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Background: Repurposing registered drugs could reduce coronavirus disease (COVID-19) burden before novel drugs are authorized. 
Little is known about how the pandemic and imposed restrictions changed their dispensing. We aimed to investigate the impact of 
COVID-19 pandemic on repurposed drugs dispensing in the Netherlands.
Methods: We performed interrupted time-series study using University of Groningen prescription database IADB.nl to evaluate 
dispensing trends of 24 repurposed drugs before (2017-February 2020) and after (March 2020–2021) the pandemic’ start. Primary 
outcomes were monthly prevalence and incidence rates. An autoregressive integrated moving average model assessed the effect of 
pandemic and stringency index (measuring strictness of government’s restriction policies).
Results: Annual number of IADB.nl population ranged from 919,697 to 952,400. Generally, dispensing of common long-term-used 
drugs was not significantly affected by pandemic. The prevalence of antibacterials (−4.20 users per 1000 people), antivirals (−0.04), 
corticosteroids (−1.29), prednisolone (−1.32), calcium channel blocker (−0.41), and diuretics (−1.29) was lower than expected after the 
pandemic’s start, while the prevalence of ivermectin (0.07), sulfonylureas (0.15), sodium-glucose co-transporter-2 (SGLT2) inhibitor 
(0.17), and anticoagulants (1.95) was higher than expected. The pandemic was associated with statistically significant decreases in the 
incidence of antibacterials (−1.21), corticosteroids (−0.60), prednisolone (−0.64) and anticoagulants (−0.02), and increases in 
ivermectin (0.02), aggregated antidiabetic drugs (0.13), and SGLT2 inhibitors (0.06). These trends were positively associated with 
pandemic and negatively associated with stringency index.
Conclusion: Dispensing of most drugs was not significantly associated with pandemic and government’s response. Despite some 
statistically significant disruptions, these were not necessarily clinically relevant due to small absolute differences observed.
Keywords: COVID-19, drug utilization, repurposed drug, stringency index

Introduction
Since the outbreak, more than 8.59 (out of 17.53) million people in the Netherlands have been infected with coronavirus 
disease (COVID-19). The COVID-19 pandemic and the government measures implemented to contain the spread of the 
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) virus have posted major challenges to healthcare 
systems. At the beginning of the COVID-19 pandemic, many different preventive or therapeutic registered drugs were 
explored as off-label use for COVID-19, such as hydroxychloroquine (HCQ), ivermectin, and corticosteroids, which 
were identified in previous systematic reviews and meta-analyses.1–3 Recent studies have reported that the dispensing of 
the repurposed drugs increased or decreased significantly after the declaration of the COVID-19 pandemic4–6 in Australia 
and the US, but little was known about whether the dispensing of these drugs in Europe or the Netherlands was 
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experiencing the similar alteration as in other countries. In addition, the above studies did not take the stringency of 
government’s measures into account, which was not constant during the COVID-19 period. The stringency index is a 
real-time composite measure calculated by the Oxford Government Tracker Team that reflects the stringency of 
government responses to the pandemic.7 Nine metrics are used to calculate the stringency index, including school and 
workplace closures, public event cancellations, restrictions on public gatherings, public transportation closures, stay-at- 
home requirements, etc. The stringency index is a more accurate parameter than simply dividing the pandemic period 
into multiple time periods, as it can assess and quantify the extent to which the pandemic changes people’s dispensing 
behavior.

We developed two hypotheses about the impact of the pandemic and related containment measures on the dispensing of 
repurposed drugs in community pharmacies. Our first hypothesis was that the pandemic is associated with a decrease in drug 
dispensing. There is evidence that the number of consultations at both general practitioners and emergency care in the 
Netherlands decreased.8 Patients have been discouraged to seek medical care for mild symptoms of respiratory tract infection 
(RTI) and, from July 2020, have been urged to get a COVID-19 test through public health services first. In addition, dispensing 
of drugs used to treat infection and inflammation may have decreased during the pandemic due to reduced mobility and 
exposure to pathogens as a result of social distancing, school closures, hygiene measures, and fear of COVID-19 exposure.

Our second hypothesis was that the pandemic is associated with an increase in drug dispensing. Many registered 
drugs have been evaluated for possible efficacy to prevent or treat COVID-19 in in-vitro, animal studies, clinical trials, 
and observational studies. Although definitive and robust evidence on the efficacy of these repurposed drugs has not yet 
been published, misinformation about their benefits has been widespread, which might boost the use of repurposed drugs. 
In addition, some of these drugs (such as angiotensin-converting enzyme inhibitors (ACEi), insulin) are important drugs 
for chronic diseases such as hypertension and diabetes, for which daily drug supply is crucial. Patients who rely on these 
drugs to manage their health conditions may stockpile these drugs due to concerns about limited access to pharmacies 
during COVID-19 pandemic.

It is crucial to determine the extent to which the drug dispensing in the Netherlands has been affected by the COVID- 
19 pandemic, and to gain some insight into how to improve the healthcare system in preparation for the next pandemic. 
Therefore, the primary objective of this study was to investigate the impact of the COVID-19 pandemic and the 
government’s response to it (stringency index) on the dispensing of repurposed drugs in the Netherlands. Drug dispensing 
can be determined based on the prevalence and incidence rates. In the context of the COVID-19 pandemic, the 
prevalence rate is indicative of the availability of drugs, the possibility of stockpiling, and the level of care, while the 
incidence rate is useful for understanding how treatment patterns are changing in response to the pandemic and any 
newly issued guidelines.

Method
Study Design and Data Source
We conducted an interrupted time-series study to evaluate the impact of the pandemic (the interruption) on drug 
utilization. Data were obtained from the IADB.nl pharmacy prescription database of the University of Groningen, 
which contains dispensing data from approximately 120 community pharmacies and covers over 1,120,000 individuals 
for more than 27 years in the northern region of the Netherlands. The dispensing data include basic patient characteristics 
and complete information on the prescribed drug (Anatomical Therapeutic Chemical (ATC) classification), the prescrip
tion date, the prescribed daily dose, and the number of drug units dispensed. Over-The-counter (OTC) drugs and in- 
hospital prescriptions were not included. The data were anonymized, and no individual patients were identifiable from 
the data. The IADB.nl database is based on community pharmacies in the Netherlands and has been proven to be 
representative of the whole Dutch population in terms of age distribution and the prevalence of drug use.9

Study Population
The study period covered a pre-pandemic period from January 2017 to February 2020 and the pandemic period from 
March 2020 to December 2021 (the first COVID-19 case in the Netherlands was diagnosed on February 27th 2020). The 
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prevalent users were defined as individuals aged 18 years and older who were registered in IADB.nl and had at least one 
dispensing for the drugs of our interest. For prevalent users, age was defined on 31 December each year. The incident 
users were defined as adults who initiated the dispensing of corresponding drugs within the study period and had no 
corresponding dispensing 365 days before the index date. The index date was the date of the first dispensing during the 
study period. For incident users, age was defined at index date. Patients were required to be included in the database at 
least one year before their first dispensing of drugs of our interest to select new users, estimate incidence, and select 
chronic disease drug users. Chronic disease drug users were defined as people with at least two corresponding 
dispensings for diabetes, hypertension, cancer, cardiac arrhythmia, chronic airway diseases, dementia, or depression in 
each calendar year (Table S1).10–12

Drugs Researched for Repurposing
Based on the findings from previous systematic reviews,1–3 we focused on 24 individual drugs or drug classes that have 
been repurposed for the prevention or treatment of COVID-19. These 24 individual drugs or drug classes included 
antiparasitic drugs (hydroxychloroquine (HCQ), chloroquine (CQ), ivermectin), statin, antidiabetic drugs (metformin, 
insulin, sulfonylurea, thiazolidinedione (TZD), dipeptidyl peptidase-4 (DPP-4) inhibitor, glucagon-like peptide-1 (GLP- 
1) receptor agonist, sodium-glucose transport protein 2 (SGLT2) inhibitor), anti-infectious and anti-inflammatory drugs 
(antibacterials for systemic use, antivirals, corticosteroids for systemic use, prednisolone for systemic use, non-steroidal 
anti-inflammatory drug (NSAID)), antihypertensive drugs (angiotensin-converting enzyme inhibitor (ACEi), angiotensin 
II receptor blocker (ARB), calcium channel blocker (CCB), diuretics, beta-blocker), anticoagulant, immunomodulating 
agents (immunosuppressant, immunostimulant) (Table S2).

Outcome Measures
The primary outcomes were the monthly prevalence rate (dispensing rate) and the incidence rate, which were calculated 
as the number of prevalent users or incident users in each month per 1000 persons for each corresponding year, 
respectively. The population estimate is annual, and we assume that the population is a dynamic stationary cohort 
throughout the year, but not necessarily across study years.

Statistical Analysis
Annual baseline characteristics of the source population from 2017 to 2021 were summarized. Descriptive analyses of 
age, sex, and chronic drug use were performed. Continuous variables were summarized using mean and standard 
deviation (SD), while categorical variables were summarized using proportions.

We used an autoregressive integrated moving average (ARIMA) model to analyze our interrupted time-series data and 
account for autocorrelation, seasonality, underlying trends, and to assess the impact of the pandemic and the stringency 
index. The stringency index is a real-time composite measure that reflects the stringency of government responses to the 
pandemic.7 The stringency index can range from 0 to 100, with the higher the value, the more stringent the government’s 
response. In the ARIMA model, the pandemic dummy variable (pre-pandemic period was coded as 0 and during- 
pandemic period was coded as 1) and the monthly mean stringency index were included as exogenous variables.

To visualize the impact of the pandemic on prevalence and incidence, a separate ARIMA model was first fitted using only 
pre-pandemic monthly data for the period of 1 January 2017 through 1 March 2020. In this pre-pandemic model, the pandemic 
dummy variable and monthly mean stringency index were not included as exogenous variables. This model was then used to 
forecast the expected values after 1 March 2020, assuming no pandemic (counterfactual scenario). For each drug, the absolute 
difference between the mean of observed value and the mean of expected value was calculated. Because the absolute 
difference tends to be affected by the level of baseline prevalence and incidence, the relative difference in percentage was 
also calculated as the absolute difference divided by the mean expected value multiplied by 100%.

We used the auto.arima() function in R to obtain the best-fit ARIMA model, combining unit root tests, minimization 
of Akaike’s information criteria (AIC), and maximum likelihood estimation (MLE). We examined the model fit by using 
the Ljung-Box test to check for autocorrelation of the residuals. A well-fitting model should have no autocorrelation of 
residuals (p > 0.05).
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Analyses were performed using R, version 4.2.1. The significance threshold for all statistical tests was two- 
tailed 0.05.

Results
From 2017 to 2021, the annual number of underlying populations ranged from 919,697 to 952,400. In 2019 (intermediate 
year), the mean age was 49.73 years (SD: 19.05 years) and the male proportion was 49.0%. The distribution of age, sex, 
and chronic drug users (diabetes, chronic airway disease, cancer, arrhythmia, dementia, depression, and hypertension) did 
not vary substantially over the five years (Table S3).

Table 1 presents the results of the ARIMA model assessing the impact of COVID-19 pandemic and the stringency of 
government’s measures on the prevalence, while Table 2 presents the incidence. Table S4 presents the number of 
prevalent users along with the prevalence rate (per 1000 persons) for drugs of interest from 2017 to 2021, while Table S5 
presents the number of incident users and corresponding incidence rate (per 1000 persons).

Antiparasitic Drugs
Compared with the counterfactual scenario of no pandemic, the prevalence of aggregated chloroquine drug classes 
(including HCQ and CQ) increased by 0.02 users per 1000 persons (relative difference: 3.3%), while the incidence 
decreased by 0.01 users per 1000 persons (relative difference: −24.0%). These changes were not significantly associated 
with the pandemic or stringency index. Upon the outbreak of the COVID-19 pandemic, ivermectin experienced a 
pronounced increase in both prevalence (0.07 users per 1000 persons, relative difference: 89.8%) and incidence rate 
(0.02 users per 1000 persons, relative difference: 80.3%). These steep increases mainly happened in late 2021 (Figure 1). 
The trend in ivermectin dispensing was significantly associated with the pandemic (prevalence: 
β ¼ 0:070 ð95%CI ½0:021; 0:120�Þ, p = 0.005; incidence: β ¼ 0:030 ð95%CI ½0:017; 0:043�Þ, p < 0.001).

Anti-Infectious and Anti-Inflammatory Drugs
As for anti-infectious and anti-inflammatory drugs, the prevalence and incidence of all drugs, including antibacterials, antivirals, 
NSAID, corticosteroids, and prednisolone, decreased noticeably compared with no pandemic. For antibacterials, the difference 
between observed and expected prevalence was −4.20 users per 1000 persons (relative difference: −14.9%). Significant 
associations were found between prevalence of antibacterials and pandemic (β ¼ 7:531ð95%CI ½4:464; 10:597�), p < 0.001) 
and the stringency index (β ¼ � 0:177 ð95%CI ½� 0:226; � 0:129�Þ, p < 0.001). The above changes and associations were also 
observed for the incidence of antibacterials. The prevalence of antivirals decreased by 0.04 users per 1000 persons (relative 
difference: −3.1%), negatively associated with the stringency index (β ¼ � 0:002 ð95%CI ½� 0:005; � 0:000�Þ, p = 0.030). The 
decrease in prednisolone dispensing (prevalence: −1.32 users per 1000 persons; incidence: −0.64 users per 1000 persons) 
accounted for most of the decrease in corticosteroids (prevalence: −1.29 users per 1000 persons; incidence: −0.60 users per 
1000 persons). Both the prevalence and incidence of corticosteroids and prednisolone were significantly associated with the 
pandemic and the stringency index (Table 1 and 2).

Antihypertensive Drugs
Regarding the antihypertensive drugs, the change in aggregated prevalence was negligible (0.01 users per 1000 persons, 
relative difference: 0.01%). The prevalence of CCB and diuretics showed some decrease compared to no pandemic 
(relative difference: −1.5% and −4.0%), which was negatively associated with the mean stringency index (CCB: 
β ¼ � 0:034 ð95%CI ½� 0:064; � 0:003�Þ, p = 0.031; diuretics: β ¼ � 0:040 ð95%CI ½� 0:078; � 0:002�Þ, p = 0.038). 
The overall new dispensing of antihypertensive drugs declined by 0.31 users per 1000 persons (relative difference: 
−6.7%) after the pandemic had started, mainly in ACEi, ARB, and diuretics. However, no statistically significant 
associations between these incidences and the pandemic were observed.

Antidiabetic Drugs
In terms of the antidiabetic drugs, we observed an increased overall prevalence (0.46 users per 1000 persons, relative difference: 
1.7%) and incidence (0.13 users per 1000 persons, relative difference: 12.9%). A positive association was found between overall 
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Table 1 ARIMA Model Results Summarizing the Association of the COVID-19 Pandemic and Stringency Index with Drug Dispensing in the Netherlands

Mean (SD) Observed Monthly 
Proportion of Users (‰)†

Mean Difference 
Between Observed and 

Expected Prevalence 
(‰)†

ARIMA Model Coefficient (SE, P-value)

Pre-Pandemic Pandemic Absolute§ Relative (%)¶ Pandemic (Pandemic versus 
Pre-Pandemic)

Monthly Mean 
Stringency Index

Antiparasitic drugs

HCQ+CQ 0.68 (0.03) 0.71 (0.05) 0.02 3.22 (0,0,0) (0,0,1) [12] 0.043 (0.038, p = 0.259) −0.001 (0.001, p = 0.580)

HCQ 0.67 (0.03) 0.70 (0.05) 0.03 3.96 (0,0,0) (0,0,1) [12] 0.050 (0.037, p = 0.180) −0.001 (0.001, p = 0.521)

CQ 0.01 (0.00) 0.01 (0.00) −0.00 −38.27 (0,0,0) (1,0,0) [12] −0.007 (0.003, p = 0.029)* 0.001 (0.001, p = 0.888)

Ivermectin 0.08 (0.03) 0.15 (0.08) 0.07 89.85 (1,0,0) 0.070 (0.025, p = 0.005)* 0.001 (0.001, p = 0.473)

Anti-infectious and anti-inflammatory drugs

Antibacterial 29.23 (2.66) 23.94 (2.38) −4.20 −14.94 (0,0,0) (1,1,0) [12] 7.531 (1.564, p < 0.001)* −0.177 (0.025, p < 0.001)*

Antiviral 1.30 (0.10) 1.42 (0.08) −0.04 −3.10 (0,1,1) (1,0,0) [12] 0.126 (0.086, p = 0.144) −0.002 (0.001, p = 0.030)*

NSAID 20.49 (1.03) 18.41 (0.93) −1.35 −6.84 (0,1,1) (1,0,0) [12] −0.043 (0.976, p = 0.965) −0.022 (0.014, p = 0.120)

Corticosteroids (oral) 11.44 (1.09) 10.06 (0.67) −1.29 −11.39 (0,0,0) (1,1,0) [12] 1.226 (0.607, p = 0.043)* −0.044 (0.010, p < 0.001)*

Prednisolone (oral) 8.60 (1.03) 7.14 (0.65) −1.32 −15.60 (0,0,0) (1,1,0) [12] 1.324 (0.520, p = 0.011)* −0.045 (0.008, p < 0.001)*

Cardiovascular system drugs

Antihypertensives 87.69 (3.08) 88.45 (3.99) 0.01 0.01 (0,0,0) (1,0,0) [12] 0.753 (3.084, p = 0.807) −0.003 (0.049, p = 0.953)

ACEi 28.61 (1.04) 29.05 (1.31) 0.17 0.60 (0,0,0) (1,0,0) [12] 0.152 (1.043 p = 0.884) 0.004 (0.017, p = 0.814)

ARB 17.44 (0.88) 18.14 (1.00) −1.10 −5.70 (2,1,0) (1,1,0) [12] 0.629 (0.723, p = 0.384) −0.015 (0.009, p = 0.091)

Beta-blocker 42.96 (1.43) 42.63 (1.97) −0.32 −0.76 (3,0,0) (1,0,0) [12] 3.083 (2.216, p = 0.164) −0.049 (0.030, p = 0.099)

CCB 24.21 (1.17) 26.65 (1.18) −0.41 −1.50 (2,1,0) (1,0,0) [12] 2.142 (1.179, p = 0.069) −0.034 (0.016, p = 0.031)*

Diuretics 32.51 (1.12) 31.21 (1.67) −1.29 −3.97 (3,0,0) (1,0,0) [12] 2.332 (1.486, p = 0.117) −0.040 (0.019, p = 0.038)*

Statin 45.03 (1.56) 45.94 (1.97) 0.78 1.72 (0,0,0) (1,0,0) [12] 1.391 (1.535, p = 0.365) −0.007 (0.024, p = 0.771)

(Continued)
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Table 1 (Continued). 

Mean (SD) Observed Monthly 
Proportion of Users (‰)†

Mean Difference 
Between Observed and 

Expected Prevalence 
(‰)†

ARIMA Model Coefficient (SE, P-value)

Pre-Pandemic Pandemic Absolute§ Relative (%)¶ Pandemic (Pandemic versus 
Pre-Pandemic)

Monthly Mean 
Stringency Index

Antidiabetic

Overall 26.82 (0.86) 27.47 (1.23) 0.46 1.69 (0,0,0) (1,0,0) [12] 0.634 (0.920, p = 0.491) −0.001 (0.015, p = 0.982)

Metformin 17.66 (0.58) 18.29 (0.78) 0.35 1.94 (3,0,0) (1,0,0) [12] 1.460 (0.831, p = 0.079) −0.017 (0.012, p = 0.156)

Insulin 8.67 (0.44) 8.39 (0.67) −0.22 −2.60 (0,0,0) (1,0,0) [12] −0.083 (0.491, p = 0.866) −0.002 (0.008, p = 0.746)

Sulfonylureas 8.14 (0.27) 8.57 (0.34) 0.15 1.78 (3,0,0) (1,0,0) [12] 0.731 (0.312, p = 0.019)* −0.010 (0.004, p = 0.019)*

DPP-4 inhibitor 0.94 (0.12) 1.18 (0.06) −0.07 −5.59 (3,1,0) (1,0,0) [12] 0.057 (0.057, p = 0.324) −0.002 (0.001, p = 0.034)*

GLP-1 agonist 0.57 (0.18) 1.35 (0.19) 0.22 19.49 (2,1,0) (0,0,1) [12] 0.126 (0.076, p = 0.095) −0.002 (0.001, p = 0.139)

SGLT2 inhibitor 0.25 (0.08) 0.59 (0.23) 0.17 40.00 (1,1,2) 0.068 (0.033, p = 0.040)* −0.001 (0.001, p = 0.004)*

TZD 0.06 (0.01) 0.03 (0.01) −0.01 −23.22 (2,1,0) −0.001 (0.010, p = 0.900) 0.001 (0.001, p = 0.999)

Antithrombotic agents

Anticoagulant 45.88 (1.68) 48.45 (1.94) 1.95 4.20 (0,0,0) (1,0,0) [12] 3.571 (1.557, p = 0.022)* −0.024 (0.025, p = 0.342)

Immunomodulating agents

Overall 4.43 (0.27) 5.24 (0.40) 0.37 7.60 (2,1,0) (1,0,0) [12] 0.221 (0.308, p = 0.472) −0.005 (0.004, p = 0.238)

Immunosuppressant 4.32 (0.28) 5.12 (0.38) 0.36 7.46 (2,1,0) (1,0,0) [12] 0.201 (0.297, p = 0.499) −0.004 (0.004, p = 0.256)

Immunostimulant 0.11 (0.02) 0.13 (0.02) 0.02 14.24 (1,1,0) 0.015 (0.040, p = 0.705) −0.001 (0.001, p = 0.292)

Notes: †The prevalence rate was calculated as the number of prevalent users in each month per 1000 IADB.nl persons for each corresponding year, therefore we used ‰ here. 
§Absolute difference ¼ ðmean observed prevalence � mean predicted prevalenceÞ ¶Relative difference ¼ absolute difference=mean predicted prevalence � 100%. *p < 0.05. 
Abbreviations: HCQ, hydroxychloroquine; CQ, chloroquine; ACEi, angiotensin-converting enzyme inhibitors; ARB, angiotensin II receptor blockers; CCB, calcium channel blockers; DPP-4, dipeptidyl peptidase-4; GLP-1, glucagon-like 
peptide-1; SGLT2, sodium-glucose transport protein 2; TZD, thiazolidinedione; NSAID, non-steroidal anti-inflammatory drug.
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Table 2 ARIMA Model Results Summarizing the Association of the COVID-19 Pandemic and Stringency Index with New Drug Dispensing in the Netherlands

Mean (SD) Observed Monthly 
Proportion of New Users (‰)†

Mean Difference 
Between Observed and 

Expected Incidence (‰)†

ARIMA Model Coefficient (SE, P-value)

Pre-Pandemic Pandemic Absolute§ Relative (%)¶ Pandemic (Pandemic versus 
Pre-Pandemic)

Monthly Mean 
Stringency Index

Antiparasitic drugs

HCQ+CQ 0.04 (0.01) 0.03 (0.01) −0.01 −24.01 (0,0,2) (0,0,1) [12] 0.007 (0.012, p = 0.570) −0.001 (0.001, p = 0.178)

HCQ 0.04 (0.01) 0.03 (0.01) −0.01 −22.62 (0,0,0) (0,0,1) [12] −0.001 (0.006, p = 0.790) −0.001 (0.001, p = 0.416)

CQ 0.00 (0.00) 0.00 (0.00) −0.00 −52.53 (0,0,0) 0.001 (0.001, p < 0.001)* −0.001 (0.001, p = 0.799)

Ivermectin 0.03 (0.02) 0.06 (0.03) 0.02 80.29 (1,0,0) 0.030 (0.007, p < 0.001)* −0.001 (0.001, p = 0.931)

Anti-infectious and anti-inflammatory drugs

Antibacterial 10.11 (1.20) 8.46 (1.01) −1.21 −12.54 (1,0,0) (1,1,0) [12] 2.420 (0.937, p = 0.010)* −0.066 (0.015, p < 0.001)*

Antiviral 0.29 (0.03) 0.27 (0.02) −0.02 −7.63 (0,0,0) −0.016 (0.024, p = 0.506) −0.001 (0.001, p = 0.803)

NSAID 6.29 (0.44) 5.47 (0.39) −0.75 −12.12 (0,0,0) (1,0,0) [12] −0.589 (0.383, p = 0.124) −0.003 (0.006, p = 0.587)

Corticosteroids (oral) 3.33 (0.58) 2.62 (0.31) −0.60 −18.54 (0,0,1) (0,1,1) [12] 0.914 (0.348, p = 0.009)* −0.027 (0.005, p < 0.001)*

Prednisolone (oral) 2.44 (0.58) 1.70 (0.32) −0.64 −27.38 (0,0,1) (1,1,0) [12] 0.863 (0.323, p = 0.008)* −0.026 (0.005, p < 0.001)*

Cardiovascular system drugs

Antihypertensives 4.53 (0.58) 4.30 (0.50) −0.31 −6.66 (1,0,0) (1,0,0) [12] 0.023 (0.535, p = 0.966) −0.008 (0.009, p = 0.373)

ACEi 0.99 (0.16) 0.90 (0.14) −0.12 −11.58 (2,0,0) (1,0,0) [12] 0.081 (0.130, p = 0.536) −0.003 (0.002, p = 0.198)

ARB 0.61 (0.14) 0.54 (0.07) −0.07 −11.17 (1,0,0) 0.038 (0.120, p = 0.749) −0.002 (0.002, p = 0.329)

Beta-blocker 1.32 (0.15) 1.34 (0.13) 0.00 0.27 (1,0,0) (1,0,0) [12] 0.169 (0.159, p = 0.290) −0.003 (0.003, p = 0.272)

CCB 0.97 (0.18) 1.04 (0.17) 0.07 7.30 (0,0,1) (1,1,0) [12] 0.047 (0.123, p = 0.704) 0.001 (0.002, p = 0.827)

Diuretics 1.26 (0.19) 1.03 (0.11) −0.25 −19.64 (1,0,0) (1,0,0) [12] −0.175 (0.172, p = 0.309) −0.001 (0.003, p = 0.663)

Statin 1.18 (0.17) 1.08 (0.15) −0.05 −4.35 (1,0,0) (1,0,0) [12] 0.229 (0.181, p = 0.205) −0.005 (0.003, p = 0.070)

(Continued)
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Table 2 (Continued). 

Mean (SD) Observed Monthly 
Proportion of New Users (‰)†

Mean Difference 
Between Observed and 

Expected Incidence (‰)†

ARIMA Model Coefficient (SE, P-value)

Pre-Pandemic Pandemic Absolute§ Relative (%)¶ Pandemic (Pandemic versus 
Pre-Pandemic)

Monthly Mean 
Stringency Index

Antidiabetic

Overall 0.96 (0.15) 1.11 (0.18) 0.13 12.90 (2,0,0) (1,0,0) [12] 0.321 (0.156, p = 0.039)* −0.003 (0.003, p = 0.261)

Metformin 0.40 (0.07) 0.41 (0.07) 0.01 1.33 (1,0,0) 0.017 (0.076, p = 0.821) −0.001 (0.001, p = 0.916)

Insulin 0.23 (0.04) 0.23 (0.04) 0.01 2.43 (1,0,0) (1,0,0) [12] 0.041 (0.042, p = 0.321) −0.001 (0.001, p = 0.436)

Sulfonylureas 0.26 (0.04) 0.29 (0.05) 0.03 11.18 (5,0,0) 0.112 (0.062, p = 0.071) −0.001 (0.001, p = 0.208)

DPP-4 inhibitor 0.06 (0.02) 0.07 (0.02) −0.01 −12.26 (0,1,1) −0.025 (0.060, p = 0.676) 0.001 (0.001, p = 0.351)

GLP-1 agonist 0.04 (0.03) 0.10 (0.03) −0.03 −21.39 (1,1,0) (1,0,0) [12] −0.042 (0.024, p = 0.082) −0.001 (0.001, p = 0.303)

SGLT2 inhibitor 0.03 (0.01) 0.09 (0.07) 0.06 188.96 (0,0,3) 0.041 (0.010, p < 0.001)* 0.001 (0.001, p = 0.879)

TZD 0.00 (0.00) 0.00 (0.00) −0.00 −43.53 (0,0,0) −0.002 (0.001, p = 0.073) 0.001 (0.001, p = 0.882)

Antithrombotic agents

Anticoagulant 1.63 (0.15) 1.62 (0.15) −0.02 −1.17 (1,0,0) (0,0,1) [12] 0.346 (0.161, p = 0.032)* −0.006 (0.003, p = 0.017)*

Immunomodulating agents

Overall 0.21 (0.05) 0.23 (0.08) 0.02 10.59 (0,0,2) 0.070 (0.059, p = 0.237) −0.001 (0.001, p = 0.481)

Immunosuppressant 0.20 (0.05) 0.21 (0.08) 0.02 9.34 (0,0,2) 0.062 (0.059, p = 0.301) −0.001 (0.001, p = 0.530)

Immunostimulant 0.01 (0.00) 0.01 (0.00) 0.00 0.28 (3,1,1) (1,0,0) [12] −0.001 (0.006, p = 0.921) −0.001 (0.001, p = 0.935)

Notes: †The incidence rate was calculated as the number of incident users in each month per 1000 IADB.nl persons for each corresponding year, therefore we used ‰ here. 
§Absolute difference ¼ ðmean observed incidence � mean predicted incidenceÞ ¶Relative difference ¼ absolute difference=mean predicted incidence � 100%. *p < 0.05. 
Abbreviations: HCQ, hydroxychloroquine; CQ, chloroquine; ACEi, angiotensin-converting enzyme inhibitors; ARB, angiotensin II receptor blockers; CCB, calcium channel blockers; DPP-4, dipeptidyl peptidase-4; GLP-1, glucagon-like 
peptide-1; SGLT2, sodium-glucose transport protein 2; TZD, thiazolidinedione; NSAID, non-steroidal anti-inflammatory drug.
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incidence and pandemic (β ¼ 0:321 ð95%CI ½0:016; 0:627�Þ, p = 0.039). Both the prevalence (0.15 users per 1000 persons, 
relative difference: 1.8%) and incidence (0.03 users per 1000 persons, relative difference: 11.2%) of sulfonylureas increased 
compared to no pandemic, while only the increase in prevalence was associated with the pandemic 
(β ¼ 0:731 ð95%CI ½0:120; 1:342�Þ, p = 0.019) and the stringency index (β ¼ 0:010 ð95%CI ½� 0:019; � 0:002�Þ, p = 
0.019). SGLT2 inhibitors showed similar changing patterns with sulfonylureas. The prevalence of SGLT2 inhibitors increased 
by 0.17 users per 1000 persons (relative difference: 40.0%), with significant associations with the pandemic 
(β ¼ 0:010 ð95%CI ½� 0:019; � 0:002�Þ, p = 0.040) and the stringency index (β ¼ � 0:001 ð95%CI ½� 0:002; � 0:000�Þ, p = 
0.004). The incidence of SGLT2 inhibitors increased by 0.06 users per 1000 persons (relative difference: 189.0%), with a 
significant association with the pandemic (β ¼ 0:041 ð95%CI ½0:020; 0:061�Þ, p < 0.001).

Anticoagulants
An increase of 1.95 users per 1000 persons (relative difference: 4.2%) and a decrease of 0.02 users per 1000 persons 
(relative difference: −1.2%) were observed for the prevalence and incidence of anticoagulants, respectively. The 
prevalence was associated with the pandemic (β ¼ 3:571 ð95%CI ½0:519; 6:624�Þ, p = 0.022), whereas the incidence 

Figure 1 Monthly prevalence (left-hand plots) and incidence (right-hand plots) per 1000 people of aggregated chloroquine drug class (HCQ and CQ) and ivermectin from 
January 2017 to December 2021 in the Netherlands. The gray vertical dashed line is the start date of the pandemic in the Netherlands. The blue solid line represents the 
observed data, the red solid line represents the data fitted by the ARIMA model, while the red dotted line with confidence interval (red bands) represents the predicted 
trend in the absence of a pandemic.
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was associated with both the pandemic (β ¼ 0:346 ð95%CI ½0:030; 0:663�Þ, p = 0.032) and the stringency index 
(β ¼ � 0:006 ð95%CI ½� 0:012; 0:001�Þ, p = 0.017).

Figures 1–3 show how the monthly prevalence and incidence of drugs changed from 2017 to 2021. For most of the 
drugs, the declaration of the COVID-19 pandemic (gray vertical dashed line) coincided with an abrupt increase in 
prevalence, but a sharp decrease in incidence (Figures 1 and 2). However, regarding aggregated chloroquine drug class, 
there was an immediate rise in both the prevalence and incidence following the onset of COVID-19. As for ivermectin, 
an obvious increase of dispensing occurred in late 2020. Dispensing of antivirals has shown a steady upward trend since 
2017, but this trend was interrupted by the COVID-19 pandemic (Figure 3). Dispensing of both antibacterials and 
corticosteroids fell below the expected trend. The decrease was greater than expected for seasonal declines, and the 
seasonal peak in drug use during winter time was not seen since the outbreak of the COVID-19 pandemic. Seasonal 
fluctuations of the use of antibacterials and corticosteroids seemed to slightly resume in 2021 winter (Figure 3).

Discussion
This study demonstrated that the trend of common registered long-term used drugs such as ACEi, beta-blocker, statin, 
metformin, insulin, etc. deviated slightly from the expected trend, probably due to the temporary restructuring of the 

Figure 2 Monthly prevalence (left-hand plots) and incidence (right-hand plots) per 1000 people of antihypertensive and antidiabetic drugs from January 2017 to December 
2021 in the Netherlands. The gray vertical dashed line is the start date of the pandemic in the Netherlands. The blue solid line represents the observed data, the red solid 
line represents the data fitted by the ARIMA model, while the red dotted line with confidence interval (red bands) represents the predicted trend in the absence of a 
pandemic.
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healthcare system during the pandemic. Their dispensings were not affected significantly by the pandemic on average. 
However, we also observed that the prevalence of antibacterials, antivirals, corticosteroids, prednisolone, CCB, diuretics, 
and DPP-4 inhibitor was slightly lower than expected after the onset of the COVID-19 pandemic, while the prevalence of 
ivermectin, sulfonylureas, SGLT2 inhibitor, and anticoagulants was slightly higher than expected. In addition, we found 
that the pandemic was associated with small decreases in the incidence of CQ, antibacterials, corticosteroids, predniso
lone and anticoagulants, and increases in the incidence of ivermectin, aggregated antidiabetic drugs, and SGLT2 
inhibitors. These trends in changes, albeit small, were positively associated with the pandemic and negatively associated 
with the government responses to the pandemic.

Different healthcare systems around the world were affected differently by the pandemic, depending on the severity 
of the endemic and the level of government restrictions. Mathieu reported that the COVID-19 pandemic has a significant 
impact on the dispensing of cardiovascular and antidiabetic drugs in France, mostly in the form of a decrease in treatment 
initiations during the lockdown period in 2020.13 The healthcare systems of the Netherlands and France are both well- 
regarded and comprehensive, with similar endemic and stringency profiles between these two countries. The remarkable 
reduction in the incidence of cardiovascular and antidiabetic drugs was not replicated in our study, presumably because 
their study period only focused on the first lockdown period and a short post-lockdown period (until 20 September, 

Figure 3 Monthly prevalence per 1000 people of antiviral, antibacterial, corticosteroids for systemic use, and NSAID from January 2017 to December 2021 in the 
Netherlands. The gray vertical dashed line is the start date of the pandemic in the Netherlands. The blue solid line represents the observed data, the red solid line represents 
the data fitted by the ARIMA model, while the red dotted line with confidence interval (red bands) represents the predicted trend in the absence of a pandemic.
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2020), while our study included a longer pandemic period, taking into account the long-term effect of the pandemic. In 
addition, the Dutch government did not restrict the access to pharmacies after the declaration of the COVID-19 
pandemic. Outside of Europe, Aboulatta also observed that the initiations of cardiovascular, antidiabetics, and respiratory 
agents were disrupted greatly by the pandemic in Manitoba, Canada.14 This could be explained by the consistently higher 
stringency index, therefore more disruptions to drug dispensing in Canada.15

The most commonly studied repurposed drugs for COVID-19 are HCQ, CQ, and ivermectin. The marked increase in 
the prevalence of aggregated chloroquine drug class (HCQ and CQ) coincided with the declaration of the COVID-19 
pandemic and the publication of the first in vitro study supporting the use of HCQ for COVID-19 in March 2020,16 

suggesting the possibility of off-label use for COVID-19. Nevertheless, the average prevalence of aggregated chloroquine 
drug class was not significantly associated with the pandemic and related containment measures. In contrast, ivermectin 
dispensing needs more attention. Since the first supportive in vitro study of ivermectin in COVID-19 published in June 
2020,17 the prevalence of ivermectin has increased dramatically, mainly driven by the increase in new users. Similar 
increasing trends of ivermectin have also been observed in Australia5 and the USA.18,19 Although the use of ivermectin 
for the prevention or treatment of COVID-19 outside of randomized clinical trials (RCTs) is not recommended by the 
European Medicines Agency (EMA) on 22 March 2021,20 the increasing trend did not discontinue. According to the 
findings of a recently published RCT, the use of ivermectin in patients with mild to moderate COVID-19 is not 
supported.21 Therefore, the EMA should keep an eye on the prescription of ivermectin for COVID-19.

Early COVID-19 studies emphasize that most people are highly vulnerable and express various flu-like symptoms,22 

which could potentially increase the dispensing of specific drugs such as NSAID, antivirals, or antibacterials. Contrary to 
this, we observed that the prevalent and incident use of anti-infective and anti-inflammatory drugs decreased substantially 
during the COVID-19 period, with seasonal fluctuations flattening out. However, the effect of the pandemic does not 
appear to be long-lasting, with the use of antibacterials and corticosteroids returning gradually to pre-pandemic levels 
from the winter of 2021. In general, the decrease can be attributed to reduced mobility and exposure to pathogens, and 
reduced transmission of non-COVID-19 diseases as a result of social distancing, school closures, and hygiene measures. 
During the first year of the COVID-19 pandemic in the Netherlands, a decrease in the occurrence of common infections 
and antibiotic prescribing was observed.23,24 The prevalence and incidence rate of both oral corticosteroids and 
prednisolone were lower than expected level, but the magnitude of the decrease was greater for prednisolone. The 
reduced dispensing of prednisolone may indicate that there were fewer exacerbations of respiratory diseases such as 
asthma in the community after the onset of the COVID-19 pandemic. Similar findings of decreased antibiotics and 
corticosteroids dispensing after the COVID-19 pandemic have been reported in the UK,25 the Netherlands,23 and 
Australia.26

Our study found that the prevalence of anticoagulants increased, while the incidence of anticoagulants decreased 
slightly. Two other studies also showed an increase in oral anticoagulant (OAC) possession27 and below pre-pandemic 
level of incidence of OAC28 during the pandemic. The increase in prevalence is perhaps due to the tendency of patients to 
stockpile drugs. As for new dispensing, based on our ARIMA model, the change in incidence of anticoagulants is 
negatively associated with the stringency index, implying that policy restrictions could probably reduce the incidence to 
some extent. Anticoagulants are used to prevent thrombosis in patients with venous thromboembolism (VTE) or stroke. 
Although the evidence on the effect of anticoagulants on the prognosis of COVID-19 is inconsistent, there are several 
RCTs demonstrating the beneficial effect of anticoagulants on improving the COVID-19-related prognosis, VTE and 
death in hospitalized patients.29,30 Off-label use for COVID-19 does not appear to be obvious in our study, presumably 
because we do not have the dispensing data in the hospital, and the off-label use of anticoagulants occurred mainly in 
moderate to high risk of COVID-19 patients requiring hospitalization.

We also found that both the prevalence and incidence of SGLT2 inhibitors increased dramatically after 2021 
(Figure S1). This is probably because clinical trial data on the benefits of SGLT2 inhibitors in heart failure became 
available,31 and physicians began to prescribe SGLT2 inhibitors to patients with cardiovascular disease, not just those 
with diabetes.
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Strengths
To our best knowledge, this is the first study that quantified the strictness of government’s policy and incorporated this 
stringency index as continuous variable in the interrupted time-series analysis. The stringency index reflects real-time 
changes in the strictness of government policy, and provides a more accurate association between the pandemic and drug 
dispensing. Furthermore, the ARIMA model we used in this study is appropriate for analyzing the effects of the 
pandemic on a population-wide scale, as it takes seasonality and autocorrelation into account. The sample used in this 
study is representative for the Dutch population as a whole and covers a long period before and after the start of 
pandemic to adjust for underlying trend.

Limitations
We acknowledge that our study has some limitations. First, the indication of the drug dispensed is not available in the 
IADB.nl data source, therefore we are uncertain about for which diseases the drugs are dispensed and whether the drugs 
were prescribed as an off-label use for COVID-19. Second, more accurate coefficient estimates from the ARIMA model, 
which involves differencing of time series data and adjusting for autocorrelation and seasonality, come at the cost of 
decreased model interpretability, especially the interpretability of coefficients. Even so, the ARIMA model is a good 
choice to identify the association between pandemic and drug dispensing, and capture the fluctuations and complex 
patterns of drug dispensing. Third, we only consider the drug dispensing in the community, therefore over-The-counter, 
hospital, and emergency care dispensing are not part of our study. As a result, we are unable to identify the dispensing of 
the repurposed drugs that are used in hospital settings, probably resulting in an underestimation of the increased 
dispensing after the pandemic. Fourth, because of the nature of interrupted time-series analysis, this useful quasi- 
experimental design could only provide valuable insights into the association of pandemic and the drug dispensing, 
but it cannot infer any definitive causality on its own. Finally, anti-SARS-CoV-2 vaccination could influence the drug 
dispensing as well. On the one hand, the post-vaccination adverse events such as muscle pain and fever32 can increase the 
usage of drug. On the other hand, the vaccination could induce cross immunity against other pathogens, which could 
probably decrease the drug usage. However, we did not incorporate the vaccination information into our analysis.

Conclusion
Overall, the dispensing of most repurposed drugs for COVID-19, including some common long-term therapies, was not 
clinically relevantly affected by the pandemic and related measures in the Netherlands, as the access to pharmacies 
appeared not to be severely restricted during this period. We believe that our study makes a substantial contribution to the 
understanding of the community use of repurposed drugs during the COVID-19 pandemic in the Netherlands. The 
findings have important implications for healthcare providers and policy makers, as they suggest that access to essential 
drugs was largely maintained during the pandemic. As a recent perspective predicted, the post-pandemic society will be 
extremely vulnerable to emerging infectious diseases because of the pandemic related restrictions applied.33 Given these 
potential vulnerabilities, strengthening healthcare systems, maintaining robust surveillance for emerging diseases, and 
ensuring that populations have access to routine healthcare and vaccinations will all be key strategies for reducing 
vulnerability to future pandemics.
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Additional tables and figures supporting our findings are available in the Supplementary Material. The study protocol is 
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