity are the same). Hence, physicians who take the correlation
structure of the signals into account should not meaningfully change their prescription
decisions. Standard errors clustered at the respondent level in parentheses.
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Appendix

A Appendix Tables

Table A1. Restrictions on the main analysis sample

Dipstick (Baseline) AI tool Total
A: Signal source
No restrictions 50.1% 49.9% 491
+ Exclude if survey is <90% completed 52.0% 48.0% 383
+ Exclude if repeated wrong-direction updating (>5 ppt.) 51.9% 48.1% 372

Uncorrelated (Baseline) Correlated Total
B: Signal correlation
No restrictions 50.3% 49.7% 491
+ Exclude if survey is <90% completed 52.7% 47.3% 383
+ Exclude if repeated wrong-direction updating (>5 ppt.) 52.4% 47.6% 372

Note: This table presents the number of observations after applying our sample restrictions. Analysis sample:
372 observations.
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Table A2. Vignette characteristics and their co-occurrence, by stage

Vignette Urinary symptoms Urination
frequency

Lower-
abdomen
discomfort

Comorbidity Medication

Panel A: Stage 1

1
Occasional burning
sensation when
urinating

Normal None None None

2
Occasional burning
sensation when
urinating

Increased None None None

3

Severe burning
sensation and
discomfort when
urinating

Increased Present None None

4

Severe burning
sensation and
discomfort when
urinating

Normal None Type 1
diabetes

Insulin aspart
(Novolog) via
pump

5
Severe burning
sensation limiting
quality of life

Increased None Type 1
diabetes

Insulin aspart
(Novolog) via
pump

6
Severe burning
sensation limiting
quality of life

Increased Present Type 1
diabetes

Insulin aspart
(Novolog) via
pump

Panel B: Stage 2

7
Occasional burning
sensation when
urinating

Normal None None None

8
Occasional burning
sensation when
urinating

Normal None None None

9
Occasional burning
sensation when
urinating

Normal Present None None

Note: Within each stage, vignettes are presented in randomized order. Patient age and test result are
randomized independently of the vignette characteristics shown and are therefore omitted. All Stage 2
vignettes present mild symptoms with no comorbidity or active prescription, replicating Vignette 1 to increase
power for the test presented in Table 8.
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Table A3. Mental model statements by treatment arm

# Label AI treatment Dipstick treatment
1 Informs current health

status
The AI tool can provide me with
information about an individual pa-
tient’s current health status.

The dipstick test can provide me
with information about an individ-
ual patient’s current health status.

2 Optimally analyzes
data

I believe that the AI tool optimally
analyzes information about a pa-
tient’s UTI status from the dipstick
test and the patient records.

I believe that the dipstick test opti-
mally analyzes information about a
patient’s UTI status from the urine
sample.

3 Understand how it
works

I have a good understanding of how
the AI model analyzes patient data
to generate its prediction.

I have a good understanding of how
the dipstick test analyzes a urine
sample to produce its result.

4 Based on informative
data

I believe that the data used by the
AI tool (patient records, dipstick
result) is informative about a pa-
tient’s current UTI status.

I believe that the urine sample is
informative about a patient’s cur-
rent UTI status.

5 Uncertain how to use
results

I am uncertain how to incorporate
the AI-generated prediction result
into my diagnostic assessment.

I am uncertain how to incorporate
the dipstick test result into my di-
agnostic assessment.

6 Accuracy varies by pa-
tient type

I am concerned that the accuracy
of the AI tool may vary across dif-
ferent types of patients.

I am concerned that the accuracy
of the dipstick test may vary across
different types of patients.

7 Results influenced by
producer

I believe that the result of the AI
tool is influenced by the designer of
the algorithm to influence my treat-
ment decision according to their
objectives.

I believe that the result of the dip-
stick test is influenced by the manu-
facturer to influence my treatment
decision according to their objec-
tives.

Notes: This table shows an overview of the statements used in the mental model module, along with the full
item wording. Participants are asked to evaluate agreement with each of the seven statements (either regarding
the AI or the dipstick signal, depending on treatment arm) on a Likert scale from 1 (strongly disagree) to 5
(strongly agree).
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Table A4. Description of additional variables

Variable Description Data source

Panel A: Clinical practice and patient pools

Share of in-person consultations Share of all consultations conducted face-to-face. SSSY

Share of tele-consultations Share of consultations conducted by telephone. SSSY

Share of email consultations Share of consultations conducted via email. SSSY

Share of video consultations Share of consultations conducted via video. SSSY

Total consultations Total number of consultations. SSSY

Dipstick claims per consultation Number of dipstick tests billed divided by total consulta-
tions.

SSSY

Culture claims per consultation Number of urine culture tests billed divided by total con-
sultations.

SSSY

Microscopy claims per consultation Number of microscopy tests billed divided by total con-
sultations.

SSSY

Antibiotic prescribing rate Total antibiotic prescriptions divided by total consulta-
tions.

LMDB

Matched antibiotic prescribing rate Antibiotic prescribing rate matched to the population of
vignette patients: Total number of UTI-indicated antibi-
otic prescriptions divided by total consultations. Both
prescriptions and consultations are restricted to female
patients aged 20 to 35.

LMDB

Second-line antibiotic use for UTI Number of UTI-indicated antibiotic prescriptions that are
not guideline-recommended first-line treatments (pivme-
cillinam, nitrofurantoin, or trimethoprim), divided by the
total number of UTI-indicated antibiotic prescriptions.
Guideline recommendations are provided by the Danish
College of General Practitioners (Dansk Selskab for Almen
Medicin 2020).

LMDB

Avoidable hospitalizations for UTI Number of hospitalizations with UTI-related primary care
sensitive diagnostic codes from patients whose primary
care clinic had billed a consultation claim up to two weeks
prior to the hospitalization event, divided by total con-
sultations. We only consider the closest match between
consultation and hospitalization for each clinic, patient,
and hospitalization event; however, the same hospital-
ization event may be matched to multiple primary care
clinics. To identify UTI-related avoidable hospitalizations,
we use the International Classification of Diseases (ICD)
codes from Carey et al. (2017)

SSSY, LPR

Average age of patients Mean patient age across consultations. SSSY, CPR

Share of patients from Denmark Fraction of consultations with patients registered as resi-
dents of Denmark.

SSSY, CPR

Share of female patients Fraction of consultations with female patients. SSSY, CPR

Panel B: Physician characteristics

Number of physicians Total number of physicians affiliated with the clinic. YDER

Single physician clinics Indicator equal to 1 if the clinic has only one physician. YDER

Average age of physicians Mean physician age within the clinic. YDER, CPR

Share of female physicians Fraction of physicians who are female. YDER, CPR

Clinic location in major city Indicator for clinics located in municipalities with more
than 100,000 inhabitants: Copenhagen/Frederiksberg,
Aarhus, Odense, or Aalborg.

YDER

Clinical practice variables are constructed from primary care claims (SSSY) and prescription records (LMDB). We identify consultations and
diagnostic use as follows using SSSY claim codes. Dipstick tests: 807101, 808155; urine culture: 807105, 807189; microscopy: 807102, 807103,
807122, 807123, 807169, 808156, 808157, 808165, 808166; in-person consultations: 800101, 800106; telephone consultations: 800109, 800201, 808294,
808618, 800501; email consultations: 800105, 800110; and video consultations: 800125, 804436. Antibiotic prescriptions are identified by Anatomical
Therapeutic Chemical (ATC) code J01, and UTI-related prescriptions are identified by indication codes 103 and 104. Avoidable hospitalizations for
UTI are identified from ICD-10 diagnostic codes: N10–N12, N13.6, N39.0.
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Table A4 – continued

Variable Description Data source

Panel C: Elicited preferences

Concern about antibiotic resistance Self-reported concern about antimicrobial resistance when
making prescription decisions, on a scale from 0 (not
concerned at all) to 10 (very concerned).

Survey

Weight towards own patients Amount (in 1,000 DKK) a physician claims for improving
care in their own practice out of a hypothetical 100,000
DKK fund, with the remainder donated to a charity sup-
porting vulnerable patients nationwide. Higher values
indicate greater weight on own patients relative to others,
proxying the perceived cost of the prescribing externality.

Survey

Risk preferences General willingness to take risks, on a scale from 0 (com-
pletely unwilling) to 10 (very willing).

Survey

Time preferences General willingness to forgo a present benefit for a larger
future benefit (patience), on a scale from 0 (completely
unwilling) to 10 (very willing).

Survey

Panel D: Additional variables constructed from the survey

Survey prescribing rate Share of the nine survey vignettes in which a physician
chooses to prescribe empiric antibiotic treatment at the
pre-signal stage, before observing any diagnostic signal.

Survey

Prescribing threshold Physician-level posterior-belief threshold above which the
physician prescribes, recovered from post-signal beliefs and
prescribing decisions across non-diabetic vignettes (rounds
1–3 and 7–9). Measured as the lower bound of the implied
threshold interval, i.e., the highest posterior belief at which
the physician does not prescribe (see Appendix C.3).

Survey

Preference-adjusted prescribing threshold Residual from a linear regression of the prescribing thresh-
old on fixed effects for survey-elicited preferences: concern
about antibiotic resistance (0–10), weight towards own
patients (in 10,000 DKK bins), risk preferences (0–10),
and time preferences (0–10). The preference-adjusted pre-
scribing threshold accounts for variation in the threshold
attributable to elicited preferences (see Appendix C.3).

Survey
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Table A5. Robustness checks

Main Underestimate dipstick accuracy Representativeness Controls

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Main Low sens. Low spec. Both
Reweighted:

clinical
practice

Reweighted:
clinical
practice

clinic char.

Only
single

physician
clinics

None Baseline
+ risk pref.

AI Tool -7.63∗∗∗ -7.86∗∗∗ -7.31∗∗∗ -5.53∗∗∗ -7.31∗∗∗ -7.00∗∗∗ -5.00∗∗ -7.62∗∗∗ -6.78∗∗∗

(0.96) (1.41) (1.22) (1.85) (1.45) (1.56) (2.09) (0.96) (1.57)
Vignette FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Patient age FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Risk pref. FE ✓

Baseline mean 18.48 17.93 17.92 16.07 18.44 18.32 17.01 18.48 18.32
N 2232 990 1404 564 2154 2070 426 2232 2070
Subjects 372 165 234 94 359 345 71 372 345

Notes: This table reports robustness checks for the estimated effect of the AI Tool treatment on absolute belief updating in Experimental Stage
1 (vignettes 1–6). Each column estimates the specification in Equation (1), with absolute belief updating as the outcome and the Dipstick
treatment as the baseline. Column (1) reports the main specification. Columns (2)–(4) restrict the sample to physicians whose prior beliefs about
dipstick sensitivity, specificity, or both are below the experimentally provided values. Columns (5)–(6) reweight respondents using stabilized
inverse-probability weights, estimated from a clinic-level logit model of inclusion in the analysis sample using the full clinic population. Column
(5) uses weights based on clinical-practice and patient-pool characteristics; Column (6) additionally includes clinic characteristics. Column
(7) restricts the sample to single-physician clinics. Columns (8)–(9) vary the control set, with Column (8) omitting the baseline fixed effects
and Column (9) adding risk-preference fixed effects. Baseline mean refers to the Dipstick treatment in the corresponding estimation sample.
Standard errors are clustered at the physician level and shown in parentheses.
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Table A6. Signal correlation: Belief updating by Correlated vs Uncorrelated and AI
vs Dipstick treatments

Uncorrelated treatment Correlated treatment

(1) (2) (3) (4)
1st stage: AI

80/60
1st stage: Dipstick

90/70
1st stage: AI

80/60
1st stage: Dipstick

90/70

Positive signal 35.1∗∗∗ 46.8∗∗∗ 35.6∗∗∗ 49.0∗∗∗

(2.56) (2.80) (2.70) (3.09)
Constant -13.0∗∗∗ -13.8∗∗∗ -13.9∗∗∗ -11.2∗∗∗

(1.78) (2.44) (2.27) (2.77)
Vignette FE ✓ ✓ ✓ ✓
Patient age FE ✓ ✓ ✓ ✓

Baseline mean 5.86 10.57 4.50 8.84
N 273 312 264 267
Respondents 91 104 88 89

Notes: This table reports belief updating in Experimental Stage 2, separately for the Correlated and
Uncorrelated treatments and separately for whether an individual was in the AI or the Dipstick treatment
in the first stage of the experiment. For individuals who were in the AI treatment in the first stage, the
sensitivity/specificity of the AI signal in the second stage is 80%/60%. For those who were in the Dipstick
treatment in the first stage, the sensitivity/specificity of the AI signal in the second stage is 90%/70%. The
table reports estimates from the signed belief-updating specification in Equation (3), which regresses the
change in beliefs on an indicator for a positive signal (vs. negative). Standard errors are clustered at the
physician level and shown in parentheses.
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Table A7. Signal correlation: Belief updating (only adopters)

Panel A: Bayesian updating

(1) (2)
Correlated Uncorrelated

δprior 0.67∗∗∗ 0.68∗∗∗

(0.051) (0.042)
βPos 1.34∗∗∗ 0.77∗∗∗

(0.11) (0.057)
βNeg 0.93∗∗∗ 0.57∗∗∗

(0.061) (0.035)

N 432 462
Respondents 144 154

Panel B: Signed belief updating

(1) (2)
Correlated Uncorrelated

Positive signal 47.0∗∗∗ 43.8∗∗∗

(2.31) (2.20)
Constant -12.9∗∗∗ -13.8∗∗∗

(2.05) (1.78)
Vignette FE ✓ ✓
Patient age FE ✓ ✓

N 432 462
Respondents 144 154

Notes: This table reports belief updating in Exper-
imental Stage 2, separately for the Correlated
and Uncorrelated treatments, restricted to re-
spondents who are classified as adopters. Adoption
is defined as updating beliefs by more than three
percentage points in at least half of the first-stage
vignettes (see Section 4.2). Panel A reports esti-
mates from the Bayesian updating specification in
Equation (2), which regresses posterior beliefs on
the prior and the likelihood ratio implied by the
joint AI and dipstick signals. Panel B reports esti-
mates from the signed belief-updating specification
in Equation (3), which regresses the change in beliefs
on an indicator for a positive signal (vs. negative).
Standard errors are clustered at the physician level
and shown in parentheses.
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Table A8. Signal correlation: Belief updating (excluding physicians who distrust AI’s use of
the dipstick)

Panel A: Bayesian updating

(1) (2)
Correlated Uncorrelated

δprior 0.73∗∗∗ 0.68∗∗∗

(0.055) (0.049)
βPos 1.42∗∗∗ 0.79∗∗∗

(0.13) (0.062)
βNeg 0.95∗∗∗ 0.58∗∗∗

(0.072) (0.039)

N 372 456
Subjects 124 152

Panel B: Absolute updating

(1) (2)
Correlated Uncorrelated

Positive signal 45.0∗∗∗ 43.1∗∗∗

(2.67) (2.24)
Constant -11.9∗∗∗ -12.8∗∗∗

(2.18) (1.84)
Vignette FE ✓ ✓
Patient age FE ✓ ✓

N 372 456
Subjects 124 152

Notes: This table reports belief updating in Exper-
imental Stage 2, separately for the Correlated
and Uncorrelated treatments, excluding respon-
dents who agree or strongly agree with the statement
that their “interpretation of the dipstick result is
more accurate than how the AI tool incorporates it
into its prediction.” Panel A reports estimates from
the Bayesian updating specification in Equation (2),
which regresses posterior beliefs on the prior and the
likelihood ratio implied by the joint AI and dipstick
signals. Panel B reports estimates from the signed
belief-updating specification in Equation (3), which
regresses the change in beliefs on an indicator for a
positive signal (vs. negative). Standard errors are
clustered at the physician level and shown in paren-
theses.
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B Appendix Figures

Figure A1. Distribution of prior beliefs about dipstick sensitivity and specificity
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Notes: These figures show histograms of the distribution of participants’ prior beliefs about the dipstick test’s
sensitivity and specificity. Vertical lines represent experimentally fixed values (sensitivity 80%, specificity
60%). Number of observations (physicians): 372.
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Figure A2. Relationship between survey prescribing and observed antibiotic prescribing

Outcome: Matched antibiotic prescribing rate
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Notes: The figure shows a binscatter plot of the relationship between the physicians’ antibiotic prescribing in
the survey experiment and observed clinic-level antibiotic prescribing constructed from the administrative
data. Survey prescribing is constructed as the rate of prescribing an empirical antibiotic treatment in the
survey vignettes, prior to receiving any diagnostic signal. The observed prescribing rate is measured as the
number of antibiotic prescriptions for urinary tract infections (UTI) per consultation for the vignette patient
population of female patients aged 20 to 35. See Appendix Table A4 for variable descriptions. Each dot in the
figure shows the average observed prescribing within a decile of survey prescribing. The box reports estimates
from one regression of observed prescribing on quartiles of the survey prescribing rate, with the first quartile
as the reference group. Standard errors are shown in parentheses. Number of observations: 359 physicians
(from 333 clinics).
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Figure A3. Mental models of the AI tool (closed-ended questions)

1: Informs current health status

2: Optimally analyzes data

3: Understand how it works

4: Based on informative data

5: Uncertain how to use results

6: Accuracy varies by patient type

7: Results influenced by producer

0 .2 .4 .6 .8 1 -.2 -.1 0 .1 .2
Share agreeing Coefficient

Agreement Predicts adoption

Notes: Sample restricted to respondents assigned to the AI Tool treatment. The left panel shows the share
of physicians who agree or strongly agree with the respective statement. The right panel reports coefficient
estimates from separate OLS regressions of an AI-adoption indicator on the z-standardized agreement with the
respective factor (z-standardized by subtracting the AI group mean and dividing by the standard deviation).
AI adoption is defined as updating beliefs by more than three percentage points in at least half of the vignettes
(see Section 4.2). Horizontal lines denote 95% confidence intervals. Number of observations (physicians): 179.
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Figure A4. Preference for receiving AI and dipstick signals separately

Important to see underlying dipstick
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Notes: The figure shows the distribution of physicians’ agreement with three statements about receiving the
AI and dipstick signals separately. Responses are measured on a scale from 1 (strongly disagree) to 5 (strongly
agree). Number of observations (physicians): 372.
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C Data Appendix

C.1 Survey mental models

We elicit participants’ mental models of the diagnostic signals first using open-ended
responses, followed by closed-form survey items.

We categorize the open-ended responses using structured codebooks developed
separately for the AI and dipstick treatment arms. We use the same coding categories
across treatment arms whenever possible. In both the AI and dipstick arms, we code
whether respondents describe the signal as informative; refer to its accuracy; raise
concerns about bias, heterogeneous performance across patients, or non-optimal tool
performance; use the signal only to confirm their own assessment; or instead emphasize
anamnesis and own clinical experience. In addition, we code tool-specific considerations:
for the AI tool, uncertainty about how to incorporate the prediction, use of additional
patient data, black-box prediction, convenience, a preference for seeing the dipstick
result, and the need for other diagnostics; and for the dipstick tool, sampling problems
and a preference for other dipstick indicators such as nitrite, blood, glucose, or ketones.
The categories are not mutually exclusive. Each response was coded independently
by three coders, and we classify that a category is mentioned if at least two coders
assigned it.

The closed-form statements probe respondents’ mental models in a more structured
way, including their perceptions about the source data (urine sample for the dipstick;
dipstick results and patient records for the AI tool), the process by which results are
generated (chemical reaction versus algorithmic prediction), the role of third parties
(the dipstick producer or the algorithm designer), and the quality of the output. All
closed-form statements are listed in Table A3.

C.2 Administrative data sources

Our administrative data cover the full population of Danish citizens and primary
care clinics, provided by Statistics Denmark and the Danish Health Data Authority
(Sundhedsdatastyrelsen). We construct the population of primary care clinics using the
national clinic register in September 2025 (Yderregister, YDER).

We use the Central Person Register (Det Centrale Personregister, CPR) to obtain
basic demographic information on patients in 2024. For clinics in the Yderregister, we
observe 2024 patient purchases of prescribed antibiotics from Lægemiddeldatabasen
(LMDB) and 2024 primary care insurance claims from Sygesikringsregisteret (SSSY).
Data can be linked using unique individual and clinic identifiers.

The Yderregister is maintained by the Danish Health Data Authority. Note that
we sent survey invitations using a different register, which is maintained by Medcom
(MedCom 2025), an organization owned by the Danish Ministry of the Interior and
Health, Danish Regions, and Local Government Denmark. However, more than 95% of
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invited clinics can be matched to the Yderregister. For survey respondents matched
to the administrative data (. respondents from 333 clinics), we construct clinic-level
measures of clinical practice. For a subset of 345 respondents from 320 clinics, we can
additionally construct clinic-level average physician characteristics. Variable definitions
are reported in Table A4.

C.3 Prescribing thresholds as proxies of diagnostic skill

We combine physicians’ treatment decisions and their stated beliefs from the survey
experiment to construct physician-level prescribing thresholds. Below, we present a
framework under which these thresholds measure diagnostic skill.

Utility setup. Physician i faces patient j with true infection status ωj ∈ {0, 1},
where ωj = 1 denotes bacterial UTI, and chooses whether to prescribe an antibiotic,
dij ∈ {0, 1}. Let pij = Pr(ωj = 1 | Iij) be the physician’s posterior belief that
the patient has a bacterial UTI, given information Iij. Normalizing the loss from a
correct decision to zero, a false positive incurs costs cFPi > 0 from unnecessary use and
contribution to antimicrobial resistance, while a false negative incurs costs cFNi > 0,
reflecting harm from a missed infection. This implies the following loss function:

Li(dij, ωj) =


0 if dij = ωj,

cFPi if dij = 1, ωj = 0,

cFNi if dij = 0, ωj = 1.

Expected losses are cFPi (1− pij) from prescribing and cFNi pij from not prescribing. The
physician prescribes if and only if cFPi (1−pij) ≤ cFNi pij , yielding the following threshold
rule:

dij = 1 ⇐⇒ pij ≥ τprefi , τprefi =
cFPi

cFNi + cFPi
.

This preference threshold τprefi rises in cFPi and falls in cFNi . Thus, physicians who place
greater weight on the costs of antibiotic resistance have higher thresholds, while those
who place greater weight on the costs of untreated infection have lower thresholds.

Diagnostic uncertainty and cost asymmetry. Assume that a physician with imperfect
skill does not know her most informative posterior p∗ij with certainty. Her stated belief
pij is a point estimate, and she treats p∗ij as lying in a symmetric ambiguity set,
Pij(δi) = [pij − δi, pij + δi], where the radius δi ≥ 0 is smaller for more skilled
physicians. Assume the physician minimizes worst-case expected loss over Pij(δi). The
worst case under prescribing is pij − δi (unnecessary prescription most likely), and
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under no prescribing pij + δi (missed infection most likely):

max
p∈Pij

L(1, p) = cFPi (1− (pij − δi)), max
p∈Pij

L(0, p) = cFNi (pij + δi).

Finally, assume cost asymmetry, cFNi > cFPi for every i. Such cost asymmetry
is natural in the UTI context, where an untreated infection can progress to serious
consequences for the patient, such as pyelonephritis or sepsis, while an unnecessary
antibiotic course carries harm primarily through its contribution to population-level
antibiotic resistance.

Decisions under diagnostic uncertainty. The physician prescribes when the worst-
case loss from not prescribing exceeds that from prescribing, cFNi (pij + δi) ≥ cFPi (1−
pij + δi). Rearranging, the physician prescribes whenever her posterior is above her
effective prescribing threshold, pij ≥ τ effi , where:

τ effi =
cFPi

cFNi + cFPi︸ ︷︷ ︸
τprefi

− cFNi − cFPi
cFNi + cFPi︸ ︷︷ ︸

>0 under cFN
i >cFP

i

· δi.

The effective threshold thus equals the preference threshold minus a term proportional
to diagnostic uncertainty, where that term is strictly positive under cost asymmetry.
For any δi > 0, the effective threshold is below the preference threshold, τ effi < τprefi , and
the gap between both is increasing in δi: a low-skill physician with higher uncertainty
prescribes more aggressively than her stated preferences imply, lowering the prescribing
threshold to avoid the costs of an underestimated true infection probability. This result
relates to Chan et al. (2022), who show that less-skilled agents optimally operate at
lower effective decision thresholds conditional on preferences. In our setting, we observe
beliefs but not prior beliefs (i.e., baseline prevalence) or the ground-truth infection
state.

Empirical counterpart. We use post-signal beliefs and prescribing decisions from
all vignettes j from non-diabetic patients (vignettes 1–3 and 7–9), where the relative
benefit of treatment is similar across cases. The observed pairs (pij, dij) provide bounds
around the prescribing threshold:

τi ∈
(
max
j: dij=0

pij, min
j: dij=1

pij

]
,

where the lower bound is the highest posterior belief without a prescription, and the
upper bound is the lowest posterior at which the physician prescribes. If a physician
always (never) prescribes, we set the lower (upper) bound to zero (one). When the
bounds cross by more than 10 percentage points, we leave the threshold unidentified;
if they cross by less, we adjust them by widening each bound by 5 percentage points
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(truncated at [0, 1]), as such crossing likely reflects imprecision in the response (23
respondents). As our empirical measure of the prescribing threshold, τ̂i, we use the
lower observed bound, as a large number of respondents never prescribe and thus have
an uninformative upper bound of one (68 respondents). We obtain valid threshold
measures τ̂i for 279 physicians, of whom 138 are in the AI arm.

As prescribing thresholds also reflect preferences, we additionally report results
using a prescribing threshold that is residualized by survey-elicited preferences (concern
about antibiotic resistance, weight towards own patients, risk preferences, and time
preferences), in order to obtain a preference-adjusted measure.
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