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Abstract:
Audit and feedback is used as a strategy to guide practices of health care professionals towards certain targets. The
outcome of interest can be quality improvements, but also ensuring that health care workers adhere to relevant
regulations. We conducted a nationwide field experiment in the Norwegian primary care sector to study the
behavioral responses from giving general practitioners feedback (GPs) on their claiming of fees. The email-based
feedback intervention targeted GPs who most frequently claimed fees for double consultations and provided them
with a reminder of the formal regulations for double consultations. The intervention caused a 2-5 percentage point
reduction in the use of the double-consultation fee, reducing the yearly health care spending of the Norwegian
government by approximately
000 (or 1 270 per GP).
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1 Introduction,
Audit and feedback is used as a strategy to align professional practice with professional targets or
standards. This is widely used for health care professionals, including general practitioners (GPs). The
belief is that they are prompted to modify their practice when given performance feedback showing that
their clinical practice is inconsistent with a desirable target (Hysong et al., 2006). The outcome of interest
can be quality improvements and/or adherence to relevant regulations when prescribing. The purpose of
this paper is to evaluate a field experiment on professional feedback, following a financial audit on
Norwegian GPs.
GPs in Norway are remunerated with a combination of capitation (i.e. a fixed amount per patient) and feefor-service (FFS). Beyond patient co-payments, GPs are reimbursed by HELFO the government agency
tasked with paying health professionals. One of the most used fees is a double-consultation fee (DCF),
which can be claimed for consultations with a long duration (lasting more than 20 minutes). In 2019, the
DCF was used more than five million times, amounting to 10M. This constituted more than 20% of the
total fee reimbursement GPs received from the Norwegian health insurance scheme (HELFO, 2020).
In collaboration with HELFO, we conducted a nationwide field experiment in the Norwegian primary care
sector to study the causal effects of giving GPs feedback on their claiming of DCF. The email-based
feedback intervention targeted GPs who most frequently claimed fees for double consultations and
provided them with a reminder of the formal regulations for double consultations. GPs in our study sample
were randomly assigned to a control group (Control) or one of the two intervention groups Mild or Strong.
GPs in the two intervention groups would receive different versions of a feedback email, whereas GPs in
Control would not receive any feedback email. The feedback emails contained information about the total
cost of DCFs reimbursed by HELFO in 2018 and stated that the GP used DCFs more frequently than the
average GP. The information received by the two different intervention groups only differed in the
heading. Mild received a feedback email with the heading Information about DCF and Strong had the
heading Regarding your use of DCF With HELFO distributing the email, we were able to use HELFO s
established infrastructure to conduct the experiment, thus minimizing administrative costs and costs for
patients and providers (Ivers et al., 2014), while enhancing the external validity of the study (Harrison et
al., 2004). The field experiment enabled us to compare the behavioral responses to the different
formulations used when messaging GPs, similar to Bott et al. (2019) who studied the effects of differently
worded emails to reduce tax evasion. We also adjusted for seasonal effects and studied the impact of the
Covid-19 pandemic on the estimated effects. Finally, and due to the possibility of internal communications
among the GPs in a restricted Facebook group for GPs in Norway2 and coverage of the intervention in the
(national) media (Brandtzæg Clausen, 2019; Hafstad, 2019; Storvik, 2019), we analyzed the effect of the
intervention on Control to quantify possible spillover effects. We quantified the causal effect of our field
intervention on the monthly claims of the DCF relative to the regular consultation fee, i.e., the fee for a
consultation lasting less than 20 minutes, in the 14-month period after the intervention.
The intervention had a statistically significant effect: Both the descriptive analysis of mean differences and
the regression models showed a 2-5 percentage point drop in the use of DCF for both mild and strong
intervention groups compared to the pre-treatment period. This relatively large short-term effect
diminished over time. However, the effect remained statistically significant one year after the
2

According to Gronseth et al. (2020), a restricted Facebook group for GPs in Norway exists. As of spring 2018, the
list included 3,357 members, of whom approximately 50 participated regularly in discussions.

2

intervention. We also find that the observed difference between the Mild and Strong intervention groups
is not statistically significant. Our interpretation is that receiving feedback has a larger impact than the
specific wording used. The intervention effects in this study have economic significance. The reduction
observed in the use of DCF for the intervention groups added up to 877 279 per year or 1 270 per GP in
the sample.
We contribute to the literature on field experiments in health care by implementing two relatively minor
email interventions to influence clinical practice and generate cost savings. Related studies focusing on
antibiotics have shown that information letters (Meeker et al., 2016; Schwartz et al., 2021) and a mystery
shopper scheme (Cheo et al., 2020) can reduce prescribing. Laboratory experiments have also been used
for studying the behavioral responses caused by disclosing information about
performance, and
by reminding providers about professional norms. Godager et al. (2016) found that compared to a regime
with private information, a regime with performance disclosure was more likely to result in maximum
benefits for patients. Experimental results reported by Kesternich et al. (2015) indicate that raising the
saliency of professional norms affect patient-regarding preferences and improve health outcomes.
A common approach in the literature is to refer to a recommended clinical practice. In our study, the
informational email only contained reference to a consultation fee without benchmarking it to
standardized clinical care. More generally, there are other studies on the effects of auditing and feedback
on clinical practice establishing the effects as small to moderate (Eccles et al., 2001; Ivers et al., 2012;
Jamtvedt et al., 2006). These studies have primarily been concerned with high intensity feedback i.e.,
peer-to-peer, interviews, telephone calls, visits, educational components, and seminars. Likewise, the use
of reminder messages to reduce radiology referrals has shown to be effective, but without reference to a
GPs relative performance (Shojania et al., 2009). Moreover, these studies have primarily been concerned
with implicitly or explicitly making accurate assessments of diagnoses.
The paper proceeds as follows: Section 2 provides an overview of the Norwegian study setting. The
randomization and interventions in the field experiment is presented in Section 3. Data and empirical
methods are presented in Section 4. The results from nonparametric and parametric analysis are
presented in Section 5, followed by a discussion of the findings, limitations, and implications for GP
practice in Section 6.

2 Study setting
Norway has a National Health Service system financed through general taxation. Norwegian health care is
organized into primary and secondary health care sectors. The former is the responsibility of municipalities
while the latter is the responsibility of the central government. Since 2001, every Norwegian is listed with
a GP, who also acts as a gatekeeper to access specialized care. In 2019, there were approximately 4,800
GPs, and only 0.2 % of the inhabitants had opted out of the system (Gaardsrud, 2020). Patients may switch
GPs twice a year, and about 3 % of the patients do so annually. Most GPs (85 %) are self-employed and
contract with a municipality. All fees and co-payments are set at the national level, without any
geographical variations. The fee schedule specifies patient co-payments and fees reimbursed by HELFO the government agency tasked with paying health professionals who contract with the National Health
Service. The fee schedule includes a DCF, a fee that can be claimed in addition to the RCF by GPs when
consultations exceed a duration of 20 minutes and can be repeated per each started 15 min.3 The RCF is
3
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higher for GPs who have qualified as specialists in general medicine. A typical GP consultation would result
in claims for one RCF plus DCFs for long consultations.
Table 1 GP fees for three consultation durations in 2019.
Consultation duration in minutes
RCF [RCF for specialist in general med.]
DCF
Total claim

0 20
16 [ 26]
0
16 [ 26]

21 35
16 [ 26]
1* 21
38 [ 48]

36 50
16 [ 26]
2* 21
59 [ 69]

HELFO is also the financial auditor of GPs and may independently determine sanctions against health
professionals that have failed to comply with the relevant regulations. HELFO performs financial audits of
health professionals to ensure that the reimbursements to the health professionals are in line with the
financial regulations of the public national insurance scheme. They also organize courses for GPs as part
of their specialization. Following an audit, HELFO may independently determine sanctions against health
professionals that have failed to comply with the relevant rules. The sanctions include instructions to
adjust current practice, refund, loss of the right to practice at the expense of the Norwegian government,
and reporting to the police. In 2020 (2019), HELFO reported 9 (3) cases to the police, 8 (10) health
professionals lost the right to practice at the expense of the Norwegian government, and health care
professionals had to return
of payments received (Norwegian Directorate of Health, 2020).
DCF has been a focus-area for HELFO in the lead up to our intervention, including information to GPs on
fee regulations through newsletters and courses and by implementing automating rejection of excess use
of DCFs.

3 The field experiment
3.1 Sampling and randomization
The inclusion criteria for the field intervention sample were as follows:
1. GPs had to claim reimbursement from HELFO during the first six months of 2019
2. GPs had to claim at least 500 RCF during this period.
3. GPs had to rank among the top 700 GPs based on their frequency of DCFs relative to RCFs.
The frequency of DCFs relative to RCFs in our sample varied from 59 % to 173 % during the inclusion period.
In comparison, the average relative frequency for all GPs was around 38 %. Nine GPs were dropped since
they already were being audited by HELFO, resulting in a study sample of 691 GPs. To avoid contamination
between study arms, we made sure that GPs located at the same GP practice address were allocated to
the same arm of the experiment4.
After sampling, GPs were randomly assigned to one of three study arms: Control (no feedback) or either
of two intervention groups Mild or Strong. Mild and Strong received identical feedback emails except for
the different headings. GPs in Strong received feedback email where the heading was Regarding your use
4
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of DCF . In contrast, GPs in Mild received feedback emails where the heading was simply: Information
about DCF Hence, we followed Bryan et al. (2013) and used active language to address the reader as
in the Strong arm and passive language in the Mild arm.

3.2 The feedback intervention
In the email body, the first paragraph stated the total amount (in NOK) that HELFO reimbursed for DCFs in
2019. The second paragraph gave details about the information campaign
you
that was meant
to increase the
awareness about claiming fees (HELFO, 2019). The third paragraph stated actively that
were receiving the email since statistics showed that
had used DCFs significantly more that
the average GP. The fourth paragraph provided information about where the documentation for the claim
in the former paragraph was taken from and where the GP could find more information about his or her
claiming of fees. The fifth paragraph stated that the email was for information and guidance that the GP
need not answer. It also provided an email address, a phone number, and a reference number to be used
if the GP would like to contact HELFO. The last paragraph provided a link to the
you know campaign
and a link to the HELFO newsletter.
An overview of the process for arriving at the control and intervention groups is provided in Flow Chart 1.

[Flow chart 1 about here]

4 Data and methods
4.1 Variable definitions
Data on the use of DCFs and RCFs per month from Jan 2017 to Nov 2020 were extracted for each GP in the
three study arms. We could then compute the percentage of DCF relative to RCF henceforth denoted by
%DCF. %DCF is the main outcome variable in our empirical analyses. Using the indexes ijt to represent the
fee j claimed by GP i in month t, our outcome variable %DCF is defined in Equation (1).
(1)
In the descriptive analysis, within group differences in the %DCF claims over time periods after vs. before
the intervention were examined by means of Wilcoxon signed rank tests. Overall differences in the %DCF
claims across the intervention groups were examined by Kruskal-Wallis tests. Tests were performed both
as a simple comparison before vs. after the intervention and as before the intervention vs. three time
periods after the intervention (0-4 months, 5-9 months, 10-14 months) to study whether effects were
reduced over time. Non-parametric tests were used due to skewness in the %DCF claims in the sample.

4.2 Model specification
We specify linear regression models with random GP specific effects. To examine how effects change over
time, our specification let post intervention effects vary by time period. We control for seasonal effects by
using dummy variables for months and studied the impact of the Covid-19 pandemic on the estimated
effects by adding a dummy variable equal to 1 from March 2020 onwards. Our model is specified as:
,
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(2)

where
is a vector of dummy variables for the three arms.
is a vector of dummy variables for
the periods Sep 2019-Jan 2020 (0-4 months after intervention), Feb-Jun 2020 (5-9 months after) and JulNov 2020 (10-14 months after).
is the interaction between the two, giving rise to nine
combinations, three terms per arm.5
is a vector of eleven dummy variables Feb
Dec with
January being the reference category.
is a dummy variable taking the value 1 starting from March
2020. The latter two were included to assess the robustness of the intervention effect by taking into
account changes in activity across seasons and following the pandemic. Finally, is a GP specific random
effect, while is a noise term.
Note that in our specification, we assume no difference in DCF use between the three arms prior to the
intervention (observations score 0 on all dummies in
and
variables). This assumption is
reasonable given that GPs are randomized to one of the three arms. The assumption was also supported
by testing for difference using observations prior to Sep 2019 only (both by Kruskal-Wallis and by using a
regression model with dummy variables for the study arms). Also note that the model will enable us to
study effects in the control arm over time and hence the possible impact of information leaks via personal
communication between GPs, in Facebook groups, and to the media: Effects in the control arm are
represented by the three coefficients in 1 that are assigned to Control. Similarly, the three coefficients in
1 that are assigned to Mild (and the three coefficients in 1 that are assigned to Strong) will reflect the
effects of the Mild (Strong) intervention in each time period post intervention compared to pre
intervention.
The distribution of %DCF is skewed in the sample. Using a gamma generalized linear mixed model with log
link yielded very similar p-values for the regression coefficients, thus we opted to keep the linear model
to get absolute instead of relative effects from the independent variables. The small differences in results
across model specifications is likely to be a result of the sample size (691 GPs contributing to 27,304
observations).
The choice between a fixed or random effect model will in general involve a trade-off between robustness
(fixed effects) and efficiency (random effects). A random effect model provides efficient slope estimates
when the random effects are uncorrelated with the regressors, and a random effect model is preferred
when this assumption is met. Since all regressors are deterministic in the case at hand, the random effect
assumptions are not restrictive. Our choice was also supported by a Hausman test (p-value of 0.13 for the
model above), and there were negligible differences between the coefficients from the fixed and random
effect models. In two sensitivity analyses, we first added to the model a random effect for practice to
capture dependence in
behaviors within the same practice and variation between practices in
%DCF claims. However, this did not change the results. The variation between practices was nonsignificant when including variation between GPs. Second, GPs with low activity in regular consultation
fees will either have lower activity in general or have shorter total follow-up time. Removing the 50 GPs
with the lowest activity in regular consultation fees during the study period did not alter the results.
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5 Results
5.1 Descriptive results
Table 2 present descriptive results. The arms are approximately balanced, considering the large standard
deviations for the fees per month per GP. As is clear, the unadjusted effects seem stable through the
follow-up time period. There is a small reduction in %DCF after the intervention in the control arm;
however, this is not significant at the 5 % level for any of the time periods after compared to before the
intervention according to Wilcoxon signed rank tests (p>0.2 for all). For the mild and strong intervention,
however, the reductions in %DCF for all time periods after the intervention compared to before are
statistically significant (p<0.01 for all). There are also significant differences between the control and
intervention groups in %DCF for each time period after intervention vs. before (p=0.01 for time period 014 months vs. before, Table 2).

Table 2 Descriptive statistics. Mean (SD) monthly claims for RCF and DCF and Mean (SD) of %DCF for the three arms.

Study arm

Control
N=230

Mild
N=230

Strong
N=231

Variable

Before
intervention:

After: 0-4 mths
(p<0.001)*

5-9 mths
(p=0.027)*

10-14 mths
(p=0.025)*

0-14 mths
(p=0.01)*

%DCF

70.5 (16.7)

69.6 (20.9)

68.6 (20.4)

69.5 (20.8)

68.8 (20.2)

#DCF

136 (53)

142 (63)

131 (62)

139 (65)

137 (63)

#RCF

193 (60)

206 (81)

194 (81)

207 (89)

200 (79)

%DCF

70.2 (18.0)

65.9 (21.1)

66.7 (22.2)

67.6 (23.4)

66.2 (19.5)

#DCF

144 (49)

148 (58)

142 (59)

148 (65)

226 (81)

#RCF

209 (65)

230 (87)

222 (86)

227 (94)

145 (56)

%DCF

70.3 (16.7)

65.8 (19.9)

66.3 (22.0)

66.8 (21.8)

66.2 (19.6)

#DCF

147 (61)

152 (72)

141 (72)

147 (75)

225 (78)

#RCF

211 (70)

234 (83)

213 (84)

220 (84)

148 (70)

*The p-values refer to Kruskal-Wallis tests on differences across intervention and control arms in the %DCF at 0-4 months after
vs. before, 5-9 months after vs. before, and 10-14 months after vs. before.

Figure 1 presents the %DCF by arm and months. In September 2019 the first month GPs would have
been able to alter their claiming of fees we see a distinct reduction in the use of DCFs for all three
study arms. The largest reduction in DCF claims is observed in the two intervention groups, Strong and
Mild.
[Figure 1 about here]
Figure 2 presents a histogram of relative frequencies of GPs in each of ten deciles for %DCF claims in August
and September 2019. The intervention was implemented in the end of August 2019. When comparing the
distribution in September with August, one can see clearly how the probability mass was shifted to the
left. For example, we see that the relative frequency of GPs with %DCF > 90% was reduced from 17.9 % in
August 2019 to 13.1 % in September 2019. We also see that the relative frequency of GPs with %DCF
7

between 40 and 49 was more than doubled, from 4.9 % in August 2019 to 11.8 % in September the same
year.
[Figure 2 about here]

5.2 Regression analysis
Table 3 presents the estimation results from two regression models; the unadjusted model showing the
effects of each intervention group at different time periods and an adjusted model where dummy variables
are added for months and the Covid-19 outbreak.
Table 3: Estimation results from linear regression models. N=691 GPs contributing to 27,304 observations in total. Dependent
variable %DCF

Unadjusted analysis
Variable:

Coefficient
(95% CI):

Before intervention

Reference

p-value

Adjusted analysis
Coefficient
(95% CI):

p-value

Reference

Control 0-4 months after

-1.05 (-2.08, -0.02)

0.05

-1.04 (-2.10, 0.03)

0.06

Control 5-9 months after

-1.14 (-2.19, -0.08)

0.03

0.58 (-1.08, 2.24)

0.49

Control 10-14 months after

-0.38 (-1.46, 0.71)

0.49

1.14* (-0.79, 3.08)

0.25

Mild 0-4 months after

-4.01 (-5.01, -3.00)

<0.001

-3.98 (-5.02, -2.93)

<0.001

Mild 5-9 months after

-3.97 (-4.99, -2.93)

<0.001

-2.25 (-3.89, -0.61)

0.01

Mild 10-14 months after

-4.34 (-5.39, -3.26)

<0.001

-2.82 (-4.73, -0.90)

<0.001

Strong 0-4 months after

-4.96 (-5.95, -3.96)

<0.001

-4.93 (-5.96, -3.88)

<0.001

Strong 5-9 months after

-3.79 (-4.83, -2.75)

<0.001

-2.06* (-3.71, -0.41)

0.01

Strong 10-14 months after

-3.86 (-4.93, -2.80)

<0.001

-2.34* (-4.26, -0.41)

0.02

Dummies for months

YES

Before Covid-19

Reference

After Covid-19
Constant
R2
Share variance due to GP random effect

70.52 (69.23, 71.80)

<0.001

-1.96 (-3.54, -0.37)

0.02

71.50 (70.08, 72.91)

<0.001

0.0047

0.0085

56%

55%

*Marks significant differences across time periods within the study arms at the 5% level.

There is a borderline significant effect of around one percentage point reduction in %DCF in the control
arm 0-4 months after the intervention in both unadjusted and adjusted analyses. However, this seems to
disappear after 5 months in the adjusted analyses.
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There is a statistically significant drop in %DCF for both Mild and Strong intervention arms and
substantially higher than for the control group. While the Mild and Strong intervention groups also have
an apparent reduction over time following intervention after adjusting for seasonal effects and Covid-19,
the reduction is significant only for the Strong. Significance follows from tests of the
interaction, using 0-4 months after the intervention as reference for each of the study arms. For Strong in
the adjusted analyses, for example, the initial effect is a reduction of 4.93 percentage points in %DCF. The
size of the effect is reduced over time but remains significant; that is, a medium- and a long-run effect
exists, respectively, of 2.06 and 2.34 percentage points, 5-9 months and 10-14 months after the
intervention. Switching reference category for the
interaction will also show significant
differences for each time period between controls after the intervention and for both the mild and strong
intervention groups. There are no significant differences between the mild and strong interventions,
however. The large variation in the outcome is apparent from the low R2-values. Due to collinearity, it is
not feasible to further separate exogenous calendar time trends from the effects of the intervention.

6 Discussion and conclusion
We conducted a nationwide field experiment in the Norwegian primary care sector to study the behavioral
responses of GPs receiving feedback on their claiming of fees. The interventions focused on the mode of
treatment and whether the use of fees was aligned with regulatory and not clinical guidelines.
We found statistically significant effects of a simple feedback intervention via email. The effects are
relatively large and long-lasting, and observable in both intervention groups through the 14-month followup period. We also find a short-run borderline significant effect in the control group, most probably caused
by sharing of information in a closed Facebook groups and media coverage that followed the intervention.
While our findings inform the debates around drawing causal conclusions from randomized control trials,
the known challenges concerning the upscaling of experiment results into real world settings remain (AlUbaydli et al., 2021; Al-Ubaydli and List, 2015; Banerjee et al., 2017; Deaton, 2020; Harrison, 2021, 2011).
There are multiple channels through which the intervention caused behavioral responses for the Mild and
Strong intervention groups. The intervention highlighted the existence of
auditing measures. The
mere existence of an audit may influence a
belief about the likelihood that the auditor has knowledge
about his or her income-generating activities. This may affect the decision to claim the DCF. This
information is given to both intervention groups, but not to the control group and the GPs that learned
about the audit through the media leak. However, the mild intervention group would only learn that
HELFO possessed this knowledge if they opened the feedback email, as the passive language used in the
heading did not reveal that the email contained individual information of the GPs use of the DCF. Having
said so, the mild intervention group might have learned about the individual information given in the email
through the media leak, as the media reported that this information was given in the email, and that the
division director of HELFO confirmed that the receivers of the emails had used the DCF significantly more
than the average GP (Storvik, 2019). Hence the shift in the claiming of DCFs can be understood as being a
resulting of shift in beliefs.
We conclude by noting that the effects of the field experiment constituted a significant reduction in
reimbursement of the DCF, hence contributing to savings for Norwegian taxpayers. The reduction
observed in %DCF among the mild and strong intervention groups in the study sample add up to 877 279
per year or 1 270 per GP. How big the savings would be if the field experiment were to be scaled up is
difficult to estimate due to issues of external validity and scalable policies (Al-Ubaydli and List, 2015;
9

Banerjee et al., 2017). One issue that might lower the effect of a large-scale implementation is that honest
GPs might feel they are unfairly treated due to the audit and respond by being less inclined to follow the
financial regulations of the public National Insurance Scheme (Houser et al., 2012; Hu and Ben-Ner, 2020).
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Flow Chart 1: Process for sampling, randomization, and intervention

Figure 1: %DCF by study arm and month. N=691 GPs contributing to 27,304 observations in total
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Figure 2: Histogram of relative frequencies in the months pre- and post- intervention. N=691 GPs contributing to 27,304
observations in total
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