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Abstract

We analyze how machine learning predictions may improve antibiotic prescribing in the

context of the global health policy challenge of increasing antibiotic resistance. Estimating

a binary antibiotic treatment choice model, we find variation in the skill to diagnose bac-

terial urinary tract infections and in how physicians trade off the cost of resistance against

antibiotic curative benefits. Counterfactual analyses show that providing machine learn-

ing predictions of bacterial infections to physicians increase prescribing efficiency. However,

to reduce antibiotic prescribing, by 8.9 percent, physicians must be incentivized. Our re-

sults highlight the potential misalignment of individual and social objectives in considering

prediction policy problems.
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1 Introduction

Antibiotic resistant infections are among the leading causes of death worldwide. Every year,

more people die due to antibiotic resistance than due to either breast cancer, HIV, malaria, or

opioid overdose.1 In 2019, an estimated 4.95 million deaths have been associated with antibiotic

resistance including an estimated 1.27 million directly attributable deaths (Laxminarayan 2022;

Murray et al. 2022).2

Antibiotics are vital pharmaceuticals for treating bacterial infections but their use is also con-

sidered the main driver of antibiotic resistance (Costelloe et al. 2010; WHO 2014; Adda 2020).

Hence, treatment decisions must solve a trade off between patients’ expected sickness cost under

diagnostic uncertainty and the external cost of increased antibiotic resistance.3 Policies have

focused mostly on affecting how physicians’ weigh the external cost, for example by making

their prescribing intensities salient (Hallsworth et al. 2016). Increasingly, digitization offers new

opportunities to improve health care diagnostics (Obermeyer and Emanuel 2016; Mullainathan

and Obermeyer 2021). Large-scale patient data and machine learning may help to curb an-

tibiotic resistance by reducing diagnostic uncertainty for bacterial infections. To design policy

interventions, it is crucial to quantify to what extent antibiotic misuse is driven by diagnostic

uncertainty as opposed to individual physicians’ socially inefficient trade-offs.

In this paper, we view the challenge of reducing antibiotic use through the lens of a prediction

policy problem (Kleinberg et al. 2015, 2018). We study antibiotic treatment decisions for 38,817

initial urinary tract infection (UTI) consultations in 180 primary care clinics in Denmark. UTI

are one of the most common classes of bacterial infections, and primary care accounts for 75

percent of prescriptions in Denmark (Danish Ministry of Health 2017).4 Due to the acute

nature of UTI, its symptomatic burden and risk of complications, immediate antibiotic therapy

is recommended.5 Therefore, physicians make treatment decisions prior to observing definitive
1See Murray et al. (2022) for estimates on the toll of antibiotic resistance and WHO Malaria

Fact Sheet (https://www.who.int/news-room/fact-sheets/detail/malaria), WHO Breast Cancer Fact Sheet

(https://www.who.int/news-room/fact-sheets/detail/breast-cancer), and WHO Opioid Overdose Fact Sheet

(https://www.who.int/news-room/fact-sheets/detail/opioid-overdose), accessed on 30 March 2022.
2In the US, 2.8 million antibiotic-resistant infections result in 35,000 deaths, $20 billion in health care costs,

and $35 billion in lost productivity per year (CDC 2013, 2019; Kwon and Powderly 2021).
3Improved diagnostics are a key factor in improving antibiotic use but investment in diagnostic technologies

is lacking, see WHO Antimicrobial Resistance Fact Sheet (accessed on 30 March 2022).
4Foxman (2002) reports 50 percent of women contract a UTI at least once in their lifetime. In the US, yearly

UTI-related health care costs, including workplace absences, are estimated at $3.5 billion (Flores-Mireles et al.

2015). In Denmark, 10 percent of all women have received antibiotic treatment for UTI (Bjerrum and Lindbæk

2015). In Europe, primary care accounts for 90 percent of all antibiotic prescriptions (Llor and Bjerrum 2014).
5For UTI, patients often seek medical attention when symptoms are already advanced, increasing the urgency
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test results, which become available after several days.6 Combining diagnostic outcomes from

microbiological laboratories with administrative data on individual patients, we see physicians

prescribe an antibiotic in 38 percent of initial consultations, which corresponds to the mean rate

of bacterial test results. However, bacterial test results and antibiotic prescribing decisions do

not match for a large share of patients, with significant variation across physicians.

To analyze physician decisions, we first gather observable information at the time of initial

consultation to predict the binary test outcome, whether significant bacteria are present or not,

using the machine learning algorithm XGBoost following Ribers and Ullrich (2022). We then

incorporate patient-specific machine learning predictions in a binary treatment choice model,

which follows two steps physicians take in treating patients. First, assessing the risk of a bac-

terial cause of infection depends on diagnostic skill. Physicians observe patient characteristics

and medical histories, amenable to machine learning methods, which they can relate to the

prevalence of bacterial UTI. Physicians also receive a signal from clinical assessment including

patients’ symptom descriptions and point-of-care tests which we do not observe. Physicians

may use both sources of diagnostic information to form beliefs about a patient’s sickness state.

Second, given their assessment, physicians decide whether to prescribe an antibiotic by weigh-

ing patients’ expected sickness cost while waiting for diagnostic certainty against the cost of

increased antibiotic resistance.

Estimating the model, we find significant heterogeneity in skill and payoffs across clinics.

Notably, we find clinical diagnostic skill is negatively correlated with physician age and positively

associated with the extent of point-of-care testing. In counterfactual policy evaluations, we

compare outcomes of a simple threshold-based decision rule with outcomes generated by the

model of payoff-maximizing physicians. We find that improvements induced by the threshold-

based decision rule, a reduction of 8.9 percent in prescribing and 22.5 percent in overprescribing,

are not only due to diagnostic information generated using machine learning. They are also

driven by imposing payoff weights which differ from estimated physician preferences. Hence, to

achieve reductions in antibiotic prescribing, physicians need to be incentivized in addition to

receiving improved diagnostic information.

to treat. The estimated short term cost of delaying treatment are six symptomatic days, including 2.4 days

of restricted activity (Foxman 2002). In 76 percent of community-acquired UTI patients, symptoms persist

without treatment (Ferry et al. 2004). Without treatment, natural progression of an infection can often lead to

hospitalization. In an evidence review, Grigoryan et al. (2014) conclude that immediate antimicrobial therapy is

recommended for bacterial UTI.
6In many common situations in health care, diagnostic results are delayed or unavailable but delaying treat-

ment decisions carries important costs (Cassidy and Manski 2019; Manski 2021); for example, in biopsies for

malignant tumors, testing for tuberculosis, or testing for SARS-CoV-2 virus.
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We find the best policy for a social planner depends on her weight on the antibiotic resistance

externality. If the social planner’s weight on the externality exceeds the mean physicians’ weight,

incentivizing physicians to reduce prescribing is necessary to maximize social welfare increases.

Yet, incentivizing physicians without improving diagnostic information leads to undertreatment

and welfare losses.

The remainder of the paper is organized as follows. Section 2 places our contribution in

the existing literature. Section 3 presents the institutional background and data. Section 4

documents heterogeneity in prescription decisions and Section 5 shows the machine learning

prediction results. Section 6 develops the model of physician prescription choice when skill and

preferences vary and Section 7 describes the empirical analysis. Section 8 presents the estimation

results, Section 9 describes counterfactual policy evaluations, and Section 10 shows robustness

checks. Section 11 concludes.

2 Prior literature

We contribute to several literatures. Machine learning methods and the increasing availability

of large-scale data have been shown to provide new opportunities to design welfare improving

solutions for policy problems with prediction at their core (Kleinberg et al. 2015, 2018; Agrawal

et al. 2018; Athey 2018; Kahneman et al. 2021). Prior work considers prediction policy problems

by replacing human decisions using threshold rules on prediction-based rankings. Kang et al.

(2013) assess how online reviews can help predict restaurants’ sanitary conditions for hygiene

inspections, Chalfin et al. (2016) evaluate prediction-based worker rankings for hiring and pro-

motion decisions, and Andini et al. (2018) assess household consumption response predictions for

the targeting of a tax rebate program. Kleinberg et al. (2018) evaluate potential improvements

of bail decisions using decision rules based on risk predictions, assuming that risk prediction skill

is homogeneous across judges. Dobbie et al. (2021) evaluate profit gains in lending decisions

when replacing loan examiners by a decision rule based on machine learning predictions.

Yet, evaluating the potential improvements of machine learning prediction-based policies over

human decisions is challenging because human decisions are outcomes of individual incentives

and prediction skills. Importantly, variation in observed decisions can be a result of variation in

both, as documented for radiologists by Chan et al. (2022). We extend their model to evaluate

ex ante whether the potential outcomes of prediction-based policies are due to rich data and

an ensuing superior prediction quality or the imposition of an altered objective function. Our

model also accommodates complementarities between human skill and machine learning, which

is becoming increasingly important to assess the value of machine learning (Brynjolfsson et al.
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2021).

In the context of health care provision, Bayati et al. (2014) use a prediction-based decision

rule to reduce hospital readmissions for heart failure. Hastings et al. (2020) predict the risk-

iness of opioid prescriptions and impose constraints on decisions based on predictions. Yelin

et al. (2019) predict molecule-specific antibiotic resistance probabilities, conditional on know-

ing which bacteria are present, and improve prescription efficiency by redistributing molecules

while holding the distribution of prescribed molecules fixed. Currie and MacLeod (2017) allow

for heterogeneity in skill but assume homogeneous preferences to evaluate the counterfactual of

reassigning C-sections from low- to high-risk pregnancies. Mullainathan and Obermeyer (2021)

analyze the role of average physician skill in testing for heart attacks, partly driven by physician

information that is unobserved and, hence, not amenable for use in machine learning. They

evaluate counterfactual rules that replace physician decisions by a prediction-based ranking. We

focus on the information physicians’ hold and the objective function they solve to shed light on

how socially desirable decision outcomes can be achieved.

Our work also relates to the literature identifying drivers of variation in health care provision.

Chandra and Staiger (2007) study heterogeneity in heart attack treatment driven by special-

ization due to learning and local knowledge spillovers, concluding that standardization could

lead to welfare losses. Chandra and Staiger (2020) find that inefficiencies in treatment for heart

attacks in hospitals are driven by hospitals’ expectations of their comparative advantage. They

conclude that standardization and information-provision to hospitals could increase efficiency.

Chan et al. (2022) find large heterogeneity in radiologists’ skill and preferences.

Abaluck et al. (2020) find that physicians fail to follow decision guidelines for prescribing

anticoagulants but not because they have superior diagnostic information. They propose that

individualized predictions can help improve decision-making. Standardization, for example,

by improving adherence to uniform decision guidelines, may be ineffective when skill is het-

erogeneous. Marquardt (2021) explores causes for diagnostic disparities in mental health and

finds disparities are largely driven by differences in underlying disease prevalence and physi-

cian decision-making. We measure heterogeneity in physician skill and payoffs to evaluate the

potential of enhancing physicians’ diagnostic information using individualized risk predictions.7

Finally, we contribute to the literature exploring demand side policies aimed at curbing an-

tibiotic resistance. This literature includes Laxminarayan et al. (2013) on prescription surveil-
7Rambachan (2021) proposes a non-parametric framework to identify human prediction quality from obser-

vational data using exclusion restrictions. Our parametric model provides a tractable way to separate the two

dimensions of diagnostic skill, which are essential for our counterfactual policy evaluation, and allows estimation

when samples may become small at the level of individual clinics.
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lance and stewardship programs, Bennett et al. (2015) on general practitioner competition in

Taiwan, Currie et al. (2014) and Das et al. (2016) on financial incentives for physicians in China

and India, Kwon and Jun (2015) on peer effects in Korea, Hallsworth et al. (2016) on communi-

cation of social norms in the UK, and McAdams et al. (2019) and McAdams (2021) on optimal

targeting of antibiotics. Huang and Ullrich (2021) use exogenous variation of physician-patient

assignment in Denmark and find that antibiotic prescribing style varies importantly across gen-

eral practice clinics. We analyze diagnostic information and preferences as sources of decision

noise, which is pivotal for designing and evaluating efficient policy measures.

3 Danish administrative data and laboratory tests

We use Danish administrative registry data that cover a vast array of information including

patient and patient household members’ detailed socioeconomic data as well as antibiotic pre-

scription histories, general practice insurance claims, and hospitalization records. Notably, the

coherent use of unique personal identifiers enables us to merge registries as well as connect

individuals to laboratory test results acquired from two major Danish hospitals.

3.1 The Danish health care system

Denmark has a universal and tax financed single payer health care system with general practition-

ers as the primary gatekeepers. Every Danish resident is allocated to a general practitioner by

a list-system within a fixed geographic radius around their home address. Patients can switch

physicians from their initial assignment at a small cost but most remain with their assigned

general practitioner. One important reason for this inertia are capacity constraints in general

practice as documented by Kristiansen and Sheng (2020). Huang and Ullrich (2021) provide

evidence that patients do not appear to select general practitioners systematically according to

their antibiotic use. Although general practice clinics operate as privately owned businesses, all

fees for services are collectively negotiated between the national union of general practitioners

and the public health insurer. Physicians do not generate earnings by prescribing drugs; these

are dispensed to patients at local pharmacies. In 2012, Denmark had 2,200 general practice

clinics with a median size of just above one general practitioner per clinic (Møller Pedersen

et al. 2012). General practitioners are responsible for prescribing approximately 75 percent of

the human consumed systemic antibiotics in Denmark (Danish Ministry of Health 2017).
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3.2 Danish national registries

The administrative data provided by Statistics Denmark covers the entire population of Denmark

between January 1, 2002, and December 31, 2012. The registries can be linked for all individuals.

For each person, we observe a comprehensive set of socioeconomic and demographic variables,

the complete prescription history of systemic antibiotics (Lægemiddeldatabasen), hospitalizations

(Landspatientregisteret), and general practitioner insurance claims (Sygesikringsregisteret).8 All

population-level administrative data can be linked using patients’ personal identifiers and gen-

eral practitioners’ clinic license numbers. Household member identifiers allow us to also link

administrative and laboratory data of patients’ family members.

The demographic data include gender, age, education, occupation, income, marriage and

family status, home municipality, immigration status, and place of origin. The data on sys-

temic antibiotic prescriptions contain slightly more than 35 million purchased prescriptions. We

observe the date of purchase, patient and prescribing clinic identifiers, anatomical therapeutic

chemical drug classification, drug name, price, indication of use, purchased package size, and

defined daily dose.9 The hospitalization data comprise all patient contacts with hospitals. The

data contain observations on hospitalizations of more than 2 million unique individuals per year

and include information on hospitalization admission and discharge dates, procedures performed,

type of hospitalization (ambulatory, emergency, etc.), primary and secondary diagnoses, and the

number of total bed days. Lastly, the insurance claims data cover all general practitioner clinic

services provided to the Danish population of patients. The claims data are comprised of ap-

proximately 100 million claims per year and include clinic and patient identifiers, the week of

consultation, and services used. For example, claims allow us to identify pregnant women from

mandatory pregnancy-associated examinations.

The administrative registers yield a vector xi of 1,215 predictor variables for patient i. The

predictor variables can be grouped into categories including patient characteristics and test tim-

ing, patient past prescriptions, patient past laboratory test results, patient past hospitalizations,

patient past general practice insurance claims, household members’ past prescriptions, house-

hold members’ past laboratory test results, household members’ past hospitalizations, household

members’ past hospitalizations, and household members’ past general practice insurance claims.

These historical data could, in principle, be observed by the physician at the time of testing.
8See Statistics Denmark (2012b,d,e,a,f,g,c,h,i) and The Danish Health Data Authority (2012a,b).
9While observing a purchase is not equivalent to observing a prescription, Koulayev et al. (2017) document

that prescription medication adherence is high in Denmark.
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3.3 Microbiological laboratory test results

Individual-level clinical microbiological laboratory test results comprise the central data set of

our analysis. We aim to predict a binary outcome indicating if bacteria were isolated when a

urine sample was acquired from a patient consulting a general practice physician. We acquired

clinical microbiological laboratory test results from Herlev hospital and Hvidovre hospital, two

major hospitals in Denmark’s capital region covering a catchment area of roughly 1.7 million

inhabitants, nearly one third of the Danish population, for the period of January 2010 to Decem-

ber 2012. The laboratory data provides the bacterial species and relevant antibiotic resistances

when bacteria are detected in a patient sample. In addition, patient and clinic identifiers as

well as information on the microbiological sample type, the test acquisition date, sample arrival

date at the laboratory, and test response date is provided. A total of 2,579,617 microbiological

samples are observed in the time period with submissions from both general practitioner clinics

and hospitals.

3.4 Analysis sample

We apply several restrictions to define the sample for our main analysis. Urine samples constitute

477,609 samples out of which 156,694 are submitted by general practitioners, treating commu-

nity acquired health conditions, the focus of our application. Firstly, we exclude 39,592 test

observations from pregnant women in our analysis as both the test decision, including manda-

tory tests during pregnancy, and the prescription decision cannot be compared to the typical

non-emergency patient. We also restrict the number of observations to focus on consultations

that constitute a first contact with a physician within the patient’s treatment spell. Hence, we

further exclude 43,413 test observations where the patient received a systemic antibiotic pre-

scription or was previously tested within 28 days prior to the sample acquisition date. The

full set of test results for machine learning comprises 68,295 urine samples taken during initial

consultations with men or non-pregnant women.

We use the sample year 2010 to tune the machine learning algorithm and predict test re-

sults for the sample years 2011 and 2012. We estimate our structural model at the clinic level

and require that clinics have at least 100 predicted test observations. The estimation sample

comprises 180 clinics and 37,817 test observations across 2011 and 2012.

Table 1 shows descriptive statistics for the 180 clinics included in the estimation sample,

based on the laboratory data used for estimation and the claims data comprising the population

of physician claims. The mean sample size per clinic is 210.1 initial consultation observations

with a laboratory test, comprising 168.6 unique patients. The number of patients per clinic, for
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whom a clinic is their primary general practitioner, is 3535.8, on average. In the two-year period

of our estimation sample, on average 473.5 unique patients received a urine dipstick diagnostic

in the sample period, which is performed at every urinary tract-related consultation in general

practice.

Table 1 Clinic-level summary statistics

Mean St.dev.

Microbiological laboratory data, tested patients

Initial consultations with laboratory test, per clinic 210.1 103.0

Unique patients with laboratory test, per clinic 168.6 77.2

Initial antibiotic prescribing rate 0.38 0.13

Bacterial rate 0.38 0.09

Laboratory test result delay in days 3.1 0.28

Claims data, all patients

Unique patients, per clinic 3,535.8 1,544.2

Unique patients with dipstick claim, per clinic 473.5 276.3

Unique patients with microscopy claim, per clinic 89.7 200.5

Clinics 180

Observations 37,817

Notes: This table reports the means and standard deviations across clinics for the

estimation sample in years 2011 and 2012.

Laboratory test procedures take two or more days during which general practitioners must

decide under uncertainty. In our sample, the mean waiting time was 3.1 days with a standard

deviation of 0.28 across clinics. Since we know the precise timing of urine sample acquisitions

and the test response date, we can determine whether physicians prescribe antibiotics with or

without knowledge of the test result. Before knowing the test result, physicians prescribe an

antibiotic in 38 percent of cases, on average. This rate corresponds to the true bacterial rate

of 0.38. We will see that the match between initial prescriptions and bacteria infections is

significantly lower than suggested by these matching averages.

By focusing on consultations during which physicians collected a urine sample for microbi-

ological laboratory testing, we ensure that definitive test outcomes are observed regardless of

the physicians’ prescription decisions. In turn, our results may not generalize to prescription

occasions that did not include microbiological testing. However, laboratory testing for bacterial
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UTI is common and indicated in clinical practice when point-of-care diagnostics are inconclu-

sive (Davenport et al. 2017). The 168.6 unique patients who received a laboratory diagnostic

correspond to 36 percent of patients with at least one urinary tract consultation.10 In Danish

general practice clinics, evidence suggests that the decision to send cultures to the laboratory

lack systematic patterns. Córdoba et al. (2018) find that cases typically defined as suspected

complicated UTI or rapid dipstick and microscopy test results do not predict the use of labora-

tory tests.

To see who is tested, we compare basic demographic information of all patients who received a

UTI-indicated antibiotic prescription in the clinics in our sample with the subset of patients who

received a laboratory test and an antibiotic prescription. For all patients with UTI-indicated

prescriptions between 2010 and 2012, the mean age is 54.5, the share of female patients is

84.8 percent, the share of patients with migration background, reflecting a group of patients

potentially less well known to Danish physicians, is 15 percent, and the share of patients living

in a single household is 53.1 percent. In our sample of tested patients, those who received a

prescription have a mean age of 49.4, are women in 85.3 percent of cases, 17.8 percent have a

migration background, and 51.6 percent live in single households. Individuals with a positive

bacterial test outcome have a mean age of 52.6, the share of females is 87.3 percent, 15.6 percent

have a migration background, and 54.6 percent live in single households.

4 Heterogeneity in prescription decisions

To describe heterogeneity in physicians’ treatment decisions, we view the diagnostic problem

through the lens of binary classification. For antibiotic prescribing at an initial consultation, the

true positive rate (TPR) is the share of patients prescribed an antibiotic out of all patients with

bacterial infections (positives). The false positive rate (FPR) is the share of patients prescribed

an antibiotic out of all patients without bacterial infections (negatives). Hence, the FPR is a

measure of overprescribing.

Figure 1 shows a heat map of clinics’ placement in the TPR-FPR space. We can directly

observe individual true and false positive rates and plot their location because we observe the

disease state for every tested patient irrespective of prescription decisions. Physician prescribing

relative to bacterial outcomes varies widely. Being located close to the origin is suggestive of

a large weight on the antibiotic resistance externality relative to individual patient sickness

cost, hence low levels of overprescribing but also low levels of appropriate prescribing. Being
10We observe the date of a laboratory test but not of a dipstick test or consultation claimed by a clinic. Hence,

we cannot compute the laboratory test rates based on a perfect patient-consultation match.
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located towards the top right corresponds to more intense prescribing to patients who have both

bacterial and non-bacterial test results, which suggests a low weight on the antibiotic resistance

externality relative to individual sickness cost.
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Figure 1: Heat map of clinics’ prescribing rates conditional on test result

Notes: To ensure required anonymization, this figure shows a heat map of the underlying scatter plot, with a

minimum of five clinics used for local means. Darker grey represents a higher density of clinics.

No clinics are below the diagonal which would indicate a higher rate of prescribing to negative

test results than to patients with positive test results. Along the diagonal physicians prescribe

equally to both groups indicating that they cannot distinguish the two. Moving away from the

diagonal towards the top-left is indicative of higher diagnostic skill in that physicians prescribe

more to the patients with infections than to those who do not have infections. At the extreme,

a physician with perfect diagnostic skill would prescribe to 100 percent of positive test results

and to 0 percent of non-bacterial test results.

The plot suggests that general practitioners in Denmark do well in avoiding prescribing to

non-bacterial cases while at the same time prescribing to a high share of bacterial infections.

Yet, the significant variation both perpendicular as well as parallel to the diagonal line suggest

there is variation in skill and preferences across physicians. Hence, policies may improve decision

outcomes by reducing variation in diagnostic prediction as well as incentivizing physicians to
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choose different trade offs.

5 Machine learning predictions

We build on results from Ribers and Ullrich (2022) to predict the probability m(xi) of a positive

microbiological test outcome that determines if a patient suffers from a bacterial UTI. We use

the extreme gradient boosting algorithm (XGBoost), which takes a rich set of individual patient

data xi available at the time of consultation as input (Friedman et al. 2000; Friedman 2001;

Chen and Guestrin 2016). The sample period in 2010 serves as training data and for tuning

the machine learning algorithm to optimize out-of-sample prediction quality. For prediction, we

create 24 monthly out-of-sample evaluation partitions from January 2011 to December 2012 and

use all data prior to the respective test partition as training data.11
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Figure 2: Bacterial test outcomes and machine learning predictions

Notes: This Figure plots initial consultations by observed bacterial rates and machine learning predictions of

laboratory test outcomes. Spheres represent averages over 100 tested patients sorted by predicted risk for the

estimation sample of 37,817 observations.

We illustrate the quality of the machine learning predictions by plotting the average test

results against the average predicted risk in Figure 2. Every sphere represents a bin containing

100 patients, with patients assigned to bins based on their predicted risk.12 Outcomes are
11Details on the implementation using XGBoost in R are described in Ribers and Ullrich (2022).
12Figure 6 in the Appendix A shows the corresponding results based on all observations in 2011 and 2012, that

is including clinics with fewer than 100 tested patients which we drop for the main analysis.
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close to the 45 degree line throughout the risk distribution, showing that, on average, the

algorithm correctly predicts bacterial risk. A common measure of prediction quality for binary

outcomes is the area under the receiver operating curve (AUC) for out-of-sample observations.

Our prediction function for positive bacterial test outcomes has an AUC of 0.723.

6 Treatment choice model

We propose a framework that combines machine learning predictions and general practitioner

treatment choices in a model that allows for heterogeneity in the payoff function and skill levels.

The model follows Chan et al. (2022) by separating the individual physicians’ treatment choice

problem from the preceding step of forming predictions. We depart from their model by intro-

ducing heterogeneous patient types, allowing for patients to vary in their likelihood of being sick

conditional on observable characteristics. Such characteristics may be observable to physicians

and can also be used to predict individual patient types using machine learning. Physician

skill manifests in two dimensions: diagnosis based on observable background information and

diagnosis based on clinical information available only to the physician. The distinction of these

two types of diagnostic skill and the payoff function in a model of physician prescription choice

provides a way to analyze the effects of counterfactual policies that improve diagnostic skill via

machine learning risk predictions or that manipulate physicians’ payoff functions.

Sickness

We define patient i’s binary sickness realization yi as determined by a latent index νi such that

the patient has a bacterial infection according to

yi = 1[νi > 0]. (1)

The latent patient index, νi, is normally distributed with mean τi, the patient’s type, such that

νi ∼ N (τi, 1). (2)

For physician j, patient types are distributed

τi ∼ N (τj , σ
2
τj ), (3)

where the physician-specific distribution of patient types accommodates variation in patients

assigned to general practice clinics based on location as well as physician differences in laboratory

testing decisions. We make no assumptions on the distribution of τj or σ2
τj across physicians.
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Prediction

When a patient consults a physician in clinical practice, the physician gathers information

about the patient’s true sickness state from two sources. First, from the individual patient’s

observable background information, that is, the patient type; and second, from instant clinical

examination.13 Physician j’s signal on patient i’s type is given by

ξij ∼ N (τi, σ
2
ξj
). (4)

where the variance σ2
ξj

represents physician diagnostic skill in making use of observable patient

characteristics and low signal variance reflects high skill. Clinical examination of patient i

provides a signal on the patient sickness state:

ηij ∼ N (νi, σ
2
ηj ). (5)

where the variance σ2
ηj represents physician clinical diagnostic skill and low signal variance again

reflects high skill. We assume the signals ξij and ηij are independent.14 That is, we assume that

information related to the observable patient-type specific disease prevalence is independent of

information acquired via clinical assessment, a dipstick or microscopy analysis, at an in-person

consultation. For example, knowledge of the difference in disease risk between an older and a

younger woman is independent of the assessment of a dipstick test, which signals the presence

of bacteria in the urine (St John et al. 2006).

Assuming a physician knows her own skill levels and her patient type distribution, her

posterior belief on the patient’s latent sickness realization conditional on type and diagnostic

signals is

νij | ξij , ηij , τj , σ2
τj ∼ N (µij , σ

2
j ), (7)

where the posterior mean µij and variance σ2
j are derived in Appendix B.

13Physicians acquire instant clinical diagnostic information by performing either one or both of the rapid diag-

nostic technologies available today: urine dipstick and microscopic analysis (Davenport et al. 2017). The dipstick

analysis is standard procedure but microscopic analysis requires additional equipment and specific training. Er-

rors in interpreting dipstick results and performing microscopic analysis introduce variation in diagnostic skill in

this setting (Holm et al. 2017), an observation documented in medical decision-making more generally (Hoffrage

et al. 2000; Pallin et al. 2014).
14The full covariance structure conditional on patient type is given by

νi

ηij

ξij

 | τi ∼ N



τi

τi

τi

,


1 1 0

1 σ2
ηj + 1 0

0 0 σ2
ξj


 (6)
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Treatment choice

A physician’s payoff function at an initial consultation reflects the trade off between a patient

suffering a sickness cost from delaying prescribing until a test result is available and a social cost

of prescribing associated with a potential increase in antibiotic resistance due to antibiotic use.

While the social cost is incurred for every antibiotic prescribed, the sickness cost of waiting is only

incurred by untreated patients suffering from a bacterial infection. Likewise, antibiotic treatment

is only curative and alleviates sickness if a patient suffers from a bacterial infection. We abstract

from the choice of antibiotic molecule and focus on the extensive margin in treatment decisions,

that is the decision whether to prescribe an antibiotic versus delaying or avoiding antibiotic

treatment altogether.15 Thus, the general payoff function at a patient’s initial consultation can

be written as

π(d, y;β) = −y(1− d)− βd, (8)

where d is an indicator for the decision to prescribe an antibiotic prior to observing the patient

test result.16 Note that we normalize the weight on the sickness cost, the first term in equation

(8), to one because the social cost of prescribing, β, can only be identified relative to the sickness

cost.17

Given her posterior sickness belief for patient i, physician j maximizes expected payoff and
15In our data, two molecules, Pivmecillinam and Sulfamethizole, account for 82 percent of all UTI-indicated

prescriptions. Conditional on observing a positive test result, Yelin et al. (2019) evaluate how prediction of

resistance probabilities can improve the choice of molecule using electronic health records from Israel. Kanjilal

et al. (2020) study a similar problem for an emergency department in the US.
16An alternative payoff function that would include the social cost of follow-up prescriptions to sick patients

who did not receive an initial prescription has the following form:

π(d, y;βj) = −y(1− d)− βjd− βj(1− ρ)y(1− d)

= −(1 + βj(1− ρ))y(1− d)− βjd

∝ −y(1− d)− β̃jd,

where ρ ∈ (0, 1) is the spontaneous recovery rate while awaiting test results and β̃j = βj/(1 + βj(1 − ρ)). The

term β̃j(1 − d)y is the social cost accrued from patients that did not get an initial antibiotic prescription but

did test positive for bacteria and were given a follow-up prescription if they did not spontaneously recover.

The counterfactual predictions using this payoff function are identical to our main specification and only the

interpretation of the weight on the externality changes.
17We refrain from using a monetary measure of these cost because existing research is lacking reliable estimates,

see Jit et al. (2020) for a recent survey. Hence, the parameter β is a composite measure of a physician’s subjective

assessment of the social cost of antibiotic resistance and her preference weight on this cost.
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proceeds to prescribe an antibiotic if

E{π(1, yi;βj) | µij , σj} > E{πj(0, yj ;βj) | µij , σj} ⇔ Φ

(
µij

σj

)
> βj , (9)

that is, if the expected sickness cost for the patient while awaiting the test result is larger than

the social cost of prescribing. We obtain the final prescription rule:

dij | µij , σj = 1[ µij > σjΦ
−1(βj) ≡ v∗j ]. (10)

The comparative statics with respect to βj are straight-forward. The larger a physician’s weight

on the antibiotic resistance externality relative to individual patients’ sickness cost, the less likely

she is to prescribe an antibiotic. The effect of the two skill parameters σξj and σηj is ambiguous

and can both increase or decrease the probability of prescriptions depending on patient type

and sickness realization.

7 Empirical Analysis

7.1 Identification

Identification of skill and payoffs relies on a key feature reflected in many medical treatment

decision contexts: the initial treatment decision must be made before test results from diagnostic

procedures become available. In our data, the waiting period for laboratory test results is

typically two to four days, averaging 3.1 days, after which the true sickness state of the patient

is revealed independent of the treatment decision. Consequently, we do not experience selection

on labels and observe the joint distribution of prescription decisions and sickness realizations

and also directly observe true positives, true negatives, false positives, and false negatives for

each patient consultation.

Chan et al. (2022) show that the composite skill parameter σj and the preference parameter

βj can be identified up to a normalized latent patient sickness distribution from observing a

decision maker’s TPR to FPR placement. Their model generates a unique receiver operating

characteristic (ROC) curve as a function of σj . The ROC curve represents all possible trade-offs

attainable between the TPR and FPR for a given classification technology and once the ROC

curve is determined, the position along the curve reflects the physician’s preference weight, that

is, the exact choice of trade off between TPR and FPR.

This approach requires that patient type distributions are the same across clinics. Several

papers have employed random assignment designs with observed population-level disease preva-

lence to ensure this condition plausibly holds (Dobbie et al. 2021; Marquardt 2021; Chan et al.
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2022). When disease prevalence and the distribution of patient types vary across clinics, observ-

ing a physician’s aggregated location in the TPR-FPR space is not sufficient to identify skill.

The clinic’s patient type distribution is also needed. We estimate the patient type distribution

for each clinic using machine learning predicted risk as described in Section 7.2 and assume this

distribution is known by the physician.

With two-dimensional skill parameters σξj and σηj , the shape of a physician’s receiver op-

erating characteristic ROC curve is determined as a function of equation (3) combined with

equation (6). Simulated ROC curves and associated AUC values, the area under the ROC

curve, are shown in Figure 7 in Appendix F. Higher level of either skill dimension results in

higher AUC values from ROC curves shifted towards the top-left, implying better prediction

ability. The simulations also show that multiple skill levels can result in ROC curves that

cross the same TPR-FPR point, as a decrease in one skill can be compensated by an increase

in the other. To identify the physician’s unique skill pair, we make use of observed patient

types obtained from machine learning risk predictions. Physicians’ use of signals from patient

types versus signals from clinical examination results in different relative sorting of patients

on posterior risk in addition to an ROC curve crossing the observed TPR to FPR placement,

disentangling the two skill parameters. As an example, a physician relying exclusively on type

information will, in expectation, sort patients according to patient types only. Such a physician

would have E(di | τi, yi = 1) = E(di | τi, yi = 0) as no clinical information is used to distinguish

patients once types are observed. Alternatively, a physician making use of clinical examination

signals will have E(d | τi, yi = 1) > E(d | τi, yi = 0). The difference is increasing in patient type

signal noise and decreasing in clinical examination signal noise.

Having determined skill levels, the preference parameter βj is identified by the physician’s

observed TPR-FPR location along the ROC curve ranging from never prescribing (TPR,FPR) =

(0, 0) for β = 1 to always prescribing (TPR,FPR) = (1, 1) for β = 0.

7.2 Patient type distributions

The distributions of patient types are a priori not observable to us and determined by physi-

cians’ propensities to test patients. To infer clinic-specific distributions, we define the structural

parameters τj = E[τi(j)] and σ2
τj = Var[τi(j)] for the set of patients consulting clinic j. We

use machine learning predictions, m(xi), to recover individual patient types by inversion as

τi = Φ−1(m(xi)), where Φ(·) is the standard normal CDF. By the analogy principle, we esti-

mate τ̂j =
1
Nj

∑
i∈Ij τi and σ̂2

τj =
1

Nj−1

∑
i∈Ij (τi− τ̂j)

2, where Ij is the set of patients consulting

clinic j, Nj is the number of patients at clinic j.
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It is important for identification that machine learning predictions are not systematically bi-

ased. We cannot test predictions for individual patients but if machine learning predicted patient

types are true, the physician-level number of sickness realizations follows the Poisson-Binomial

distribution, which is the distribution of the sum of successes for non-identical independent

Bernoulli trials. We test whether the physician-level sum of sick patients corresponds to the

patient type predictions. The procedure for this test is described in Appendix C. Using this

two-sided test of the observed number of patients with a bacterial infection, we cannot reject

machine learning patient type predictions for 149 out of 180 physicians, that is 83 percent, at the

five percent level. In robustness checks, we will leave out physicians for whom this test rejects

the patient risk predictions.
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Figure 3: Clinic-specific bacterial rates and machine learning predicted risk

Notes: Fractional polynomial fit of the observed clinic-specific bacterial rates and mean machine learning pre-

dicted risk. Grey lines show 95 confidence intervals. Panel 3b is based on the sample of 149 clinics for which

we cannot reject machine learning patient type predictions at the five percent level for the two-sided test of the

Poisson-binomial distributed sum of sick patients.

To inspect potential bias of machine learning predictions graphically, Figure 3 shows the fit

of clinic-level mean bacterial rates and mean predicted risk using fractional polynomials. Figure

3a is based on all 180 clinics. Figure 3b is based on the sample of 149 clinics for which we

cannot reject machine learning patient type predictions at the five percent level. Both lines are

centered at 0.4 and follow the diagonal, suggesting that risk predictions do not exhibit bias at

the clinic-level. For the restricted sample of clinics in Figure 3b the fitted line almost perfectly
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overlaps with the diagonal.

We can also investigate plausible channels through which bias in predictions might be in-

troduced. Notably, the initial test decision may depend on unobservables correlated with the

sickness state.18 For example, Abaluck et al. (2016) show that variation in practice style drives

test yield, the bacterial rate of tested. Holm et al. (2021) analyze clinical management of UTI

in Denmark and document that symptom assessment of UTI in general practice is highly noisy.

Yet, rapid point-of-care diagnostics are known to help identify some bacterial strains but not

all.19

To investigate potential selective testing, we first inspect the balance of the types of bacteria

found in tests conditional on clinic-specific test yield. If skill varies with the signal physicians

receive from point of care tests and this simultaneously affects the decision to obtain a laboratory

diagnostic, we should see differing rates of bacterial strains across clinics with different test yield.

For example, if there is variation in the ability to spot E.coli bacteria in point of care tests, then

we would see variation in the share of E.coli prevalence across clinics with varying test yield.

We split clinics into two groups, above and below the median bacterial rate. The top panel

in Table 4 in Appendix D reports the observation-weighted shares of bacterial strains for these

two groups. The small differences across bacteria suggest some selection into testing based on

informative signals from point of care tests. We repeat the analysis by splitting the sample into

physicians above and below the mean of their residual test yield conditional on predicted risk.

Throughout, the differences become markedly smaller and fail to be significantly different from

zero at the five percent level across bacteria.

Physicians may also vary in their knowledge about the prevalence of antibiotic resistance

for specific patients or in the population. Such knowledge may influence the decision to use
18Bias may in principle also be introduced by patients’ selection of which physician to consult. In Denmark,

general practitioners are assigned by an individual’s residential address. Switching away from these default

assignments is possible but uncommon. One reason for the lack of switching is the small choice set patients

have in practice due to important capacity constraints in Danish general practice (Kristiansen and Sheng 2020).

Therefore, physicians treating UTI are almost completely determined by location of residence. The data we use

for prediction contain information about patients’ location of residence in addition to the described socioeconomic

and health data, allowing for the prediction algorithm to use this information. Using data from Denmark, Huang

and Ullrich (2021) provide evidence that patients do not sort into general practice clinics based on antibiotic

prescribing style.
19The ability to detect different bacterial strains varies across in-clinic diagnostics such as dipstick and micro-

scopic analysis. Nitrite dipstick diagnostics can help detect so-called gram negative organisms of which E.coli is

the most common for UTI. However, nitrite dipstick diagnostics can not detect bacterial strains such as Entero-

cocci, Staphylococci, and other organisms that do not convert nitrate to nitrite. Finally, virulence and severity

of disease can vary between bacterial strains (Flores-Mireles et al. 2015).
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laboratory diagnostics. For the five molecules commonly used to treat UTI, the bottom panel

in Table 4again shows small variation in resistance rates between clinics with low and high

test yield, Ej [y]. Comparing clinics below and above the median of deviations in mean test

yield and predicted risk, Ej [y]−Ej [m(x)], these differences become markedly smaller, providing

further evidence that information at the point of care, unobservable to us, is an unlikely driver

of selection into laboratory testing.

As an alternative to resistance test results, the choice of molecule at the initial consultation

may also be informative of physicians’ expectations about potential bacterial species or resis-

tances. The top panel of Table 5 in Appendix D shows that differences in the shares of molecules

prescribed between clinics with high and low test yield are small and mostly not statistically

significantly different from zero. The bottom panel of Table 5 shows differences in clinics’ use

of diagnostics. The number of laboratory test observations and usage intensity of point of care

tests such as urine dipsticks and microscopic analysis do not differ between clinics with low

versus high bacterial rates in tested patients.

In Tables 6 and 7 in the Appendix D, we find even smaller differences when restricting the

sample to the 149 clinics for which we cannot reject that the patient type distribution estimated

using machine learning predictions generated the observed sickness realizations. Overall, these

findings do not seem to support a strong point-of-care selection mechanism for the tested patient

pool, in particular after conditioning on predicted risk m(x). Hence, noisiness in the decision to

test may be large, for example influenced by variation in logistical and organizational constraints

in the management of general practitioner clinics.

7.3 Simulated maximum likelihood estimation

We estimate the model parameters separately for each clinic in two steps. In the first step,

described in Section 7.2, we recover the clinic-specific distribution of patient types in the form

of τ̂j and σ̂2
τj . In the second step, we estimate the model by simulated maximum likelihood

using observed data on prescription decisions, dij , sickness realizations, yi, and individual pa-

tient types, τi, recovered from machine learning predictions, m(xi). The simulated likelihood

contribution from a single observation is

Lij

(
dij | Θj , yi, τi, τ̂j , σ̂

2
τj

)
=

 Pr
{
µij > v∗j | Θj , yi, τi, τ̂j , σ̂

2
τj

}
if dij = 1

Pr
{
µij ≤ v∗j , | Θj , yi, τi, τ̂j , σ̂

2
τj

}
if dij = 0,

(11)

where Θ = {βj , σξj , σηj} and µij is computed based on simulated ξij and ηij conditional on the

physician’s prior, predicted patient type, and observed yi using the distributional assumptions

in equations (2), (4), and (5). Appendix E explains the procedure to simulate the probabilities
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in equation (11).

The joint log-likelihood for the two-step procedure is given by

ℓj(dj | Θj ,yj , τj) =
∑
i∈Ij

log
(
Lij

(
dij | Θj , yi, τi, τ̂j , σ̂

2
τj

))
, (12)

where dj , yj , and τj are vectors over prescription decisions, sickness realizations, and patient

types for all patients of clinic j. Physician skill and preferences are recovered for clinic j from

Θ̂j = argmin
Θj

ℓj(dj | Θj ,yj , τj). (13)

8 Estimation results

Table 2 reports the means and standard deviations of Θ̂j . The mean of σξj is markedly larger

than σηj implying that physicians rely more on clinical diagnostic information than on infor-

mation obtained from observing patient types. This result suggests that providing patient type

information in the form of machine learning predicted risk should improve physicians’ ability to

predict the bacterial cause of infections. The extent to which patient type and clinical diagnostic

information is used in decisions varies significantly between clinics, as reflected in the standard

deviations of the estimates of σξj and σηj . The mean value of 0.43 of the preference parameter

estimates suggests conservative physicians on average. The mean physician weighs the social cost

of increasing antibiotic resistance due to one antibiotic prescription slightly below one half the

health benefit of instantly giving an effective treatment to one patient. The standard deviation

of 0.08 reflects relevant heterogeneity in how physicians solve this trade-off.

Table 2 Distribution of parameter estimates

Mean (St.dev.)

Patient type distribution, τj -0.33 (0.18)

Patient type distribution, στj 0.46 (0.06)

Type signal noise, σξj 5.10 (4.29)

Diagnostic signal noise, σηj 2.13 (1.30)

Payoff function parameter, βj 0.43 (0.08)

Notes: This table reports the means and standard deviations

of the nonparametric distribution of parameter estimates over

180 clinics. The model is estimated separately for each clinic.
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Figures 8 to 10 in Appendix G show the distributions of parameter estimates. For anonymiza-

tion we show heat maps and do not report values in areas containing fewer than five clinics. The

distributions of both skill parameters σξj and σηj are concentrated in the area between 0 and 3.

Correlation between both parameters appears to be small across clinics. Yet, we find a relevant

number of physicians with very large σξj estimates. In Figure 8, physicians with estimated

σξj > 5 account for 40% of all physicians. This group does not appear to make particular use

patient type information encoded in observable data. Therefore, combining systematic informa-

tion in predictions m(xi) with valuable clinical diagnostic information used by these physicians

may substantially improve decisions. Figures 9 and 10 do not show a systematic relationship

between the estimated payoff weights and both noise parameters.

Figures 11 to 15 in Appendix H show projections of the physician-level parameter estimates,

sorted by mean parameter values, and their 95% confidence intervals computed by bootstrapping

at the physician-level.20 The confidence intervals for the estimates of the means and standard

deviations of patient type distributions, τj and στj , are narrow throughout the parameter range.

The confidence intervals of the skill parameter estimates are tight from below but increase in

the size of the estimated parameter values. While the estimates of σξj are noisy, the estimates of

σηj have tight confidence intervals throughout from below and wider upper confidence bounds

for large estimated parameter values.

We also investigate how well the model fits the data. Figure 16 in Appendix J shows the

distributions of the observed mean, over-, and underprescribing rates as well as their simulated

in-sample counterparts based on the parameter estimates. The simulated distributions closely

resemble the observed data.

8.1 Observed heterogeneity

To investigate potential sources of heterogeneity across clinics, we correlate parameter estimates

with observable clinic characteristics. For clinics with more than one physician, we aggregate

individual physician characteristics to the clinic level because prescriptions are observed for

clinics. Because the complete registry linking clinics with individual physician identifiers could

not be obtained, we can merge characteristics for a subset of 107 of the total of 180 clinics.

Linear regression results of the parameter estimates on clinic characteristics in Tables 9, 8,

and 10 in Appendix I show several interesting patterns. For the estimates of the noise parameter

for clinical diagnostic information, σ̂ηj , higher noise is associated with higher age of physicians

20For computational reasons, we do not retrain the machine learning algorithm for every bootstrap sample

and, hence, keep m(xi) fixed.
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working at the clinic. Noise is negatively associated with the share of female physicians. Higher

skill is also associated with higher propensity to perform point-of-care microscopic analyses

of urine samples, which reflect more extensive training for diagnosing bacterial urinary tract

infections. The number of physicians per clinic does not appear to be strongly correlated with the

clinical signal noise estimates. Several narratives would be consistent with these correlations. For

example, older physicians might rely more on their clinical experience and personal knowledge

of patients than on extensive diagnostic tests. Alternatively, they may be less likely to purchase

new diagnostic equipment and rely on clinical experience and existing tools they are accustomed

to.

We report results of the same regressions for the patient type signal noise parameter σ̂ξj

and the payoff parameter β̂j in Tables 9 and 10 in Appendix I. The correlation of σ̂ξj with

physician age is positive, similar to the result for σ̂ηj . In particular, the number of patients

per physician at a clinic is positively related with patient type signal noise. This result may

reflect that assessing patient type information from a patient’s background data requires time

and knowledge of patients. Serving a larger number of patients may induce physicians to spend

less time with each individual patient. For β̂j , the coefficients are close to zero and thus do not

provide plausible narratives for variation across clinics.

9 Counterfactual policy evaluation

We consider four counterfactual policies to assess how measuring preferences and information is

essential for understanding the potential of machine learning predictions to help achieve socially

desirable outcomes. For example, the estimated physician βj may differ from socially desirable

weights on the antibiotic resistance externality. If so, physicians’ adherence to prediction-based

decision rules must be enforced or incentivized. Without acknowledging heterogeneity and di-

verging incentives, improvements based solely on prediction-based decision rules may be mis-

takenly ascribed to improved prediction technologies instead of imposition of socially desirable

objectives. Policy approaches relying on improved predictive information while allowing full

discretion to expert decision makers may then fail to achieve policy objectives.

9.1 Decision outcomes

We evaluate policies by comparing the set of physicians’ counterfactual decision outcomes dCF

with the observed physician prescriptions d. For the full set of patients I across all clinics,
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changes in initial prescribing are defined by

∆d =
∑
i∈I

(dCF
i − di).

Changes in overprescribing, i.e. antibiotic prescriptions given to patients without a bacterial

infection, are defined

∆d¬y =
∑
i∈I

(dCF
i − di)(1− yi)

and changes in the number of initially treated bacterial UTI patients are defined

∆dy =
∑
i∈I

(dCF
i − di)yi.

Table 3 shows policy outcomes for the four counterfactual interventions.

The first counterfactual (CF1) serves as a benchmark, in which we reproduce a prescription

rule as in Huang et al. (2022). Here we do not make use of our choice model but instead

include the physician decisions as a predictor in the machine learning algorithm. In this policy,

prescriptions for patients with low predicted risk are delayed until test results are available.

All patients with high predicted risk receive prescriptions before test results arrive. Hence,

counterfactual decisions are determined by a threshold k and the rule dCF = 1[m(x, d) > k].

This type of policy closely follows the prior literature evaluating machine learning predictions

(Bayati et al. 2014; Chalfin et al. 2016; Kleinberg et al. 2018; Yelin et al. 2019; Hastings et al.

2020; Ribers and Ullrich 2022). Similar to this literature we focus on a solution for k that

guarantees a welfare increase to a social planner for all potential payoff weights βS ∈ [0, 1]. We

set k to maximize reductions in antibiotic use without changing the number of prescriptions

to bacterial infections, that is keeping ∆dy = 0. This policy relies on the assumption that

human discretion can be overruled or that decision makers adhere perfectly to prediction-based

prescription rules.

The first counterfactual policy reduces overall prescribing by 8.9 percent (1,291 prescriptions)

and overprescribing by 22.5 percent (1,291 overprescriptions) while, by construction, the change

in the number of prescriptions to bacterial infections is zero. The mechanism to achieve these

improved outcomes, improved information or manipulating payoffs, is unknown.

The policy in the second counterfactual (CF2) provides physicians with the machine learning

prediction of type τi for every patient and assumes that physicians use it without noise by

setting σξj = 0. In this counterfactual, the clinical diagnostic skill and the payoff function

parameters are held fixed. We find that overall prescribing slightly increases by 1.6 percent

(231 prescriptions) and overprescribing decreases by 8.0 percent (461 overprescriptions). The

number of treated bacterial infections increases by 7.9 percent (692 treated infections). Hence,
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Table 3 Counterfactual policy outcomes

ML redistribution Provide ML-based τi Incentives only

∆dy = 0

dCF = 1[m(x, d) > k]
σξj = 0

σξj = 0

βj = β̂j + κ1

βj = β̂j + κ2

Overall prescribing, ∆d, -8.9 1.6 -9.2 -8.9
in percent of Nd = 14, 490 [-9.9, -8.1] [1.2, 2.3] [-9.8, -8.4] [-9.9, -8.1]

Treated bacterial cases, ∆dy, 0 7.9 0 -6.6
in percent of Ndy = 8, 752 [7.3, 8.8] [-7.4, -5.9]

Overprescribing, ∆d¬y, -22.5 -8.0 -23.2 -12.4
in percent of Nd¬y = 5, 738 [-24.9, -20.3] [-8.8, -6.8] [-24.7, -21.6] [-13.7, -11.1]

Mean change in payoffs, 0.074 0.104 0.099 -0.005
1
J

∑J
j=1Wj(dj) [0.062, 0.081] [0.096, 0.112] [0.093, 0.106] [-0.009, -0.001]

Notes: This table reports changes to the status quo in percent across 180 clinics and 37.817 patients. The

left column shows further relevant absolute totals. The risk threshold for prescribing in counterfactual one

is k = 0.51 [0.50, 0.51]. We set κ1 = 0.034 [0.031, 0.037] to obtain ∆dy = 0 in counterfactual three and set

κ2 = 0.022 [0.018, 0.022] to obtain ∆d = −9.3 in counterfactual four. Bootstrapped 95 percent confidence in-

tervals in brackets.

the improved information on patient type provided to the physicians leads to more efficient

prescribing but fails to achieve the aim of reducing antibiotic prescribing overall. Comparing

these results with the redistribution policy in CF1, we conclude that the reductions in overall

prescribing and in overprescribing documented in the first counterfactual cannot be driven only

by a potential superiority of machine learning predictions over physicians’ diagnostic information.

In the third counterfactual (CF3), we again provide physicians with the machine learning

prediction of type τi for every patient and hold their clinical diagnostic information fixed. In ad-

dition, we increase the payoff parameter βj by a constant κ1 to maximize the reduction in overall

prescribing while holding the number of prescriptions to bacterial infections fixed. We define the

counterfactual payoff parameter as βj = β̂j + κ1, where setting κ1 = 0.034 [0.031, 0.037] attains

an overall reduction in prescribing by 9.2 percent (1,332 prescriptions) and in overprescribing by

23.2 percent (1,332 overprescriptions).21 This intervention could be implemented using nudges

or an antibiotic tax that shifts the relative weight on the social cost of antibiotic resistance and

a patients’ sickness cost of delayed antibiotic treatment. Compared with the redistribution pol-

icy in counterfactual one, the overall reductions in (over)prescribing are now similar. However,

clinic-level outcomes differ markedly between CF1 and CF3 which we will show in more detail
21Recalling that the mean estimated βj is 0.43, setting κ1 = 0.034 implies an increase in βj by 7.9 percent on

average.
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and discuss further below.

Finally, in the fourth counterfactual (CF4) we hold diagnostic information fixed along both

dimensions. Instead, we only increase βj by a constant κ2 = 0.022 [0.018, 0.022] such that

the same reduction in overall antibiotic use is attained as in the first counterfactual which

redistributes prescriptions based on predicted risk. We motivate this counterfactual by policies

that aim to raise awareness and increase the perceived social cost of antibiotic use due to

antibiotic resistance (Hallsworth et al. 2016). In this counterfactual, the reduction in overall

antibiotic use is 8.9 percent (1,291 prescriptions) by construction. However, overprescribing is

only reduced by 12.4 percent (579 overprescriptions). This intervention comes at the cost of

prescribing antibiotics to 6.6 percent fewer patients with a bacterial infection (712 fewer treated

infections). This finding shows how policies focusing only on preferences may do harm when

decisions are made under uncertainty. Physicians use antibiotics inefficiently because they mis-

predict risk and not only because they do not care about the problem of antibiotic resistance.

Hence, the improvement of diagnostic quality appears to play an important role for ensuring

sustainable reductions in antibiotic use.

These results illustrate the usefulness of separating the prediction and decision step in the

structural model. The effects of interventions attempting to incentivize behavior according to

social objectives can be considered independently from interventions aimed at purely improving

diagnostic information. This is in contrast to situations studied by Cowgill and Stevenson

(2020) in which algorithm outputs may be manipulated to communicate not only predictions

but also social objectives. They argue that such manipulations can lead to refusal by human

experts to use predictions. The framework we consider allows for interventions in which the two

channels, providing machine learning predictions to experts and incentivizing social behavior,

can be evaluated as complements.

9.2 Clinic-level payoffs

Table 3 also reports the mean change of physician payoffs in Equation (8) for each policy, defined

as

Wj(d
CF
j ) =

Πj(d
CF
j )−Πj(dj)

Π̄j −Πj(dj)
(14)

where Π̄j = −β̂j
∑

i∈Ij yi is the first best outcome realized if the physician only gives prescrip-

tions to patients with a bacterial infection and Πj(dj) =
∑

i∈Ij π(dij , yi ; β̂j) is the physician’s

payoff for the set of observed decisions dj . Payoff gains are largest for the counterfactual policy

which provides patient type information and smallest for the policy in which only incentives

are used. The policy increasing physicians’ weights on the externality and providing predic-
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tions generates gains which are nearly as large as the policy providing patient type information.

Redistributing prescriptions in the first counterfactual results in positive but lower gains than

policies that provide prediction information.
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Figure 4: Distribution of counterfactual payoff changes, Wj

Figure 4 shows the distribution of clinic-level changes in payoffs for all counterfactuals. For

the first redistribution policy, allowing for no physician discretion, a sizable share of clinics

has negative changes in payoffs. All clinics benefit from information provision in the second

counterfactual. When incentivized and given information, for example by imposing a tax on

antibiotic prescriptions, some clinics’ payoffs decrease even when given additional diagnostic

information. When only incentivized, the distribution of payoff changes is symmetric around

zero.

These results are intuitive given that information provision strictly improves efficiency while

changing physicians’ weights, or decisions altogether, conflicts with their preferences. This con-
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flict can hinder the use of a redistribution policy and require a more sophisticated policy design.

In particular, these results further demonstrate that in policy contexts where diagnostic infor-

mation is limited, manipulating incentives without improving information can lead to adverse

outcomes.

9.3 Clinic-level heterogeneity in decision outcomes

To investigate heterogeneity in policy outcomes further, we plot counterfactual changes in overall

antibiotic prescribing and in prescriptions to bacterial infections in Figure 17 in Appendix K.

The four heat maps show that redistributing prescriptions in the first counterfactual leads to

large heterogeneity in outcomes, including large increases in antibiotic prescribing as well as

in foregone treatment. Instead, providing predictions results in significantly more concentrated

counterfactual outcomes. Changing the preference parameter is effective in reducing antibiotic

use for almost all clinics but for most at the cost of fewer treated bacterial infections.

9.4 Social planner

Finally, taking the perspective of a social planner, we provide a ranking of counterfactual policies

based not only on reported counts of outcomes but on gains in payoffs given social preferences.

We calculate counterfactual welfare effects over the continuum of potential social planner pref-

erence parameter values βS ∈ [0, 1] as

W (dCF , βS) =
Π(dCF , βS)−Π(d, βS)

Π̄−Π(d, βS)
(15)

where Π̄ = −βS
∑

i∈I yi is the first best aggregate outcome over the full set of patients, I,

realized if and only if prescriptions are given to patients with a bacterial infection. Π(d, βS) =∑
i∈I π(dij(i), yi ; β

S) is the aggregated payoff function for the set of decisions d.

Figure 5 shows W (dCF , βS) over the full support of βS , revealing that the best policy depends

on the social planner’s weight on the antibiotic resistance externality. If the social planner’s

weight on the externality is small, below approximately the average estimated physician βj of

0.43, the counterfactual policy CF2, providing physicians with machine learning predictions

and leaving them full discretion, maximizes the social planner’s payoff gains. This is intuitive

because it is only welfare-increasing to reduce prescriptions below the observed levels of physician

prescribing if society places a sufficiently large weight on the resistance externality. Otherwise,

treating more bacterial infections becomes the more important objective.

If the social planner’s weight on the externality is larger than the average estimated physi-

cians’ weight, then welfare gains are larger for policies CF1 and CF3 which implement the social
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Figure 5: Counterfactual welfare for the social planner as a function of βS

planner’s objective function by replacing physician decisions or by manipulating physicians’

weights’ on the externality to reduce prescribing. If a policy only incentivizes physicians, as in

CF4, the change in social welfare is negative for βS below the mean estimated physician βj due

to a reduction in treated bacterial infections. If the social planner places a larger weight on

the externality, policy CF4 leads to positive welfare gains although below those of counterfactu-

als CF1 and CF3. Hence, counterfactual CF4 appears to be suboptimal throughout the social

planner preference range.

Policies targeting preferences may however be easier to implement in practice than policies

improving diagnostic information. Depending on social preferences, targeting preferences can be

worthwhile in the context we consider here. We find this can have adverse effects when diagnostic

information is limited. Our results suggest that the largest welfare gains can be achieved when

improved diagnostics and targeting physician preferences are seen as complementary policy tools.

10 Robustness checks

To assess the robustness of our results and qualitative conclusions, we estimate the model and

perform counterfactual policy evaluations for three alternative estimation samples. All results

are presented in Tables 11 to 16 in Appendix L.

We first reduce the sample from 180 to 149 clinics by removing those clinics for which we
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reject, at the five percent level, that the machine learning predictions generated the observed

sickness realizations based on the Poisson-binomial test described in Section 7.1. Table 11 shows

the distribution of parameter estimates is very close to the results for the full sample. The means

of both signal noise parameters are slightly smaller but the mean of the payoff parameter βj is

the same at 0.43. The counterfactual policy results in Table 12 are also very close to the main

results, with confidence intervals largely overlapping.

In the second robustness check, we increase the period prior to an observed consultation

based on which we define an “initial” consultation. In the main analysis, we require four weeks

without antibiotic treatment of laboratory testing. If this period is too short, we might include

patients who are currently in treatment. If so, physicians may hold private information about

the current treatment spell for a patient, which would affect the decision to use a laboratory test

as well as to prescribe an antibiotic. Extending this period to 12 weeks of no prior antibiotic

treatment or laboratory testing, we obtain slightly lower signal noise estimates and nearly the

same mean for the payoff parameter βj at 0.41. The counterfactual policy changes in Table 14

are slightly smaller but lead to the same qualitative conclusion as our main results.

Finally, we extend our sample to include physicians with at least 50 test observations, com-

pared to the minimum of 100 test observations in the full sample. For a significantly larger

number of 268 clinics, we obtain similar parameter estimates, reported in Table 15, with a mod-

erately larger mean estimate of the clinical signal noise parameter σηj of 2.36. The counterfactual

policy results in Table 16 again closely resemble the main results.

11 Conclusion

Antibiotic resistance is driving an increasingly pressing global health crisis, making efficient

antibiotic use a prime policy concern. Through the lens of this policy problem, we consider how

policies enabled by machine learning predictions can be evaluated when humans hold decision-

relevant, private information. It is typically difficult to determine whether private information

is complementary to or can be substituted by machine learning predictions. If such information,

or the skill required to obtain it, is difficult to measure and varying across decision makers,

assessing the added value of machine learning predictions ex ante is challenging. Field trials

may be designed to provide reliable assessments but are often difficult to implement for ethical,

legal, or practical reasons, particularly so in health care (Stern et al. 2022). Therefore, it is

important to develop model-based tools to evaluate potential implementations ex ante.

The specific setting we consider, antibiotic prescribing for suspected urinary tract infections,

resembles many situations in primary care provision and more generally expert decision prob-
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lems under initial uncertainty. Exploiting that we observe the true health outcome ex post,

we provide evidence that information generated by machine learning predictions and informa-

tion held by human experts can be complements. We further show that improved information

alone may not be sufficient to achieve socially desirable policy goals, requiring policies that com-

bine information-provision and incentivization. To fight antibiotic resistance, policy initiatives

should promote diagnostic innovations such as new rapid point-of-care tests and solutions using

large-scale patient data as well as incentive structures that curb antibiotic use.

Several important avenues for further research specific to the context of antibiotic prescrib-

ing remain. It would be worthwhile to encode further clinical information, for example, from

electronic health records, such as reported symptoms and results from in-clinic diagnostics to

further improve machine learning predictions. This would require combining electronic health

records with administrative data. Further research is needed to better understand experts’ po-

tential behavioral reactions to the introduction of prediction tools. An interesting question in

this regard is how to design information provision to physicians to achieve the policy objective

of reduced prescribing as discussed in Cowgill and Stevenson (2020). Results from such studies

may provide insights on how to optimally communicate machine learning predictions, to what

extent to explain prediction outcomes, and potential effects on decision makers’ incentives to

acquire information and expertise.

Data availability and the quality of prediction algorithms are improving at a rapid pace in

and beyond health care. The rate at which such technologies will be more broadly adopted and

productively exploited will depend on the kind and quality of human expertise it can complement.

Investment in prediction technologies as well as in human capital, while emphasizing policy

objectives, is key to induce welfare-improving technological progress.
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A Machine learning predictions for clinics with at least 100 con-

sultations in 2011-2012
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Figure 6: Bacterial test outcomes and machine learning predictions

Notes: This Figure plots initial consultations cases by observed bacterial rates and machine learning predictions

of laboratory test outcomes. Spheres represent averages over 100 tested patients sorted by predicted risk. Based

on the full sample of 50,037 patient test observations for 2011 and 2012 that does not exclude clinics below 100

patients.
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B Derivation of posterior distribution of νij

Assuming physician j has a normal prior on patient types, N(τj , στj ) and receives patient type

signal, ξij , as stated in equation (4), she forms posterior beliefs about patient i’s type

τij | ξij , τj , σ2
τj ∼ N(τ̃ij , σ̃

2
j ) (16)

where

τ̃ij =
τjσ

2
ξj
+ ξij σ̂

2
τj

σ2
ξj
+ σ2

τj

and σ̃2
j =

σ2
ξσ

2
τj

σ2
ξj
+ σ2

τj

. (17)

The physician’s latent sickness expectation conditional on the patient’s type signal is then given

by

νij | ξij , τj , σ2
τj ∼

∫ ∞

−∞
ϕ(νi | t, 1) ϕ(t | τ̃j , σ̃2

j ) dt = N(τ̃j , σ̃
2
j + 1), (18)

where ϕ(·) is the normal probability density function. Following a normal distributed signal on

the patient sickness state from clinical assessment, ηij , given in equation (5), the physician’s

posterior on the patient’s sickness realization becomes

νij | ξij , ηij , τj , σ2
τj ∼ N(µij , σ

2
j ) (19)

where

µij =
τ̃jσ

2
ηj + ηij(σ̃

2
j + 1)

σ2
ηj + (σ̃2

j + 1)
and σ2

j =
σ2
ηj (σ̃

2
j + 1)

σ2
ηj + (σ̃2

j + 1)
. (20)
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C Poisson-binomial probability function

The probability of observing n sick patients from Nj consultations with patient specific proba-

bility of being sick, m(xi), is given by

Pr

{ Nj∑
i=1

yi = n | m(x1), . . . ,m(xN )

}
=

∑
A∈F

Nj
n

∏
i∈A

m(xi)
∏
i∈Ac

(1−m(xi)) (21)

where F
Nj
n is the set of all subsets of n integers that can be selected from patient identi-

fiers {1, 2, 3, . . . , Nj}. Ac is the complement of A, i.e. Ac = {1, 2, 3, . . . , Nj} \A. For large

consultations numbers, Nj , it is not possible in practice to compute FN
n which will contain

Nj !/((Nj − n)!n!) elements. Instead, we approximate equation (21) following Hong (2013). We

proceed to compute the two-sided p-values for physician j using

pj = 2min

{
Pr

( Nj∑
i=1

Yi ≤
Nj∑
i=1

yi | m(x1), . . . ,m(xNj )
)
,

Pr
( Nj∑
i=1

Yi ≥
Nj∑
i=1

yi | m(x1), . . . ,m(xNj )
)}

.
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D Balance tables for main and restricted samples

Table 4 Balance of types of bacterial infection causes, main sample

median of Ej [y] Ej [y]− Ej [m(x)]

≥ Ej [y] < Ej [y] ∆ ≤ 0 > 0 ∆

Bacterial species isolated:

E. coli 0.70 0.73 0.028 0.70 0.72 0.018
(0.07) (0.06) (0.010) (0.07) (0.07) (0.010)

E. faecalis 0.07 0.05 -0.016 0.07 0.06 -0.009
(0.05) (0.03) (0.006) (0.04) (0.03) (0.006)

K. pneumoniae 0.04 0.04 0.005 0.04 0.04 -0.005
(0.03) (0.03) (0.004) (0.03) (0.03) (0.004)

S. agalactiae 0.05 0.04 -0.012 0.04 0.04 -0.004
(0.05) (0.02) (0.005) (0.04) (0.03) (0.005)

Others 0.15 0.14 -0.005 0.15 0.15 0.001
(0.05) (0.04) (0.007) (0.05) (0.05) (0.007)

Molecule-specific resistance:

Mecillinam (J01CA11) 0.23 0.20 -0.040 0.22 0.21 -0.018
(0.07) (0.04) (0.008) (0.06) (0.06) (0.009)

Trimethoprim (J01EA01) 0.22 0.21 -0.016 0.22 0.21 -0.012
(0.07) (0.05) (0.009) (0.07) (0.04) (0.009)

Sulfamethizole (J01EB02) 0.36 0.34 -0.026 0.35 0.35 -0.003
(0.08) (0.06) (0.011) (0.08) (0.06) (0.011)

Ciprofloxacin (J01MA02) 0.14 0.12 -0.018 0.13 0.13 -0.004
(0.06) (0.04) (0.008) (0.06) (0.04) (0.008)

Nitrofurantoin (J01XE01) 0.06 0.06 -0.005 0.06 0.05 -0.009
(0.04) (0.03) (0.005) (0.03) (0.03) (0.005)

Number of cases 18228 19589 19538 18279
Number of clinics 90 90 93 87

Notes: This table reports mean bacterial species and resistance rates for clinics above

and below the median of mean bacterial rates Ej [y] and mean deviations Ej [y]−Ej [m(x)].

Physician-level means and standard deviations are weighted by physician-level numbers

of observations. Molecules are antibiotics mainly prescribed for urinary tract infections

in Denmark, accounting for 92.5 percent of prescriptions in our sample, Pivmecillinam

and Sulfamethizole for 82 percent. For differences in italic, the null hypothesis of ∆ = 0

is rejected at the five percent level.
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Table 5 Balance of molecules initially prescribed and use of diagnostics, main

median of Ej [y] Ej [y]− Ej [m(x)]

≥ Ej [y] < Ej [y] ∆ ≤ 0 > 0 ∆

Molecule initially prescribed:

Pivmecillinam (J01CA08) 0.54 0.59 0.053 0.55 0.58 0.028
(0.18) (0.19) (0.028) (0.18) (0.20) (0.028)

Trimethoprim (J01EA01) 0.03 0.03 -0.001 0.03 0.02 -0.003
(0.04) (0.03) (0.006) (0.04) (0.03) (0.005)

Sulfamethizole (J01EB02) 0.25 0.27 0.013 0.25 0.27 0.017
(0.15) (0.19) (0.026) (0.17) (0.18) (0.026)

Ciprofloxacin (J01MA02) 0.05 0.03 -0.020 0.04 0.03 -0.015
(0.05) (0.03) (0.006) (0.05) (0.04) (0.006)

Nitrofurantoin (J01XE01) 0.04 0.04 -0.002 0.04 0.04 -0.005
(0.05) (0.05) (0.007) (0.05) (0.05) (0.007)

Use of diagnostics:

Test observations 244.4 275.1 30.7 261.8 258.7 -3.0
(109.3) (142.6) (18.94) (131.9) (124.9) (19.14)

Urine dipsticks per patient 0.24 0.24 0.003 0.24 0.24 -0.003
(0.13) (0.10) (0.017) (0.12) (0.11) (0.017)

Microscopy per patient 0.03 0.04 0.015 0.04 0.03 -0.003
(0.07) (0.08) (0.011) (0.08) (0.07) (0.011)

Number of prescriptions 5809 8681 6689 7801
Number of clinics 90 90 93 87

Notes: This table reports mean prescribed molecules and clinics’ usage intensity of di-

agnostics for clinics above and below the median of mean bacterial rates Ej [y] and mean

deviations Ej [y]−Ej [m(x)]. Physician-level means and standard deviations are weighted

by physician-level numbers of observations. Molecules are antibiotics mainly prescribed

for urinary tract infections in Denmark, accounting for 92.5 percent of prescriptions in

our sample, Pivmecillinam and Sulfamethizole for 82 percent. For differences in italic, we

reject the null hypothesis of ∆ = 0 at the five percent level.
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Table 6 Balance of types of bacterial infection causes, restricted sample

median of Ej [y] Ej [y]− Ej [m(x)]

≥ Ej [y] < Ej [y] ∆ ≤ 0 > 0 ∆

Bacterial species isolated

E.coli 0.70 0.72 0.021 0.71 0.71 0.008
(0.07) (0.05) (0.010) (0.06) (0.07) (0.010)

E.faecalis 0.07 0.06 -0.009 0.06 0.06 -0.002
(0.04) (0.03) (0.006) (0.04) (0.03) (0.006)

K. pneumoniae 0.04 0.04 0.008 0.04 0.04 -0.004
(0.03) (0.03) (0.005) (0.03) (0.02) (0.005)

S. agalactiae 0.05 0.03 -0.011 0.04 0.04 -0.001
(0.05) (0.02) (0.006) (0.04) (0.03) (0.006)

Others 0.15 0.15 -0.009 0.15 0.15 -0.001
(0.05) (0.04) (0.008) (0.05) (0.05) (0.008)

Molecule-specific resistance

Mecillinam (J01CA11) 0.23 0.20 -0.035 0.22 0.21 -0.008
(0.06) (0.04) (0.009) (0.06) (0.06) (0.009)

Trimethoprim (J01EA01) 0.23 0.21 -0.020 0.23 0.21 -0.018
(0.07) (0.05) (0.010) (0.07) (0.05) (0.009)

Sulfamethizole (J01EB02) 0.36 0.34 -0.026 0.35 0.35 -0.003
(0.08) (0.06) (0.012) (0.08) (0.06) (0.012)

Ciprofloxacin (J01MA02) 0.15 0.12 -0.029 0.14 0.13 -0.010
(0.06) (0.04) (0.009) (0.06) (0.05) (0.009)

Nitrofurantoin (J01XE01) 0.06 0.06 0.0002 0.06 0.06 -0.003
(0.04) (0.03) (0.006) (0.04) (0.03) (0.006)

Number of cases 14442 16599 15419 15622
Number of clinics 73 76 75 74

Notes: This table reports mean bacterial species and resistance rates for clinics above

and below the median of mean bacterial rates Ej [y] and mean residuals Ej [y −m(x)].

Sample includes the 154 clinics for which we cannot reject the machine learning patient

type distribution at the five percent level. Physician-level means and standard devia-

tions are weighted by physician-level numbers of observations. Molecules are antibiotics

mainly prescribed for urinary tract infections in Denmark, accounting for 92.5 percent

of prescriptions in our sample, Pivmecillinam and Sulfamethizole for 82 percent. For

differences in italic, the null hypothesis of ∆ = 0 is rejected at the five percent level.
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Table 7 Balance of molecules initially prescribed and use of diagnostics, restricted

median of Ej [y] Ej [y]− Ej [m(x)]

≥ Ej [y] < Ej [y] ∆ ≤ 0 > 0 ∆

Molecule initially prescribed

Pivmecillinam (J01CA08) 0.55 0.60 0.050 0.56 0.59 0.025
(0.18) (0.19) (0.031) (0.18) (0.20) (0.031)

Trimethoprim (J01EA01) 0.02 0.03 0.001 0.03 0.02 -0.002
(0.03) (0.03) (0.005) (0.03) (0.03) (0.005)

Sulfamethizole (J01EB02) 0.26 0.26 -0.0004 0.26 0.26 0.002
(0.15) (0.19) (0.028) (0.17) (0.18) (0.029)

Ciprofloxacin (J01MA02) 0.05 0.03 -0.020 0.04 0.03 -0.012
(0.05) (0.03) (0.007) (0.04) (0.04) (0.007)

Nitrofurantoin (J01XE01) 0.03 0.04 0.003 0.04 0.03 -0.002
(0.04) (0.04) (0.006) (0.04) (0.03) (0.006)

Number of prescriptions 4911 7235 5720 6426

Use of diagnostics

Test observations 240.7 281.5 40.9 260.9 264.0 3.1
(110.9) (150.5) (21.60) (139.3) (130.8) (22.14)

Urine dipsticks per patient 0.25 0.24 -0.007 0.25 0.24 -0.011
(0.12) (0.09) (0.018) (0.11) (0.11) (0.017)

Microscopy per patient 0.03 0.05 0.015 0.04 0.04 -0.007
(0.07) (0.09) (0.013) (0.09) (0.07) (0.013)

Number of clinics 73 76 75 74

Notes: This table reports mean prescribed molecules and clinics’ usage intensity of di-

agnostics for clinics above and below the median of mean bacterial rates Ej [y] and mean

deviations Ej [y]−Ej [m(x)]. Sample includes the 154 clinics for which we cannot reject

the machine learning patient type distribution at the five percent level. Physician-level

means and standard deviations are weighted by physician-level numbers of observations.

Molecules are antibiotics mainly prescribed for urinary tract infections in Denmark,

accounting for 92.5 percent of prescriptions in our sample, Pivmecillinam and Sulfame-

thizole for 82 percent. For differences in italic, we reject the null hypothesis of ∆ = 0 at

the five percent level.
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E Simulated choice probabilities

To estimate parameters Θj using maximum likelihood estimation, we simulate choice probabil-

ities for patient i and physician j as follows:

1. Compute τ̂j and σ̂2
τj following Appendix B.

2. Given m(x) and y, draw pseudo-random sickness realizations

νri ∼ N (τi, 1 | yi = 1[νri > 0]).

and signals

ξrij ∼ N (τi, σ
2
ξij
)

ηrij ∼ N (νri , σ
2
η)

for physician parameters σξj and σηj and compute posterior µr
ij and σr

j following Appendix

B.

3. Compute the expected payoffs:

EU r
ij(d) = E{π(d, yi, βj) | µr

ij , σ
r
j} =


−Φ

(
µr
ij

σr
j

)
if d = 0

−βj if d = 1.

4. We compute choice probabilities using the Logit-smoothed Accept-Reject simulator with

smoothing parameter λ = 0.01.22 Inserting the utilities into the logit formula yields:

Sr
ij0 =

eEUr
ij(0)/λ

eEUr
ij(0)/λ + eEUr

ij(1)/λ
and Sr

ij1 =
eEUr

ij(1)/λ

eEUr
ij(0)/λ + eEUr

ij(1)/λ
.

5. Repeat steps two to four R times letting r take the values 1 through R. We set R = 1, 000.

6. The simulated choice probabilities are obtained by averaging over simulations:

P̂ij0 =
1

R

R∑
r=1

Sr
ij0 and P̂ij1 = 1− P̂ij0 =

1

R

R∑
r=1

(
1− Sr

ij0

)
=

1

R

R∑
r=1

Sr
ij1

22Computing the simulated choice probabilities straightforward by

P̂ij0 =
1

R

R∑
r=1

1[EUr
ij(0) > EUr

ij(1)] and P̂ij1 =
1

R

R∑
r=1

1[EUr
ij(0) ≤ EUr

ij(1)]

yields step-functions of σξj , σηj and βj , which are problematic to minimize.
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F Simulated ROCs and AUCs

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

TPR

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

FPR

σξ=0
σξ=1
σξ=2
σξ=10

(a) Simulated ROCs for ση = 2
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(b) Simulated ROCs for σξ = 3
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(c) Simulated AUCs as a function of ση
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Figure 7: Heat maps of clinic-level counterfactual outcomes

46



G Model parameter estimates
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Figure 8: Heat map of physician-level estimates for ση and σξ

Notes: To ensure anonymity, the heat map covers only areas of five physicians or more.
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Figure 9: Heat map of physician-level estimates for β and ση

Notes: To ensure anonymity, the heat map covers only areas of five physicians or more.
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Figure 10: Heat map of physician-level estimates for β and σξ

Notes: To ensure anonymity, the heat map covers only areas of five physicians or more.
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H Projections of model parameter estimates
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Figure 11: Estimated mean of patient type distribution, τj

Notes: Physician-level parameter estimates and bootstrapped 95% confidence intervals, sorted by size of the

parameter estimate. To ensure anonymity, the figures are LOWESS-smoothed.
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Figure 12: Estimated standard deviation of patient type distribution, στj

Notes: Physician-level parameter estimates and bootstrapped 95% confidence intervals, sorted by size of the

parameter estimate. To ensure anonymity, the figures are LOWESS-smoothed.
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Figure 13: Estimated type signal noise parameters, σξj

Notes: Physician-level parameter estimates and bootstrapped 95% confidence intervals, sorted by size of the

parameter estimate. To ensure anonymity, the figures are LOWESS-smoothed.
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Figure 14: Estimated diagnostic signal noise parameters, σηj

Notes: Physician-level estimates and bootstrapped 95% confidence intervals, sorted by size of the parameter

estimate. To ensure anonymity, the figures are LOWESS-smoothed.
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Figure 15: Estimated payoff parameters, βj

Notes: Physician-level estimates and bootstrapped 95% confidence intervals, sorted by size of the parameter

estimate. To ensure anonymity, the figures are LOWESS-smoothed.
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I Observed heterogeneity: correlates with σ̂ηj , σ̂ξj , and β̂j

Table 8 Correlation of clinical skill estimate σ̂ηj with clinic and physician

characteristics

Linear regression for clinical signal noise σ̂ηj

N = 107 (1) (2) (3) (4) (5)

Mean number of physicians -0.03 -0.03
[-0.29,0.24] [-0.37,0.30]

Mean age of physicians 1.53 1.79
[ 0.03,3.03] [ 0.17,3.42]

Share of female physicians -0.15 -0.15
[-0.42,0.11] [-0.43,0.14]

Dipstick tests per physician 0.07 0.16 0.14
[-0.26,0.40] [-0.13, 0.44] [-0.19,0.46]

Microscopy analyses per physician -0.05 -0.06 -0.07
[-0.13,0.03] [-0.14, 0.02] [-0.17,0.02]

Patients per physician 0.19 0.30 0.19 -0.24
[-0.44,0.82] [-0.30,0.86] [-0.45, 0.83] [-0.92,0.44]

Constant 0.70 1.79 1.81 1.77 0.62
[-0.80,2.20] [1.27,2.31] [1.26,2.35] [1.23, 2.31] [-1.03,2.26]

R2 0.07 0.01 0.01 0.02 0.09

Notes: This table presents coefficients for linear regressions where the outcome is

the physician-level estimate of the clinical signal noise parameter summarized in

Table 2. The correlates are clinic-level physician characteristics scaled at the mean.

Mean values are used for multi-physician clinics. Heteroskedasticity-robust 95%

confidence intervals are reported in brackets.
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Table 9 Correlation of diagnostic skill estimate σ̂ξj with clinic characteristics

Linear regression for clinical signal noise σ̂ξj

N = 107 (1) (2) (3) (4) (5)

Mean number of physicians -0.61 0.08
[-2.32,1.11] [-1.95,2.10]

Mean age of physicians 4.30 3.78
[-1.55,10.16] [-2.43,10.00]

Share of female physicians 0.19 0.33
[-0.92,1.30] [-0.82,1.47]

Dipstick tests per physician 0.06 0.10 0.20
[-1.52,1.63] [-1.50, 1.70] [-1.43,1.83]

Microscopy analyses per physician -0.02 -0.03 -0.08
[-0.44,0.39] [-0.47, 0.40] [-0.53,0.38]

Patients per physician 2.71 2.77 2.71 2.31
[0.02,5.40] [0.25,5.30] [-0.002, 5.41] [-1.06,5.69]

Constant 1.49 2.62 2.63 2.61 -1.24
[-5.36,8.34] [-0.08,5.32] [-0.04,5.30] [-0.12, 5.34] [-9.42,6.93]

R2 0.03 0.04 0.04 0.04 0.05

Notes: This table presents coefficients for linear regressions where the outcome is the

physician-level estimate of the patient type signal noise parameter summarized in Table

2. The correlates are clinic-level physician characteristics scaled at the mean. Mean

values are used for multi-physician clinics. Heteroskedasticity-robust 95% confidence

intervals are reported in brackets.
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Table 10 Correlation of payoff parameter estimate β̂j with clinic characteristics

Linear regression for payoff parameter β̂j

N = 107 (1) (2) (3) (4) (5)

Mean number of physicians -0.02 -0.02
[-0.04,0.002] [-0.04,0.01]

Mean age of physicians -0.03 -0.02
[-0.13,0.08] [-0.13,0.08]

Share of female physicians -0.01 -0.01
[-0.03,0.01] [-0.03,0.01]

Dipstick tests per physician -0.001 0.004 0.0001
[-0.03,0.03] [-0.03, 0.05] [-0.04,0.04]

Microscopy analyses per physician -0.003 -0.003 -0.002
[-0.008,0.002] [-0.01, 0.003] [-0.008,0.004]

Patients per physician 0.03 0.03 0.03 0.01
[-0.02,0.08] [-0.01,0.08] [-0.02, 0.07] [-0.04,0.07]

Constant 0.50 0.41 0.41 0.41 0.48
[0.38,0.62] [0.37,0.45] [0.37,0.45] [-0.02, 0.07] [0.34,0.61]

R2 0.04 0.02 0.02 0.02 0.04

Notes: This table presents coefficients for linear regressions where the outcome is the

physician-level estimate of the payoff parameter summarized in Table 2. The correlates

are clinic-level physician characteristics scaled at the mean. Mean values are used for

multi-physician clinics. Heteroskedasticity-robust 95% confidence intervals are reported in

brackets.
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J Model fit
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Figure 16: Observed and simulated in-sample moments
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K Clinic-level counterfactual outcomes
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(a) CF1: ∆dy = 0
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(b) CF2: σξj = 0
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(c) CF3: σξj = 0 and βj = β̂j + κ1
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(d) CF4: βj = β̂j + κ2

Figure 17: Heat maps of clinic-level counterfactual outcomes
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L Robustness

L.1 Clinics not rejected by Poisson-binomial test

Table 11 Distribution of parameter estimates, restricted sample

Mean (St.dev.)

Patient type distribution, τj -0.33 (0.17)

Patient type distribution, σ2
τj 0.47 (0.05)

Type signal noise, σξj 5.17 (4.30)

Clinical signal noise, σηj 2.02 (1.02)

Payoff function parameter, βj 0.43 (0.07)

This table reports the means and standard deviations of the distri-

bution of parameter estimates for the reduced sample of 149 clinics.

The model is estimated separately for each clinic.

Table 12 Counterfactual policy outcomes for non-rejects of Poisson-binomial test

ML redistribution Provide ML-based τi Incentives only

∆dy = 0

dCF = 1[m(x, d) > k]
σξj = 0

σξj = 0

βj = β̂j + κ1

βj = β̂j + κ2

Overall prescribing, ∆d, -8.5 0.8 -9.2 -8.5
in percent of Nd = 12, 146 [-9.7, -7.5] [0.5, 1.5] [-10.0, -8.4] [-9.7, -7.5]

Treated bacterial cases, ∆dy, 0 7.5 0 -6.4
in percent of Ndy = 7, 357 [6.7, 8.4] [-7.3, -5.5]

Overprescribing, ∆d¬y, -21.5 -9.3 -23.4 -11.8
in percent of Nd¬y = 4, 789 [-24.3 ,-19.3] [-10.0 ,-8.1] [-25.1 ,-21.6] [-13.3 ,-10.3]

Mean change in payoffs, 0.073 0.107 0.101 -0.006
1
J

∑J
j=1Wj(dj) [0.060 ,0.083] [0.099 ,0.115] [0.093 ,0.108] [-0.012, -0.004]

Notes: Counterfactual changes relative to the status quo in percent across 149 clinics and 31.041 patients.

The left column shows further relevant absolute totals. The risk threshold for prescribing in counterfactual

one is k = 0.50 [0.50, 0.51]. We set κ1 = 0.033 [0.030, 0.035] to obtain ∆dy = 0 in counterfactual three and

set κ2 = 0.021 [0.018, 0.023] to obtain ∆d = −8.5 in counterfactual four. Bootstrapped 95 percent confidence

intervals are reported in brackets.
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L.2 Patients without treatment or test 12 weeks prior

Table 13 Distribution of parameter estimates

Mean (St.dev.)

Patient type distribution, τj -0.40 (0.17)

Patient type distribution, σ2
τj 0.44 (0.05)

Type signal noise, σξj 4.23 (4.22)

Clinical signal noise, σηj 2.01 (1.40)

Payoff function parameter, βj 0.41 (0.08)

This table reports the means and standard deviations of the distribu-

tion of parameter estimates over 180 clinics. The model is estimated

separately for each clinic.

Table 14 Counterfactual policy outcomes

ML redistribution Provide ML-based τi Incentives only

∆dy = 0

dCF = 1[m(x, d) > k]
σξj = 0

σξj = 0

βj = β̂j + κ1

βj = β̂j + κ2

Overall prescribing, ∆d, -8.0 1.9 -8.1 -8.0
in percent of Nd = 10, 219 [-8.9, -6.6] [1.6, 2.8] [-8.9, -7.3] [-8.9, -6.6]

Treated bacterial cases, ∆dy, 0 7.1 0 -5.5
in percent of Ndy = 6, 040 [6.4 ,7.9] [-6.3, -4.6]

Overprescribing, ∆d¬y, -19.5 -5.6 -19.8 -11.5
in percent of Nd¬y = 4, 179 [-21.6 ,-16.5] [-6.0 ,-3.6] [-21.5, -17.7] [-12.6, -9.7]

Mean change in payoffs, 0.068 0.089 0.085 -0.001
1
J

∑J
j=1Wj(dj) [0.052, 0.073] [0.080, 0.095] [0.077, 0.094] [-0.008, 0.002]

Notes: This table reports changes to the status quo in percent across 180 clinics and 27,657 patients. The

left column shows further relevant absolute totals. The risk threshold for prescribing in counterfactual one

is k = 0.47 [0.46, 0.47]. We set κ1 = 0.031 [0.27, 0.33] to obtain ∆dy = 0 in counterfactual three and set

κ2 = 0.020 [0.16, 0.21] to obtain ∆d = −8.0 in counterfactual four. Bootstrapped 95 percent confidence inter-

vals in brackets.
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L.3 Clinics with 50 consultations and more

Table 15 Distribution of parameter estimates

Mean (St.dev.)

Patient type distribution, τj -0.32 (0.18)

Patient type distribution, σ2
τj 0.46 (0.06)

Type signal noise, σξj 4.73 (4.05)

Clinical signal noise, σηj 2.36 (1.81)

Payoff function parameter, βj 0.43 (0.08)

This table reports the means and standard deviations of the distri-

bution of parameter estimates for the extended sample of 268 clinics.

The model is estimated separately for each clinic.

Table 16 Counterfactual policy outcomes

ML redistribution Provide ML-based τi Incentives only

∆dy = 0

dCF = 1[m(x, d) > k]
σξj = 0

σξj = 0

βj = β̂j + κ1

βj = β̂j + κ2

Overall prescribing, ∆d, -8.5 1.5 -9.0 -8.5
in percent of Nd = 17, 095 [-9.3, -7.6] [1.1 ,2.3] [-9.8 ,-8.6] [-9.3 ,-7.6]

Treated bacterial cases, ∆dy, 0 7.7 0 -6.4
in percent of Ndy = 10, 285 [7.3 ,8.6] [-7.0 ,-5.5]

Overprescribing, ∆d¬y, -21.2 -7.8 -22.6 -11.6
in percent of Nd¬y = 6, 810 [-23.2, -19.2] [-8.8, -6.8] [-24.4, -21.6] [-12.9, -10.6]

Mean change in payoffs, 0.068 0.102 0.097 -0.006
1
J

∑J
j=1Wj(dj) [0.056, 0.075] [0.093, 0.111] [0.092, 0.105] [-0.009, -0.001]

Notes: Counterfactual changes relative to the status quo in percent across 268 clinics and 44,147 patients.

The left column shows further relevant absolute totals. The risk threshold for prescribing in counterfactual

one is k = 0.50 [0.50, 0.51]. We set κ1 = 0.033 [0.031, 0.036] to obtain ∆dy = 0 in counterfactual three and

set κ2 = 0.020 [0.017, 0.020] to obtain ∆d = −8.5 in counterfactual four. Bootstrapped 95 percent confidence

intervals in brackets.
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