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ABSTRACT
In six randomized online experiments with 2,647 medical doctors we test whether – 
depending on the choice architecture – physicians engaged in prescribing decisions in 
public organizations fall prey to systematic error (i.e. bias) and make significantly 
different choices when faced with the same clinical case (i.e. level noise). Results 
show that experts tend to make irrational choices that are influenced by outgroup 
bias, social comparison, past behaviour, confirmation bias, loss aversion, equivalence 
framing, and asymmetric dominance. We also find evidence of significant level noise, 
that is, between-prescriber variability, with the distribution of responses differing 
remarkably across experimental arms.
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Our topic is human error. Bias and noise – systematic deviation and random scatter – are 
different components of error. (Kahneman, Sibony, and Sunstein 2021, 9)

Introduction

When doctors prescribe diagnostic tests and drugs in public healthcare organizations, 
does the decision-making context – that is, the architecture of prescription choices – 
influence the likelihood that they will fall prey to systematic bias or that different 
physicians will opt for significantly different solutions in identical clinical cases? 
Indeed, a prescribing decision is quintessentially a matter of judgement, namely, 
‘one with some uncertainty about the answer and where we allow for the possibility 
that reasonable and competent people might disagree’ (Kahneman, Sibony, and 
Sunstein 2021, 44). A few decades of behavioural science research have revealed that 
experts, like all human beings, are prone to judgement error, in the form of systematic 
deviation from rationality (i.e. bias) or unwanted variability (i.e. noise). The investiga-
tion of these phenomena embodies the essence of Behavioural Public Administration 
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(Grimmelikhuijsen et al. 2017), a burgeoning movement within our discipline in 
recent years. Research in this realm – rooted in seminal works on bounded rationality 
(Simon 1947), heuristics and biases (Kahneman and Tversky 1979; Tversky and 
Kahneman 1974), as well as nudging and choice architecture (Thaler and Sunstein  
2008) – has spanned diverse decision domains, units of analysis, and countries 
(Battaglio et al. 2019). Its significance extends beyond public management, as evi-
denced by contemporary research on the instability and heterogeneity of beliefs 
spanning across decision domains (Bordalo et al. 2023).

Studying bias and noise in physician prescription decisions significantly impacts 
crucial dimensions essential for effective public service management. Prioritizing the 
adept handling of undesired variation is vital for upholding impartiality and equity in 
public service accessibility, core tenets of public bureaucracies (Cepiku and 
Mastrodascio 2021; Frederickson 1971, 2005; Rhys, Beynon, and McDermott 2019; 
Rivera and Connolly Knox 2023). Addressing and mitigating biases and inconsisten-
cies in prescription practices is imperative to prevent the misallocation of public 
resources funded by taxation. In 2022, health expenditure by government schemes in 
Italy accounted for 7.1% of the gross domestic product (Organization for Economic 
Cooperation and Development. 2022). Our research demonstrates that decisions on 
drug prescriptions, like those under study, contribute significantly to public pharma-
ceutical expenditure, comprising approximately 19% of the Fabbisogno Sanitario 
Nazionale (FSN)–the national healthcare system budget (The Medicines Utilisation 
Monitoring Centre 2023). Moreover, the presence of biases and inconsistencies in 
prescription practices can have detrimental effects on public health, particularly 
through the emergence of antibiotic resistance – a substantial threat to humanity. 
According to the European Centre for Disease Control, ‘more than 35,000 people die 
from antimicrobial-resistant infections in the EU/EEA each year. The health impact of 
antimicrobial resistance (AMR) is comparable to that of influenza, tuberculosis and 
HIV/AIDS combined’ (European Centre for Disease Control 2022).

Behavioural research has long neglected noise and focused mostly on one or a few 
cognitive biases at a time, for a number of applications in healthcare (Blumenthal- 
Barby and Krieger 2015; Freeman, Robinson, and Scholtes 2021; Ganju et al. 2020; 
Levy Andrea and Hershey 2006; Meeker et al. 2016) and public management (Dinhof 
et al. 2023; Lee and Kim 2023; Liu, Qin, and Zhang 2022; Marvel 2015; Nagtegaal et al.  
2019, 2020; Roberts and Wernstedt 2019; Sheeling et al. 2023; Walter and Barton 
Cunningham 2023; Weißmüller 2022). Kahneman et al. (2021) have recently urged to 
adopt a broader view of decision-making by considering noise alongside bias, because 
both contribute to the overall error. Recognizing that ‘wherever the person making 
a judgment is randomly selected from a pool of equally qualified individuals [. . .] noise 
is a problem’ (Kahneman, Sibony, and Sunstein 2021, 29), investigating judgement 
heterogeneity across public sector settings is imperative. In most cases, there is 
randomness in the allocation of judicial cases to judges, pupils to teachers, patients 
accessing emergency rooms to clinicians and nurses, and offenders to police officers. In 
this perspective, we study the causal impact that specific features of the context in 
which public sector doctors make prescribing decisions – i.e. the architecture of 
prescribing choices – have on systematic error and unwanted between-subject varia-
bility. Our work explicitly adopts a micro-level perspective with attention to several 
psychological aspects of experts’ judgements. This choice aligns nicely with the foun-
dations of behavioural public administration (Battaglio et al. 2019; Grimmelikhuijsen 

2 N. BELLE ET AL.



et al. 2017), and the latest developments in the study of unwanted variability within 
and between decisions made by professionals, street level bureaucrats included 
(Kahneman, Sibony, and Sunstein 2021). Although falling outside the scope of the 
current project due to a different research focus and low feasibility, estimating the 
impact of different political and institutional forces on decision-making holds value 
and requires a dedicated endeavour (A. M. Bertelli and Riccucci 2022; A. Bertelli et al.  
2022). We selected experimental contexts and interventions jointly with our partner 
government institution to maximize relevance for management implications, time-
liness in tackling real-world challenges, and ecological validity.

Theoretical background

Prescribing decisions are a prime example of mental operations called judgements 
(Blumenthal-Barby and Krieger 2015; Freeman, Robinson, and Scholtes 2021; 
Kahneman, Sibony, and Sunstein 2021). Kahneman et al. (2021) argue that ‘some 
judgments are biased; they are systematically off target. Other judgments are noisy, as 
people who are expected to agree end up at very different points around the target’ 
(Kahneman, Sibony, and Sunstein 2021, 9). Indeed, studies based on behavioural 
economics demonstrate that experts, like all human beings, systematically deviate 
from rational decisions and show patterns of unwanted variability (Kahneman, 
Sibony, and Sunstein 2021; Thaler and Sunstein 2008). This perspective explains the 
empirically observable violations of predictions based on rational choice models, 
which were the gold standard before the advent of behavioural economics. The 
decisions of politicians who are elected to serve the public interests, public managers 
called to implement government policies, and physicians working in public organiza-
tions are no exception to this phenomenon (Baekgaard et al. 2019; Belle and Cantarelli  
2021; Belle et al. 2022; Javier, Van Ryzin, and Leth Olsen 2021).

Whereas research on heuristics and associated biases has focused on systematic 
deviations from rationality, more recent work by Kahneman, Sibony, and Sunstein 
(2021) has explored unwanted variability in professional judgement, the so-called 
noise. According to their reasoning, bias and noise are two independent components 
of overall error. Specifically, bias is the average of errors and noise is the variability of 
errors. The authors distinguish between level noise, which is the focus of our study, and 
pattern noise. Level noise is defined as the between-person variability that we observe, 
for instance, when different prescribers make significantly different decisions regard-
ing the same clinical case. Examples of such variability can be found in different 
recommendations for back surgery to the same patient where some orthopaedists are 
more aggressive than the average orthopaedist, or in ordering painkillers for the same 
clinical case where some doctors are more or less generous than the average doctor. 
Pattern noise, instead, refers to within-person variability in decisions made by the 
same physician across cases. Pattern noise can be due to work overload, which has 
recently received attention in public management studies (Grima, Georgescu, and 
Prud’homme 2020).

Interestingly, bias and noise can sometimes be reduced through changes in the 
decision-making context. Choice architecture interventions are native to nudge theory 
(Thaler and Sunstein 2008), which advances the work of Daniel Kahneman and Amos 
Tversky by illuminating how we can predictably alter people’s behaviour through 
changes in the decision environment that do not involve prohibitions or powerful 
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incentives and that may even exploit systematic biases to lead to better decisions. 
Insights from nudge theory have now been applied across decision domains (Barnes 
et al. 2021; Belle and Cantarelli 2021; Belle et al. 2022; Beshears and Kosowsky 2020). 
Nudge theory portrays individuals – health professionals included – as Humans rather 
than Econs. The design of the context in which Humans make decisions is not neutral 
because, unlike Econs, Humans do not always have unbiased expectations, are not 
optimizers, lack self-control, and are not exclusively moved by self-interest.

Drawing on these insights, we test whether and to what extent in-group favouritism, 
past behaviour, confirmation bias, loss aversion, equivalence framing, and asymmetric 
dominance can cause bias and noise in public physicians’ prescribing in the context of 
public organizations. Starting with in-group favouritism, social identity theory (Turner 
and Reynolds 2001) posits that individuals tend to conform to the behaviours of others 
with whom they identify (in-group members) and differentiate from those with whom 
they do not identify (out-group members). Thus, physicians may follow a prescription 
suggestion if made by in-group actors but not follow the same recommendation put 
forth by individuals they consider to be out-group.

The status quo bias represents the propensity to disproportionately stick to the 
current situation rather than moving away from it, even when alternative options are 
superior (Arad 2013; Jilke, Van Ryzin, and Van de Walle 2016; Samuelson and 
Zeckhauser 1988). As diverting from the status quo seems to be considered risky, 
how doctors prescribed in the past serves as an anchor for future prescriptions. The 
impact of past events on decisions in the present has received attention in public 
management (Hong, Hyoung Kim, and Son 2020; Olsen 2017), although in domains 
different from the one we are studying. With analogous logic, existing impressions 
trigger the confirmation bias, a phenomenon whereby decision makers selectively 
search for or interpret information that confirms their prior held beliefs while simul-
taneously ignoring any disconfirmatory evidence (Baekgaard and Serritzlew 2016; 
Nickerson 1998). This may in turn nurture overconfidence, which has been observed 
in many professional fields, including medicine (Baumann, Deber, and Thompson  
1991; Christensen-Szalanski and Bushyhead 1981).

The popular ‘Asian disease’ problem developed by Tversky and Kahneman (1981) 
exemplifies reference dependence and loss aversion, which – along with diminishing 
sensitivity and probability weighting – are the core components of prospect theory 
(Barberis 2013). The principle of reference dependence posits that individuals derive 
utility from changes relative to some reference point rather than from the absolute 
value of their wealth. Loss aversion, then, assumes that individuals are more sensitive 
to losses than to equivalent gains. In other words, individuals tend to be risk averse in 
the realm of gains and to become risk seekers in the realm of losses. Extant scholarship 
has pointed to prospect theory as a relevant source for expanding theory in such 
diverse domains as public administration (Battaglio et al. 2019; Weißmüller, 
Bouwman, and Vogel 2023), management studies (Cornelissen and Durand 2014; 
Holmes et al. 2011), and justice (Ganegoda and Folger 2015). Within the scholarship 
that applies prospect theory across decision domains, the study of how the framing of 
information influences medical decisions is neither novel nor lagging other profes-
sions, though its potential impact on management practices has not yet been fully 
unleashed (Krishnamurthy, Carter, and Blair 2001). Pioneering work conducted at the 
Harvard Medical School shows that doctors are more likely to surgically intervene on 
a patient with lung cancer when they are presented with a 90% chance of survival 
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rather than with the equivalent 10% probability of death (McNeil et al. 1982). Recent 
systematic reviews report a prevalence of the framing effect among the most common 
cognitive biases associated with medical decisions (Blumenthal-Barby and Krieger  
2015; Gustavo et al. 2016). Well-renowned public management research focused on 
the impact of equivalence framing across typology of individuals and decision domains 
has followed that pioneer work (Bellé, Cantarelli, and Belardinelli 2018; Cantarelli, 
Belle, and Belardinelli 2020; Olsen 2015; Walter and Barton Cunningham 2023).

The last choice architecture intervention that we test is asymmetric dominance, 
a phenomenon whereby one of two options becomes more popular when a decoy – i.e. 
a third alternative dominated by that option – is added to the choice set (Joel, Payne, 
and Puto 1982; Tversky and Simonson 1993). In the simplest case, the target and the 
competing alternative are compared along two attributes, typically calling for a trade- 
off. The decoy is equal to the target in one attribute and slightly inferior to the target in 
the other, or slightly inferior in both. Meanwhile, the decoy is inferior to the competing 
alternative in one attribute but superior to it in the other. Although the decoy is 
virtually never selected due to its characteristics compared to the target, it alters 
individuals’ preferences between the other options in the choice set. In a recent test 
of the asymmetric dominance effect in public healthcare management, the presence of 
a decoy remarkably reversed choices made by a large sample of nurses in the simulated 
purchase of one diagnostic instrument (Cantarelli, Belle, and Belardinelli 2020).

Method

Our study consists of six online randomized experiments with 2,647 physicians work-
ing for a regional government. Randomized experiments are the gold standard for 
avoiding the threat of self-selection of subjects into experimental conditions, thus 
ensuring high internal validity of inference. Based on the taxonomy provided by 
Harrison and List (2004), our study qualifies as a framed field experiment because 
the subject pool consists of experts belonging to the actual population of interest – as 
opposed to students or MTurkers – and the task and information set include field 
context that was validated as realistic by managers of the partner public institution. 
Hence, our work follows up on the methodological call to avoid general samples when 
decisions require professional expertise (Xiaoli, Wang, and Hao 2022).

The content (i.e. typologies of prescriptions) and manipulations (i.e. behaviourally 
inspired changes to the architecture of choices) of our experiments were designed 
jointly with the partner institution (i.e. a Regional Government in Italy responsible for 
organizing and managing health for more than 3.5 million inhabitants) to maximize 
the relevance of our inference to management interventions, timeliness in tackling 
real-world pressing challenges, and ecological validity in participants’ eyes. Given the 
content, manipulations, and settings of our study, estimating the impact that factors 
such as political and institutional forces have on our outcomes is problematic. For 
instance, system-level elements do not vary because the study is set in one regional 
government only where the same regulations apply to all institutions and organiza-
tional-level components could not be measured or manipulated.

Physicians in our study were asked to imagine that they had just seen a patient and 
were uncertain about a prescription decision. The content of the prescription could be 
a test, a drug, or antibiotics. We did not provide any details about the type of test, drug, 
or antibiotics in order to enhance generalizability of the findings. The baseline 
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scenarios that were presented to participants in the control arms of the six experi-
ments, separately for each typology of prescription unless otherwise specified, are as 
follows. As to the prescription of a test: ‘Imagine having to determine which diagnostic 
tests to prescribe for a patient you are seeing. You have undoubtedly decided to prescribe 
two tests that you consider indispensable. You are undecided whether or not to 
prescribe a third test. [Experimental treatment, if any]. How likely would you be to 
prescribe the third test?’ As to drug: ‘Imagine that you have just finished seeing 
a patient and have to decide whether to prescribe a drug. This drug is certainly 
appropriate, but you wonder if perhaps there might be another slightly more effective 
drug. Identifying this alternative drug would take you some time and would not allow 
you to prescribe immediately. Postponing the prescription would not pose any risk to 
the patient; however, the patient should return to you in the next few days. 
[Experimental treatment, if any]. How likely would you be to prescribe the drug 
immediately?’ As to antibiotic: ‘Imagine that you have just finished seeing a patient 

Table 1. Experimental procedure.

Experiment
Control 

Treatment(s) Outcome
In-group and 

Out-group
C: Baseline scenario (n = 135) 
T: A pharmacist from your organization suggests the drug (n = 168) 
T: A pharma representative suggests the drug (n = 166) 
T: A colleague suggests the drug (n = 153)

Probability of 
prescribing drug

Past behaviour C: Baseline scenario (n = 411) 
T: In the past, in similar circumstances, you usually did not prescribe the 

test (n = 400) 
T: In the past, in similar circumstances, you have usually prescribed the 

test (n = 414)

Probability of 
prescribing test

Confirmation 
bias

C: Baseline scenario (n = 411) 
T: To prescribe the test it is necessary to type a reason in the electronic 

medical record (n = 421)

Probability of 
prescribing test

Loss aversion C: Baseline scenario (n = 503) 
T: Data from the European Center for Disease Prevention and Control 

show that antibiotic resistance caused 671,689 infections and 33,110 
deaths in Europe in 2015 (n = 508) 

T: Each year, the inappropriate prescription of antibiotics causes a loss of 
many millions of euros, which are subtracted from patient care and 
clinical research (n = 501) 

T: Each year, the appropriate prescription of antibiotics causes a gain of 
many millions of euros, which are allocated to patient care and 
clinical research (n = 510)

Probability of 
prescribing 
antibiotics

Equivalence 
framing

C: Baseline scenario (n = 135) 
T: Based on the scientific evidence, there is a 90% chance that the drug 

will be effective in this case (n = 114) 
T: Based on the scientific evidence, there is a 10% chance that the drug 

will not be effective in this case (n = 128)

Probability of 
prescribing drug

Asymmetric 
dominance

C: Imagine having to decide which of the following drugs to prescribe. 
The drugs differ from each other only in the expected effectiveness and 
in the number of undesirable effects (common or very common). 

Drug X − 95% efficacy; 5 side effects. 
Drug Y − 97% efficacy; 10 side effects. (n = 80. Drug Y serves as the 

target dug) 
T: Same as control, with the addition of one of the following decoy 

options
● Drug W − 96% efficacy; 11 side effects. (n = 94)
● Drug W − 96% efficacy; 10 side effects. (n = 81)
● Drug W − 97% efficacy; 11 side effects. (n = 89)

Choice of drug to 
prescribe
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and are very undecided whether or not to prescribe an antibiotic. [Experimental 
treatment, if any]. How likely would you be to prescribe an antibiotic immediately?’

Table 1 presents the procedures for each randomized experiment. All trials 
feature the manipulation of one factor. Subjects in the control arms of experi-
ments 2 and 3 are the same pool. Similarly, experiments 1 and 5 share the same 
control group. Physicians were prompted to indicate on a scale from 0 to 100 
the probability with which they would prescribe the test, drug, or antibiotics. 
The dependent variable in Randomized Experiment 6, in which clinicians are 
asked to select a drug to prescribe from a set of drugs, is the only exception. 
Therefore, the outcome variable is a behavioural intention in Experiments 1 
through 5 and a simulated choice in Experiment 6.

As previously explained, through a descriptive rather than normative 
approach, our study also focuses on level noise. Due to the recency of this 
construct, no established measure exists that we can use as a general standard. 
Kahneman et al. (2021) state that ‘in statistics, the most common measure of 
variability is standard deviation’ (42). Other viable options might be the kappa 
statistic, which measures interrater reliability, with level noise being lower when 
the value of the kappa statistic is higher. In our comprehensive analyses, the 
representation of level noise will be encapsulated by the nuanced depiction of 
both the range and interquartile distribution of responses. We firmly believe 
that our approach, extending beyond the conventional reliance on standard 
deviation, offers a more holistic comprehension of level noise. By considering 
not only the dispersion of values but also incorporating the broader context of 
the range, our measurements afford a more nuanced and insightful examination 
of the intricacies inherent in level noise. In the forthcoming results section, we 
will use box plots as a visually compelling and statistically rigorous graphical 
representation of the identified level noise. These box plots, by illustrating the 
quartiles, median, and the variability within the dataset, will provide a clear and 
accessible means for our readers to grasp the intricacies of level noise across the 
spectrum of responses. This graphical representation is poised to enhance the 
interpretability of our findings, allowing for a more intuitive understanding of 
the distributional characteristics and patterns associated with the observed level 
noise in our study. In short, then, we are convinced that, compared to standard 
deviation alone, our measurements provide a more comprehensive understand-
ing of level noise because they consider not only the dispersion of values, but 
also the range.

To limit cognitive fatigue, physicians were randomly assigned to no more than 
five scenarios. Vignettes were presented in a random sequence to guard against 
any order effect. Of the full sample, 51% were exposed to one scenario only, 22% 
to two scenarios, 19% to three, 7% to four, and 1% to five. Due to this peculiar 
characteristic, ‘n’ represents the number of responses, which does not necessarily 
correspond to the number of respondents. To account for the panel nature of the 
dataset in some instances, our empirical strategy for analysing data is twofold. 
Specifically, within each of our six experiments, we fit an analysis of variance 
(ANOVA) whenever medical doctors were exposed to only one condition. 
Otherwise, when physicians could have been exposed to more than one condition, 
we accommodate panel data by fitting a random-effects generalized least square 
(GLS) regression.
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Results

Of the entire sample of 2,647 physicians, about 45% are female, 43% male, and 
12% preferred not to say. As to age, about 14% of doctors are between 30 and 
39 years old, 24% between 40 and 49, 28% between 50 and 59, 22% 60 or older, 
and the remaining 12% did not indicate any age group. About 44% of partici-
pants work in hospitals, 17% in ambulatory care settings, 26% in teaching 
hospitals, and 13% did not provide information about the type of organization 
in which they work. The remainder of this section presents the results of 
a series of analyses of variance on the experimental data from our six rando-
mized controlled trials.

Randomized experiment 1 – in-group and out-group

In Randomized Experiment 1, the organization’s pharmacist and a colleague are 
meant to qualify as in-group members and the pharma representative as an out- 
group member. Based on analysis of variance with Scheffe corrections, in the 
pharma representative arm, the average probability of prescribing is lower by 
9.59% points than in the control (p = .057), lower by 10.07% points than in the 
organizational pharmacist arm (p = .026), and lower by 9.79% points than in 
the organizational colleague arm (p = .039). Figure 1 provides a graphical 
representation of the average treatment effects. The boxplots in Figure 1 pro-
vide a graphical representation of the distribution of responses, separately for 
each experimental arm. The considerable variability between-physicians points 
to the presence of what Kahneman, Sibony, and Sunstein (2021) define as level 
noise. This phenomenon is demonstrated by responses covering the entire 
probability spectrum from 0 to 100 for each of the experimental arms. 
A visual inspection suggests a great variability in the median. Moreover, it is 
worth mentioning that the third quarter is relatively narrower when the orga-
nization’s pharmacist suggests prescribing. This indicates that when the organi-
zation’s pharmacist suggests the prescription, the level noise among doctors in 
the quartile just above the median decreases. As a further note, the third 
boxplot from the left shows that a prescription suggestion from 
a pharmaceutical representative pushes the second quartile near the lower end 
of the probability spectrum.

Randomized experiment 2 – past behavior

Figure 2, which is based on a random-effects generalized least square (GLS) regression, 
reveals that, relative to the baseline condition in which information about past 
behaviour is not mentioned, the average propensity of prescribing a test is 8.70% 
points lower when clinicians did not prescribe the test before in similar cases 
(p < .0005) and 8.76% points higher when they previously prescribed the test in 
comparable situations (p < .0005). As to level noise, interquartile ranges appear similar 
for boxplots in Figure 2, thus indicating that the midspread tends to be consistent 
across experimental conditions. As in the previous experiment, responses are spread 
out across the entire probability spectrum for all arms.
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Figure 1. Average percentage probability of prescribing a drug and distribution of responses, by professional 
suggesting to prescribe (experiment 1 – In-group and out-group).
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Figure 2. Average percentage probability of prescribing a test drug and distribution of responses, by past 
behaviour (experiment 2 – past behaviour).
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Figure 3. Average percentage probability of prescribing a test and distribution of responses, by request to justify 
the prescription (experiment 3 – confirmation bias).
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Randomized experiment 3 – confirmation bias

As portrayed in Figure 3, estimates from a random-effects regression model show that 
the request to justify the prescription of a test increases by 13.32% points the average 
probability that clinicians would prescribe, compared to the control condition in which 
such a request is not made (p < .0005). The boxplots in Figure 3 display a sizable shift of 
the median in the two experimental arms, with a jump upward when the electronic 
medical record requires a justification for the decision to prescribe. The lack of 
a remarkable difference in the interquartile range is accompanied by a decrease of 
the fourth quarter and an increase of the first quarter in the treated arm relative to the 
baseline. Level noise, thus, appears comparable in the two quarters around the median 
but not in those at the extremes.

Randomized experiment 4 – loss aversion

Estimates from a random-effects generalized least square (GLS) regression reveal that, 
relative to the control condition, the average probability that clinicians would prescribe 
an antibiotic decreases by 5.54% points when they are reminded about the yearly 
number of deaths due to antibiotic resistance (p = .001) and by 6.41% points when the 
information is made available to them about the monetary loss due to the inappropri-
ate prescription of antibiotics (p < .0005). To the contrary, we fail to find a difference in 
the average probability of prescribing antibiotics between the control and the monetary 
gain treatment (p = .258) (Figure 4). A series of tests of equality between pairs of 
coefficients show statistically significant differences in the outcome variable for the 
number of deaths due to antibiotic resistance condition and the monetary gain 
condition as well as between the monetary loss and monetary gain conditions. In 
particular, informing clinicians about the number of deaths generated by resistance to 
antibiotics decreases the probability they would prescribe them by 3.72% points 
compared to prompting them to think about the fact that the appropriate prescription 
of antibiotics causes a gain of many millions of euros that can be dedicated to patient 
care and clinical research (p = .021). Furthermore, nudging clinicians to reflect about 
how inappropriateness in antibiotic prescription produces monetary losses of funds 
that are taken away from patient care and clinical research reduces their probability of 
prescribing antibiotics by 4.59% points with regard to making the monetary gains 
generated by the appropriateness in antibiotic prescription readily available in their 
minds (p = .004). It is worth noting that the patterns of results partially change when 
we limit our analysis to the answers subjects provided for the first scenario they were 
exposed to within Experiment 4. More specifically, an analysis of variance with Scheffe 
correction indicates that the difference in effect between monetary loss and the 
monetary gain arms loses statistical significance at the conventional levels (p = .123).

As in previous cases, the range of responses covers the 0 to 100 probability scale for 
each of the experimental arms (Figure 4). A visual inspection suggests a certain degree 
of variability in the median. It seems interesting to note that, relative to all other arms, 
the monetary loss condition features the narrowest second quartile and the largest 
third quartile. This suggests that highlighting the economic losses caused by the 
inappropriate prescription of antibiotics decreases the level noise among doctors in 
the quartile just below the median and increases it in the quartile immediately above 
the median.
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Figure 4. Average percent probability of prescribing antibiotics and distribution of responses, by information 
made readily available (experiment 4 – loss aversion).
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Figure 5. Average percent probability of prescribing a drug and distribution of responses, by framing of 
information about efficacy (experiment 5 – equivalence framing).
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Randomized experiment 5 – equivalence framing

The framing of a drug’s efficacy predicts the likelihood that clinicians will 
prescribe it. Figure 5, which is based on an analysis of variance with Scheffe 
correction, displays that the likelihood of prescribing a drug is statistically 
indistinguishable between the control condition (i.e. when no information 
about efficacy is provided) and the negative framing (i.e. when physicians are 
informed that the drug is 10% non-effective) (p = .866). On the contrary, the 
propensity to prescribe a drug in the positive framing treatment (i.e. when 
clinicians are informed that the drug is 90% effective) is 12.95% points higher 
compared to the control (p=.005) and 10.77% points higher compared to the 
negative framing (p=.034).

Boxplots in Figure 5 unveil how the quartile distribution of level noise changes due 
to the equivalence framing effect. Specifically, compared to the control group, 
a positive frame enlarges the second quartile and shrinks the third quartile, whereas 
a negative information frame increases both quartiles around the median value. As in 
some of the previous experiments, the median value is rather variable in the three 
arms. Similarly, the minimum and maximum observations fall within the 0 to 100 
range.

Figure 6. Average proportion of clinicians prescribing a drug, by decoy (experiment 6 – asymmetric dominance).

PUBLIC MANAGEMENT REVIEW 15



Randomized experiment 6 – asymmetric dominance

Figure 6 reports the proportion of medical doctors opting for the target drug in the 
four experimental groups. A logistic regression shows that, compared to participants 
who were not presented with any decoy, the odds of choosing the target drug were 
higher by 4.12 times among clinicians presented with a decoy drug that was inferior to 
the target simultaneously on efficacy and side effects (p=.032), by 3.62 times among 
subjects presented with a decoy drug that was inferior to the target on efficacy only 
(p=.058), and 3.62 times among clinicians presented with a decoy drug that was 
inferior to the target on side effects only (p=.055).

Discussion

Public management scholars have fervently delved into the intricacies of overseeing 
public healthcare provision and services, thereby enhancing the dynamic research 
landscape in this domain (Gofen, Meza, and Moreno-Jaimes 2023; Kirkpatrick, 
Zardini, and Veronesi 2023).

Our study makes a valuable contribution to this stream of work by conducting 
experimental research on bias and level noise in prescription decisions. This investiga-
tion serves as an empirical illustration of decision-making processes in various public 
service sectors. These include public managers evaluating the performance of their 
subordinates, recruiters selecting job candidates, judges deliberating sentences and 
asylum cases, teachers assessing students’ tests, examiners adjudicating patent applica-
tions, and case managers in child protection agencies determining foster placement for 
children (Kahneman, Sibony, and Sunstein 2021). More specifically, our work sheds 
light on the potential for a middle-range theory focused on elucidating specific 
patterns of belief instability and heterogeneity in decision-making among public 
professionals. The development of contextualized practice-based theory has proven 
useful in public administration areas such as public value assessment (Huijbregts, 
George, and Bekkers 2022; Virtanen and Jalonen 2023), public service logic 
(Trischler et al. 2023), digital government (Castelnovo and Sorrentino 2018), and 
innovation (Cinar et al. 2022).

In the historical context of behavioural research within public management and the 
broader social sciences, predominant attention has been given to individual cognitive 
biases, often overlooking level-noise across various applications. In their recent call to 
broaden the perspective on decision-making, Kahneman, Rosenfield, and Blaser (2016,  
2021)emphasized the significance of considering both noise and bias. They highlighted 
their collective impact on overall errors in decision-making processes and their sub-
sequent effects on health, the economy, and the preservation of public values. The 
examination of noise in public decision-making is particularly crucial due to its 
association with the impartiality of bureaucracies (Cepiku and Mastrodascio 2021; 
Frederickson 1971, 2005; Rivera and Connolly Knox 2023). Elevated levels of noise, 
manifested as between-subjects variability, signify increased volatility in decisions on 
a single case, stemming from the incidental involvement of a public professional. This 
results in inequitable access to public services. Notably, to the best of our knowledge, 
prior works in public administration and management have not thoroughly addressed 
the measurement of unwanted variability in decision-making. Our study serves as 
a descriptive demonstration, shedding light on the presence of level-noise in 
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prescription decisions and illustrating how it can be effectively managed to achieve 
improved outcomes through planned modifications to the architecture of choices. We 
observe patterns wherein the concentration of decisions in the quartiles shifts based on 
changes in the decision-making environment.

Some relevant contributions are potentially immediate. This is the case, in parti-
cular, with the measurement of noise levels in the outcome variables of our experi-
ments, which are systematically measured and available within most public healthcare 
organizations. To the extent that prescriptions made by individual doctors are tracked, 
health care organizations and their managers can measure level noise (Kim, Tong, and 
Peden 2020). Likewise, whenever healthcare organizations monitor the prescription 
decisions of a single professional across patients and time, they can readily observe 
within-subject variability, thus investigating pattern noise. Other interventions aimed 
at modifying the architecture of choice undoubtedly require a greater investment, but 
one that is by no means prohibitive and could be widely cost-effective (Benartzi et al.  
2017; Beshears and Kosowsky 2020). In this area, for example, Hjortskov et al. (2022) 
recently demonstrated how a small-scale government information campaigns deliver-
ing health messages through information and communication technologies success-
fully changed citizens’ behaviours. Furthermore, because our interventions primarily 
consist of modifications to the choice architecture that do not involve mandates, they 
seem well suited to a context in which the professional autonomy of each individual 
doctor reduces the possibility of controlling prescribing decisions through hierarchical 
power. Scalability issues should be assessed too.

A second series of contributions of our work is to behavioural science and decision 
making in public management. The novel experimental evidence we provide can help 
advance the nascent stream of research studying bias and noise as the two components 
of judgement error. Hence, our findings deepen understanding of how experts – such 
as medical doctors – make judgements of likelihood and how decision architectures 
influence those judgements for better or for worse. As this is a relatively unexplored 
area of study, our results point to numerous directions for future research. For 
instance, it remains to be seen to what extent bias and noise are independent of each 
other, share common sources or even influence each other. From a methodological 
standpoint, scholars in this area may capitalize on our measure of noise, which goes 
beyond the mere standard deviation to take into account the range and distribution of 
outcomes as represented by boxplots.

Our research design is not immune to the same limitations that affect most research 
of the same kind (DellaVigna and Linos 2022). Consequently, we urge scholars and 
practitioners alike to interpret our findings in light of the inherent shortcomings. Most 
notably, the degree to which our temporary and experimentally induced treatment can 
be generalized to naturally occurring situations is yet to be tested. Although decision 
makers ‘address a plausible, hypothetical problem in much the same way that [they] 
tackle a real one’ (Kahneman, Sibony, and Sunstein 2021, 48), the use of field data 
would score higher on external validity compared to our study (DellaVigna and Linos  
2022). Testing how fieldable our manipulations would be particularly useful in eval-
uating the possibility of their large-scale implementation. Another potential limitation 
of our study is the generalizability of results to different categories of prescribers. This 
threat to external validity is partially mitigated by the heterogeneity of our pool of 
subjects, which includes clinicians across medical specialities and work settings in the 
public sector. Moreover, despite being the most efficient tool that behaviouralists can 
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use to have an unbiased estimate of the average effect caused by an intervention of 
some kind, a randomized experiment is unable to show the mechanisms through 
which the effect plays out. Although prescription decisions involve a ‘complex, multi-
stage sequence of mental events that cannot be directly observed’ (Kahneman, Sibony, 
and Sunstein 2021, 168), other research designs – for instance parallel designs, mixed- 
methods studies, and qualitative inquiries – are superior in addressing the ‘how’’ 
question. Also, the selection of our six cognitive mechanisms as far as prescription 
decisions were concerned was a collaborative effort with our partner institution. In 
particular, we prioritized field feasibility and relevance over exhaustiveness. It is crucial 
to emphasize that the list of cognitive mechanisms is not exhaustive. Lastly, time seems 
ripe for future work that complement the study of bias and noise from a micro-level 
perspective with estimations of how contextual factors impinge on the accuracy of 
judgements. Contextual factors that might be especially relevant for the field of public 
administration and management include politics, institutions, and system incentives 
(A. M. Bertelli and Riccucci 2022; A. Bertelli et al. 2022; Paola, Belle, and Hall 2023). 
The adoption of study replication in public management, particularly in studies 
employing experimental research designs, using the protocol developed by Walker 
et al. (2017), holds significant promise for testing the external validity of inference and 
illuminating how causal relationships of interest may be moderated by context (Bert 
et al. 2017). In light of leading-edge research suggesting that selective attention serves 
as a catalyst for belief instability towards ostensibly irrelevant features of decision 
contexts (Bordalo et al. 2023), it is imperative for experimental endeavours in this field 
to prioritize context as a key source of heterogeneity in belief instability.

Managerial implications and conclusions

The results of our six randomized experiments demonstrate that prescribing decisions 
made by physicians may be subject to considerable errors of judgement, which come in 
the two forms of systematic deviations from rationality (i.e. bias) or unwanted varia-
bility (i.e. noise). In other words, we observe systematic violations of predictions based 
on standard economics models and subjects who tend to make predictably irrational 
decisions. In fact, we find that the probability of prescribing is lower if an out-group 
member suggests it or if loss aversion is triggered. The likelihood of prescribing instead 
is higher when the doctor has made a prescription in similar cases before, justification 
is required, information is positively framed, or a decoy is added to the choice-set. As 
far as noise is concerned, in all our experiments, we find evidence of significant 
between-subject variability (i.e. level noise), as demonstrated by the range of responses 
covering the entire probability spectrum for each of our experimental arms. Another 
noteworthy finding is that the distribution of level noise, in terms of the interquartile 
distribution of responses, differs significantly between the experimental arms.

This evidence merits further considerations. Firstly, our findings of in-group 
favouritism raise a bold call to investigate groupthink (Kaba et al. 2016) in prescription 
decisions. Psychological research has long demonstrated that overconfidence tends to 
be higher for tasks that are more difficult when the predictability of forecasts is lower, 
and in the absence of timely and clear feedback (Fischhoff, Slovic, and Lichtenstein  
1977; Griffin and Tversky 1992; Lichtenstein, Baruch, and Lawrence 1977). Prescribing 
seems to have several of these characteristics because it is a difficult task, with low 
predictability, and one in which feedback tends to be delayed and noisy. 
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Overconfidence and reputational concerns have been shown to be present among 
doctors (Baumann, Deber, and Thompson 1991; Christensen-Szalanski and 
Bushyhead 1981; Grant 2016), and the tendency to seek consensus instead of fostering 
dissent is unlikely to be absent in medical judgements. Organizational procedures 
aimed at reducing groupthink, mitigating overconfidence, and encouraging appropri-
ate dissent before making a decision might include adding a second independent 
opinion on a single clinical case or asking multidisciplinary or multiprofessional 
groups of healthcare experts to analyse options and make choices collectively 
(Freeman, Robinson, and Scholtes 2021; Mitchell et al. 2014). Furthermore, extant 
scholarship seems to provide divergent findings as to whether requiring a justification 
for a prescription is likely to increase or decrease the probability of prescribing 
(Meeker et al. 2016). Given the relative ease with which such an intervention could 
be implemented in the hospital setting, it is desirable that our results are replicated in 
the field.

Another choice architecture that healthcare organizations should manage more 
consciously is the status quo. Because our results demonstrate that prescribers, like 
other experts (Baekgaard and Serritzlew 2016; Bellé, Cantarelli, and Belardinelli 2018), 
tend to be creatures of habit and to prescribe in the present as they have in the past, it 
seems essential to detect unwanted reference points that could fuel vicious prescription 
cycles. Considering the abundance of evidence about reference dependence 
(Baekgaard et al. 2019; Bellé, Cantarelli, and Belardinelli 2018; Blumenthal-Barby 
and Krieger 2015; Cantarelli, Belle, and Belardinelli 2020; Gustavo et al. 2016; Javier, 
Van Ryzin, and Leth Olsen 2021; Olsen 2015), it seems surprising that healthcare 
organizations do not yet fully leverage the potential impact of loss aversion and 
framing effects on enhancing the appropriateness of prescriptions.

Lastly, to the best of our knowledge, no previous work has rigorously tested the 
asymmetric dominance effect in medical prescriptions. In addition to extending the 
number of domains in which previous literature has already documented the impact of 
adding a decoy option into a choice set (Cantarelli, Belle, and Belardinelli 2020; Joel, 
Payne, and Puto 1982; Sebastian, Van Ryzin, and Van de Walle 2016; Tversky and 
Simonson 1993), our experiment urges healthcare managers to identify situations in 
which the inclusion of a decoy may reverse preferences and make clinicians and/or 
patients worse off.

In conclusion, our work might add value to public management scholarship that 
has fervently delved into the intricacies of overseeing public healthcare provision and 
services (Gofen, Meza, and Moreno-Jaimes 2023; Kirkpatrick, Zardini, and Veronesi  
2023) to pursue the impartiality and equity in accessibility that are core tenet of public 
bureaucracies (Frederickson 1971, 2005).
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