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This appendix includes robustness analyses of the four models presented in the main text. The first two columns of Table A1, probit 1 and probit 2, present the results when equations 1 and 2 are estimated with a probit instead of a logit estimator. Because the logistic distribution has a variance of π2/3, we expect the coefficient obtained using logistic regression, which is the natural logarithm of the odds ratio, to be about π/√3 ≈ 1.8 as large as the coefficient obtained using probit [1]. This is also what we see when we compare the results of models 1 and 2, reported in Table 4, with those of probit A1 and A2. For example, in the comparison of the coefficient for Private, we find that for model 1, it is ln(1.060) ≈ 0.058, which is twice as high as the coefficient for probit A1 of 0.029.
The comparison of results for model 1 (Table 4) with those for logistic A1a (Table A1) shows that the estimated odds ratio for Private is about one standard error larger when we control for age using age and age2 instead of using the age-group indicators. However, according to model 2 (Table 4) and logistic A2a, the choice of control variable for age has nearly no effect on the estimate of Private for the probability of a broad-spectrum antibiotic being prescribed.
Table A1. Robustness analysis of models 1 and 2.
	Model
	Probit A1
	Probit 2
	Logistic A1a
	Logistic A2a
	Logistic A1b
	Logistic A2b

	Private
	0.029***
	0.078***
	1.071***
	1.138***
	1.059***
	1.136***

	
	(0.0)
	(0.010)
	(0.008)
	(0.019)
	(0.008)
	(0.019)

	Women
	0.122***
	-0.655***
	1.323***
	0.337***
	1.297***
	0.337***

	
	(0.002)
	(0.007)
	(0.007)
	(0.004)
	(0.006)
	(0.004)

	Age group 3–6
	0.122***
	-0.125***
	
	
	1.232***
	0.816***

	
	(0.011)
	(0.025)
	
	
	(0.023)
	(0.035)

	Age group 7–12
	-0.050***
	-0.158***
	
	
	0.917***
	0.764***

	
	(0.011)
	(0.026)
	
	
	(0.018)
	(0.035)

	Age group 13–18
	-0.104***
	0.095***
	
	
	0.826***
	1.196***

	
	(0.010)
	(0.025)
	
	
	(0.015)
	(0.051)

	Age group 19–25
	-0.366***
	0.249***
	
	
	0.516***
	1.577***

	
	(0.009)
	(0.022)
	
	
	(0.008)
	(0.059)

	Age group 26–45
	-0.763***
	0.372***
	
	
	0.236***
	1.931***

	
	(0.009)
	(0.020)
	
	
	(0.004)
	(0.065)

	Age group 46–65
	-1.120***
	0.614***
	
	
	0.108***
	2.878***

	
	(0.008)
	(0.019)
	
	
	(0.002)
	(0.096)

	Age group 66–85
	-1.200***
	0.466***
	
	
	0.089***
	2.263***

	
	(0.008)
	(0.019)
	
	
	(0.001)
	(0.074)

	Age group ≥ 86
	-1.176***
	0.378***
	
	
	0.095***
	1.951***

	
	(0.009)
	(0.022)
	
	
	(0.002)
	(0.075)

	Prescriptions_ per_patient
	-0.001
	
	0.998
	
	0.992**
	

	
	(0.002)
	
	(0.004)
	
	(0.004)
	

	Age
	
	
	0.931***
	1.047***
	
	

	
	
	
	(0.000)
	(0.001)
	
	

	Age2
	
	
	1.0004***
	0.9996***
	
	

	
	
	
	(0.000)
	(0.000)
	
	

	Year × Month FE
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Muni_centre FE
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Muni_centre time trends
	Yes
	Yes
	Yes
	Yes
	
	

	Observations
	4,596,194
	152,055
	4,596,194
	152,055
	4,596,194
	152,055

	Log Likelihood
	-733,755
	-89,772
	-733,721
	-89,742
	-733,918
	-89,785

	[bookmark: _Hlk37085280]Notes: Coefficient estimates are reported for the probit estimations, and odds ratios are reported for the logistic estimations. The dependent variable in Probit A1, Logistic A1a and Logistic A1b is an indicator of the prescribed drug being an antibiotic. In the other three estimations, the dependent variable is an indicator of the prescribed antibiotic being broad spectrum. See also the notes to Table 4.




According to the point estimates for age and age2, the probability of a prescription being an antibiotic is lowest at age 83, whereas the probability of an antibiotic prescription being for a broad-spectrum antibiotic is highest at age 60. Both these results are consistent with the estimates obtained using age-group indicators.
The results for model A1b show that excluding municipality-specific time trends makes the odds ratio for Prescriptions_per_patient lower and significantly different from one. In contrast, the comparison of the estimates for models 1 and 2 with those for models A1b and A2b shows that nearly identical results are obtained with and without municipality-specific time trends. 
Tables A2 and A3 present robustness analyses of models 3 and 4. First, model lnN_antibioticsSV differs from model 3 by its dependent variable being , where Nryas denotes the number of inhabitants in municipality r, year y, age group a, and sex s. This is a transformation suggested by Smithson and Verkuilen [2] which avoids the problem of excluding a weighted share of 2% of the observations, for which N_antibiotics = 0, from the regression when lnN_antibiotics is used as the dependent variable. The results for model lnN_antibioticsSM are very similar to the results for model 3.
Model lnShare_broad differs from model 4 in using the natural logarithm of Share_broad (instead of Share_broad itself) as the dependent variable. With this dependent variable, N_Private is allowed to have the same percentage effect on Share_broad for all municipality × year × month × age group × sex combination. On the other hand, when Share_broad is used as the dependent variable, N_Private is restricted to have the same effect in percentage points on Share_broad for all observations, for example, to increase Share_broad by 0.04 both for age × sex groups that are almost never prescribed broad-spectrum antibiotics and for age × sex groups for which Share_broad often exceeds 0.5. For this reason, it is advantageous to use lnShare_broad as the dependent variable. A disadvantage in using lnShare_broad is that it is undefined for the weighted share of 6% of the observations in which Share_broad = 0. Because of this, we also present the results for model lnShare_broadSV, where the dependent variable is . Here,  is the number of prescriptions for antibiotics classified as either broad or narrow spectrum.  
The estimate for N_Private for models lnShare_broad and lnShare_broadSV is significant at the 5 and 10% level, respectively, and shows that one more private health centre is associated with a 6% increase in the proportion of broad-spectrum antibiotics. The latter can be compared to the point estimate from model 4 of 0.013 which is 4% of the mean Share_broad of 0.329. That is, using lnShare_broad or lnShare_broadSV, instead of Share_broad, as the dependent variable results in a slightly larger predicted effect of N_Private, but it does not change the sign of the estimate for this or other variables reported in the tables. Using lnShare_broadSVryas instead of lnShare_broadryas decreases the standard error and reduces the coefficient estimate for Age group 13–18, but has only a small effect on other estimates.
Because Share_broad and Share_broadSV are fractional variables, a fractional logit estimator and a maximum likelihood estimator for a beta distribution, respectively, can also be used. In terms of marginal effects, the estimates for N_Private are 0.013 (SE = 0.011) and 0.014 (SE = 0.008), where the latter is significantly different from zero at the 10% level. That is, these estimators give results for marginal effects nearly identical to those from the OLS estimation of model 4. Because the coefficients for these estimators are not as easy to interpret as OLS results, they are not presented in tables but are available on request.
Models Reg_private 3 and 4 differ from models 3 and 4 in including Reg_private instead of N_Private as explanatory variable. Reg_private is defined as the number of patients registered at private health centres within the municipality divided by the number of patients registered at all health centres within the municipality. Similar to N_Private, we consider Reg_private to be a measure of the supply of private primary care services. Reg_private increases when N_Private increases, but Reg_private can also be affected by the size of private and public health centres, for example, the size in terms of the number of physicians. For a given supply, Reg_private is also affected by patients’ choices of health centres, which makes it potentially more endogenous than N_Private. We only have yearly information for Reg_private and, therefore, aggregate the data into the municipality × year × age group × sex combination before estimating these models. At this aggregation level, lnShare_broad is only undefined for a weighted share of 0.5% of the observations, and we therefore use this as the dependent variable in model Reg_private 4. In model Reg_private 3, the dependent variable is the natural logarithm of the number of prescribed antibiotics per resident. The results show that the impacts of Reg_private are imprecisely estimated, but the estimates are positive and significantly different from zero at the 5 and 10% significance level, respectively. This indicates that different proxies for the supply of private healthcare services points in the same direction.
In model lnbroad, presented in Table A3, the natural logarithm of the number of broad-spectrum antibiotics per resident, lnbroad, is used as the dependent variable, and the observations are weighted by the number of inhabitants. This model estimates the total impact of N_Private on the number of prescriptions for broad-spectrum antibiotics – both the impact on prescription of any antibiotic and the impact on the choice of broad-spectrum drugs when prescribing antibiotics. The variable lnbroad is undefined for nearly half of the 16,200 observations, but the weight of these observations is only 9% because it is mainly observations with few inhabitants that have no prescription of broad-spectrum antibiotics. Still, to investigate the importance of excluding these observations, we also report the result of model lnbroadSV, where the dependent variable is . The results indicate than one additional private health centre increases prescriptions for broad-spectrum antibiotics by 10%. This estimate is expected because a unit increase in N_Private increases antibiotic prescriptions by 4% according to model 3 and the proportion of broad-spectrum antibiotics by 6% according to model lnShare_broad. The choice of dependent variable is found to affect the estimate for the 46–65-year age group, but to have little effect on the other estimates. 
Lastly, Logistic A3 and Logistic A4 report the results obtained from logistic regressions of the same observations as analysed in models 1 and 2, but when N_Private_centre is used as explanatory variable instead of Private. An advantage with these models is that they can be estimated using all relevant prescriptions without having to transform the dependent variable. The variable N_Private_centre is defined as the number of private health centres in the municipality where the health centre the patient visits is located (as compared to the municipality of residence of the patient). We used this variable in Logistic A3 and Logistic A4 so that we could estimate the models also using prescriptions written in Västerbotten County for patients living outside the county. The results confirm that the supply of private primary care increases the probability that an antibiotic is prescribed and the probability that the prescribed antibiotic is broad spectrum.



Table A2. Robustness analysis of models 3 and 4.
	Model
	lnN_antibiotics SV
	lnShare_broad
	lnShare_broadSV
	Reg_private 3
	Reg_private 4

	N_Private
	0.034*
	0.057*
	0.056**
	
	

	
	(0.020)
	(0.032)
	(0.027)
	
	

	Reg_private
	
	
	
	3.479**
	3.499* 

	
	
	
	
	(1.578)
	(1.843) 

	Women
	0.567***
	-0.641***
	-0.599***
	0.567***
	-0.639***

	
	(0.005)
	(0.009)
	(0.007)
	(0.010)
	(0.013)   

	Age group 3–6
	-0.111***
	-0.179***
	-0.162***
	-0.118***
	-0.173***

	
	(0.020)
	(0.029)
	(0.023)
	(0.035)
	(0.043)   

	Age group 7–12
	-0.604***
	-0.234***
	-0.217***
	-0.644***
	-0.263***

	
	(0.019)
	(0.032)
	(0.025)
	(0.033)
	(0.045)   

	Age group 13–18
	-0.286***
	0.085***
	0.025
	-0.312***
	0.047   

	
	(0.018)
	(0.030)
	(0.024)
	(0.033)
	(0.043)   

	Age group 19–25
	-0.422***
	[bookmark: _GoBack]0.186***
	0.136***
	-0.446***
	0.190***

	
	(0.017)
	(0.027)
	(0.021)
	(0.031)
	(0.039)   

	Age group 26–45
	-0.417***
	0.298***
	0.239***
	-0.427***
	0.355***

	
	(0.016)
	(0.024)
	(0.019)
	(0.029)
	(0.035)   

	Age group 46–65
	-0.214***
	0.507***
	0.463***
	-0.226***
	0.602***

	
	(0.016)
	(0.023)
	(0.019)
	(0.029)
	(0.035)   

	Age group 66–85
	0.345***
	0.320***
	0.285***
	0.335***
	0.428***

	
	(0.017)
	(0.023)
	(0.019)
	(0.029)
	(0.034)   

	Age group ≥ 86

	0.875***
	0.294***
	0.220***
	0.856***
	0.314***

	
	(0.024)
	(0.027)
	(0.022)
	(0.042)
	(0.040)   

	Year × Month FE
	Yes
	Yes
	Yes
	
	

	Year FE
	
	
	
	Yes
	Yes

	Muni_centre FE
	
	
	
	
	

	Muni_centre time trends
	
	
	
	
	

	Muni_patient FE
	Yes
	Yes
	Yes
	Yes
	Yes

	Muni_patient time trends
	Yes
	Yes
	Yes
	Yes
	Yes

	Observations
	16,200
	8,395
	12,606
	1,350
	1,234

	R2
	0.669
	0.512
	0.463
	0.883
	0.768

	[bookmark: _Hlk37830591]Note: Coefficient estimates are reported for all five models. For the first three models, the name of the model indicates which dependent variable is used. For the last two models, the dependent variables are lnN_antibiotics and Share_broad. See also the note to Table 4.




Table A3. Further robustness analysis of the impact of the number of private health centres.
	Model
	lnbroad
	lnbroadSV
	Logistic A3
	Logistic A4

	N_Private 
	0.092**
	0.098***
	
	

	
	(0.036)
	(0.029)
	
	

	N_Private_centre
	
	
	   1.061***
	1.077*

	
	
	
	(0.020)
	(0.049)

	Women
	0.093***
	0.084***
	1.298***
	0.337***

	
	(0.010)
	(0.008)   
	(0.006)
	(0.004)

	Age group 3–6
	-0.335***
	-0.315***
	1.232***
	0.817***

	
	(0.038)
	(0.028)   
	(0.023)
	(0.035)

	Age group 7–12
	-1.025***
	-0.944***
	0.917***
	0.762***

	
	(0.037)
	(0.027)   
	(0.018)
	(0.035)

	Age group 13–18
	-0.624***
	-0.664***
	0.827***
	1.202***

	
	(0.036)
	(0.027)   
	(0.015)
	(0.051)

	Age group 19–25
	-0.541***
	-0.576***
	0.518***
	1.588***

	
	(0.033)
	(0.025)   
	(0.008)
	(0.060)

	Age group 26–45
	-0.318***
	-0.439***
	0.236***
	1.943***

	
	(0.031)
	(0.023)   
	(0.004)
	(0.066)

	Age group 46–65
	0.073**
	-0.028   
	0.108***
	2.904***

	
	(0.031)
	(0.023)   
	(0.002)
	(0.096)

	Age group 66–85
	0.520***
	0.426***
	0.090***
	2.279***

	
	(0.032)
	(0.024)   
	(0.001)
	(0.075)

	Age group ≥ 86

	1.026***
	0.907***
	0.095***
	1.970***

	
	(0.045)
	(0.034)   
	(0.002)
	(0.076)

	Prescriptions_ per_patient
	
	
	1.003
	

	
	
	
	(0.004)
	

	Year × Month FE
	Yes
	Yes
	Yes
	Yes

	Year FE
	
	
	
	

	Muni_centre FE
	
	
	Yes
	Yes

	Muni_centre time trends
	
	
	Yes
	Yes

	Muni_patient FE
	Yes
	Yes
	
	

	Muni_patient time trends
	Yes
	Yes
	
	

	Observations
	8,395
	16,200
	4,596,194
	152,055

	Log Likelihood
	
	
	-733,802
	-89,728

	R2
	0.638
	0.574
	
	

	Note: Coefficient estimates are reported for the first two models and odds ratios are reported for the logistic models. The dependent variables are lnbroad and lnbroadSV, an indicator for the prescribed drug being an antibiotic and an indicator for the prescribed antibiotic being broad spectrum, respectively. See also the note to Table 4.
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