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Abstract
Introduction  The current process for generating evidence in pharmacovigilance has several limitations, which often lead to 
delays in the evaluation of drug-associated risks.
Objectives  In this study, we proposed and tested a near real-time epidemiological surveillance system using sequential, 
cumulative analyses focusing on the detection and preliminary risk quantification of potential safety signals following initia-
tion of selective serotonin reuptake inhibitors (SSRIs) and serotonin-norepinephrine reuptake inhibitors (SNRIs).
Methods  We emulated an active surveillance system in an historical setting by conducting repeated annual cohort studies 
using nationwide Danish healthcare data (1996–2016). Outcomes were selected from the European Medicines Agency's 
Designated Medical Event list, summaries of product characteristics, and the literature. We followed patients for a maximum 
of 6 months from treatment initiation to the event of interest or censoring. We performed Cox regression analyses adjusted 
for standard sets of covariates. Potential safety signals were visualized using heat maps and cumulative hazard ratio (HR) 
plots over time.
Results  In the total study population, 969,667 new users were included and followed for 461,506 person-years. We detected 
potential safety signals with incidence rates as low as 0.9 per 10,000 person-years. Having eight different exposure drugs and 
51 medical events, we identified 31 unique combinations of potential safety signals with a positive association to the event 
of interest in the exposed group. We proposed that these signals were designated for further evaluation once they appeared 
in a prospective setting. In total, 21 (67.7%) of these were not present in the current summaries of product characteristics.
Conclusion  The study demonstrated the feasibility of performing epidemiological surveillance using sequential, cumulative 
analyses. Larger populations are needed to evaluate rare events and infrequently used antidepressants.

 *	 Mia Aakjær 
	 mia.aakjaer@sund.ku.dk

1	 Department of Drug Design and Pharmacology, 
Pharmacovigilance Research Center, University 
of Copenhagen, Copenhagen, Denmark

2	 Department of Pharmacy, Copenhagen Centre for Regulatory 
Science (CORS), University of Copenhagen, Copenhagen, 
Denmark

3	 Division of Pharmacoepidemiology and Clinical 
Pharmacology, Utrecht Institute for Pharmaceutical Sciences 
(UIPS), Utrecht University, Utrecht, The Netherlands

4	 Department of Applied Mathematics and Computer Science, 
Technical University of Denmark, Lyngby, Denmark

5	 Department of Business Administration, Technology 
and Social Sciences, Luleå University of Technology, Luleå, 
Sweden

1  Introduction

Early detection of safety problems is essential for drug 
safety. However, existing systems have considerable weak-
nesses. Among drugs launched after 1960 and later with-
drawn, the median interval between the launch year and the 
year of the first report of an adverse drug reaction leading 
to drug withdrawal was 4 years (interquartile range [IQR] 
1–10) [1]. Delays in detecting potential adverse drug reac-
tions in these systems need to be reduced to increase patient 
safety.

The established evaluation of the safety of a drug starts 
before it is launched, where the human safety profile is eval-
uated in clinical trials. However, these have selected patient 
populations of limited size, are often short, and differ from 
real-world practice [2]. Duijnhoven et al. [3] investigated 
the total number of individuals in clinical trials before drug 
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Key Points 

We proposed an active safety surveillance system and 
demonstrated the feasibility of using epidemiological 
methods for signal detection in a cumulative, sequential 
approach using historical data on antidepressants for a 
20-year period.

Our system would complement the existing surveil-
lance mainly based on spontaneous reporting by detect-
ing potential safety signals as soon as they appeared in 
healthcare registries and allowing preliminary quantifica-
tion of the risk of serious medical events.

Larger populations are needed to detect signals for rare 
events and infrequently used antidepressants.

using epidemiological methods has been suggested as a 
solution [5, 6]. Active systems prospectively collect data 
on exposure and outcomes from healthcare databases and 
accumulate information, enabling signal detection closer 
to real time [7]. Active surveillance may be performed by 
conducting sequential analyses, an approach already imple-
mented in clinical trials and in vaccine safety surveillance 
[8, 9] and tested in real-world data [7, 10–16]. A recent 
study using US claims data demonstrated the advantages of 
routinely collected healthcare data to monitor drug safety 
[17]. Therefore, we aimed to develop and test a near real-
time epidemiological surveillance system using sequential, 
cumulative analysis and evaluate its performance focusing 
on detection and preliminary risk quantification of poten-
tial safety signals. We tested such a system in new users 
of antidepressants. Selective serotonin reuptake inhibitors 
(SSRIs) and serotonin-norepinephrine reuptake inhibitors 
(SNRIs) are among the most prescribed drugs in numerous 
countries, and Denmark has one of the highest consumptions 
[18–20]. These drugs are also known to be associated with 
many adverse reactions [21, 22].

2 � Methods

2.1 � The Active Surveillance System

Our active surveillance system is based on annual sequential 
analyses. The evidence-generating process is divided into 
three parts, as depicted in Fig. 1. In phase 1 (data manage-
ment), cohorts of new users are created and variables on 
outcomes and covariates generated. The cohorts comprise 
patients with the drug exposure(s) of interest and selected 
comparators. In phase 2a (analyses), descriptive analyses 
and risk quantifications are performed. These include new 
user characteristics, outcome incidence rates (IRs), and the 
estimation of crude and adjusted hazard ratios (HRs) using 
Cox regression models. We adjusted for age and sex and a 
standard set of covariates representing relevant comorbidi-
ties and co-medications (Table S1 in the electronic supple-
mentary material [ESM]).

In phase 2b, signal detection is performed using output 
from the Cox regression models, applying prespecified crite-
ria and presenting them in heat maps and plots of cumulative 
HRs over time. We defined a preliminary association as a 
statistically significant difference in relative risk expressed 
as an HR between exposure and comparator. From the pre-
liminary associations, potential safety signals are identified 
as those significant in at least 2 consecutive years. In phase 
3, the final phase (evaluation), potential safety signals with 
a positive association to the event of interest in the exposed 
group, which are unique exposure–comparator combinations 
across the primary and secondary analyses, are first selected 

approval in Europe from 2000 to 2010. They found that the 
median number of patients studied before a new medicine 
entered the market was 1708 (IQR 968–3195). This number 
is considered insufficient to study many drug safety prob-
lems [3]. Thus, rare adverse drug reactions cannot necessar-
ily be detected in clinical trials, and nor can adverse effects 
occurring in patients with risk factors, as these are often 
excluded from trials.

Post-marketing surveillance is necessary to address these 
limitations, and current surveillance principally relies on 
spontaneous reporting systems (SRS) to detect new safety 
signals. However, these systems are entirely dependent on 
the identification of the adverse event (suspicion) and the 
subsequent submission of individual case safety reports by 
clinicians, other healthcare professionals, or medicine users. 
It is known that adverse events in SRS are highly underre-
ported and that the systems suffer from biased reporting and 
duplication of reports [2].

Finally, SRS cannot quantify risk using epidemiological 
measures and do not allow a direct comparison of the risk 
of events between drug users and non-users or users of other 
drugs. When a safety concern from SRS emerges, potential 
safety signals may be further evaluated in pharmacoepide-
miological studies, where risks can be quantified. According 
to a study from 2014 describing signals during the first 18 
months of the European Medicines Agency (EMA) Pharma-
covigilance Risk Assessment Committee (PRAC), 3% of sig-
nals that required further investigation were requested to be 
evaluated in a pharmacoepidemiological study [4]. However, 
pharmacoepidemiological studies may be time consuming, 
which could lead to unnecessary delays in evaluating drug-
associated risks.

To complement the current post-marketing surveillance 
and improve signal detection timeliness, active surveillance 
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(3a) and then further evaluated in more advanced pharma-
coepidemiological studies (3b). Also, potential signals are 
compared with events already listed in summaries of product 
characteristics (SmPCs). For this study, we chose to evaluate 
detected signals, compare them with information in current 
Danish SmPCs, and present our findings from phase 2a until 
and including phase 3a.

2.2 � System Inputs and Test

To test our surveillance system, we used historical data on 
drug exposure from 1 January 1996 to 31 December 2016 
but conducted the repeated annual analyses emulating a 
prospective setting. Thus, the analysis outputs reflect the 
signals identified and the risks quantified at the end of each 
analysis year. It is possible to adapt and tune the system by 
varying specific parameters (Table S2 in the ESM). These 
include the data source, study design and participants, study 
outcomes, covariates, frequency of the repeated testing, and 
number and type of sensitivity analyses. In the following, we 
present our choices of these parameters to detect potential 
safety signals of serious medical events following the ini-
tiation of SSRIs and SNRIs. Further details on additional 
parameters are provided in Table S2 in the ESM.

2.2.1 � Data Sources

We used Danish healthcare register data to identify expo-
sures, outcomes, and covariates. The unique personal 
identification number assigned to all residents at birth 
or immigration enables the linkage of information from 
different registers [23]. To identify drug exposure and 

co-medications, we used data on all prescription drugs dis-
pensed in community pharmacies from the Danish Prescrip-
tion Registry [24]. Drugs were identified using the anatomi-
cal therapeutic chemical (ATC) classification code [25]. For 
information on outcomes and comorbidities, we used the 
Danish National Patient Register, which contains data on 
somatic and psychiatric inpatient and outpatient hospitaliza-
tions [26]. For outcomes, we included only primary diagno-
ses and inpatient hospitalizations. To obtain information on 
psychiatric comorbidities until the start of 1995, we used the 
Danish Psychiatric Central Research Register [27]. We used 
the International Classification of Diseases, Eighth Edition 
(ICD-8) (until 1 January 1994) and ICD-10 (onwards) for the 
definition of diagnoses (outcomes and covariates). Finally, 
we used the Cause of Death Register and the Central Person 
Registry for data on deaths and migration, respectively [28, 
29].

2.2.2 � Study Design and Participants

In the surveillance, we included new users of all SSRIs mar-
keted in Denmark (ATC codes under N06AB) and SNRIs 
(N06AX16 and N06AX21), who were aged at least 18 
years. To define new users, i.e., no previous use of SSRIs 
and SNRIs, we applied a washout period of at least 1 year 
starting on 1 January 1996. Patients were thus only able to 
enter the study once. They were followed for a maximum of 
6 months from treatment initiation to the event of interest or 
censoring using an intention-to-treat approach. We excluded 
patients who had experienced the medical event of inter-
est within 5 years before the first SSRI or SNRI dispensing 
(index date). We used individual drugs as exposures. In the 
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Fig. 1   Illustration of the phases of the proposed active surveillance system. HR hazard ratio
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primary analysis, citalopram was chosen as the comparator 
drug since this is the most commonly used antidepressant in 
Denmark [20]. We compared each drug with all other SSRIs 
and SNRIs in the secondary analysis, allowing an HR esti-
mate for citalopram. Furthermore, as part of the secondary 
analysis, we performed additional analyses for citalopram 
and escitalopram, excluding both of these in the compara-
tor group.

2.2.3 � Outcomes

To obtain a broad spectrum of serious medical events, we 
selected outcomes from the EMA designated medical event 
(DME) list, which is a list of medical events that are serious 
and often drug related. This list can be used to study any 
type of drug (EMA/557113/2016) [30]. We complemented 
this list and customized it to our exposure by adding seri-
ous medical events known from the literature and SmPCs 
assumed to be caused by antidepressants (Table S3 in the 
ESM). We excluded some of the medical events from the 
EMA DME list because of a lack of seriousness or diag-
nostic code since we could only capture events leading to 
hospital admission. For some events, it was necessary to use 
less specific diagnoses as proxies. For example, the event 
torsades des pointes (a life-threatening cardiac arrhythmia) 
is not represented with a separate ICD-10 code, so it cannot 
be detected in the data directly. Instead, we used the diag-
noses arrhythmia, ventricular arrhythmia, and ventricular 
fibrillation as proxies for the event. Events were divided into 
system organ classes following the Medical Dictionary of 
Regulatory Activities structure. We considered two broad 
groups of outcomes, psychiatric and somatic (Table S3 in 
the ESM). A flowchart with further details is provided in 
Fig. S1 in the ESM.

2.2.4 � Covariates

The analyses were adjusted for selected comorbidities and 
co-medications (Table S1 in the ESM). We included covari-
ates representing major chronic diseases based on Charlson 
comorbidity definitions and others with potential associa-
tion with the exposure and outcome [31, 32]. We created 
two overlapping sets of covariates used for adjustment in 
the analyses on somatic and psychiatric outcomes, respec-
tively (Table S3 in the ESM). All analyses were adjusted for 
Charlson comorbidities and alcohol-related disorders. The 
analyses of somatic outcomes were additionally adjusted for 
hypertension, dyslipidemia, and obesity. Analyses of psychi-
atric outcomes were also adjusted for schizophrenia, bipolar 
disorders, anxiety, personality disorders, depression, abuse 
of other substances, and the use of antipsychotics, lithium, 
and anxiolytics (Table S1 in the ESM).

2.3 � Statistical Analysis

Cox regression analyses were performed to estimate crude 
and adjusted HRs and 95% confidence intervals (CIs). The 
output from these regressions was visually presented in 
heat maps and plots of cumulative HRs with 95% CIs over 
time. We created heat maps on effect as the log10 of the HR 
(log10(HR)) ranging from − 0.6 to 0.6. These correspond to 
HRs of 0.25 and 4. Other relevant values of the log10(HR) 
are − 0.3, 0.0, and 0.3, corresponding to HRs of approxi-
mately 0.5, 1.0, and 2. Colors reflect the direction and size of 
the association. Darker red indicates a positive association, 
and darker blue indicates negative associations. Heat maps 
on significance used − log10 of the p value (− log10(P)) in the 
range from − 3 to 3, both corresponding to p values of 0.001, 
but with positive associations represented by positive values 
and negative associations by negative values. Other relevant 
− log10(P) values are −2 and 2, both corresponding to a p 
value of 0.01 and − 1.3, and 1.3 corresponding to a p value 
of 0.05, which is considered to be statistically significant in 
all analyses. Heat maps were presented, including all three 
regression models: crude (m1), age and sex-adjusted (m2), 
and fully adjusted (m3). Sequential analyses were performed 
annually. We estimated HRs (95% CIs) for 51 outcomes at 
20 time points using six and nine exposure–comparator sets 
in the primary and secondary analysis. We chose not to 
adjust for multiple testing over time.

We used SAS (version 9.4) software (SAS Institute, Inc., 
Cary, NC, USA) for data management and analyses. Data 
management was done using a Nordic Common Data Model 
and analytics framework developed by the Pharmacovigi-
lance Research Center, University of Copenhagen.

2.4 � Ethical Considerations and Permissions

The study was approved by the Danish Data Protection 
Agency (0421-0022/18-7000). In Denmark, ethical approval 
is not required for register-based research [23].

3 � Results

3.1 � Phase 2a: Descriptive Analyses 
and Quantification of Risks

3.1.1 � User Characteristics

In the total study population used for testing the surveil-
lance system, 969,667 new users of SSRIs and SNRIs were 
included and followed for a total of 461,506 person-years 
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(Table 1). The overall mean age on the index date was 52.7 
years (with a standard deviation of 20.7), and the majority 
of users were females (60.1%). The mean age was highest 
for citalopram users and lowest for paroxetine users (56.0 
vs. 46.3 years). Citalopram, escitalopram, and fluvoxamine 
users tended to be somewhat older than users of the other 
antidepressants. The majority of drugs were launched before 
the start of the study, except for escitalopram and duloxetine, 
which were launched in 2002 and 2004, respectively.

Figure 2 shows the distribution of drug exposure in the 
annual new user cohorts. The most commonly used drug was 
citalopram, followed by sertraline and escitalopram. Flu-
voxamine was the most seldom used. The overall number 
of new users decreased from 64,253 in 1997 to 25,287 in 
2016 (Fig. 2).

3.1.2 � Incidence Rates

Table 2 shows the number and IRs (95% CI) of the selected 
medical events for the cumulative data collected during the 
entire study period. Given the limited number of fluvoxam-
ine users, the drug was excluded from the remaining result 
presentations, although it was included in the comparator 
group in the secondary analysis.

Fractures, ischemic stroke, arrhythmia, heart failure, 
and myocardial infarction were the most common medi-
cal events, occurring with IRs of 186 (181–190), 77.0 
(74.4–79.6), 48.1 (46.1–50.2), 40.9 (39.1–42.8), and 37.1 
(35.4–39.0) per 10,000 person-years, respectively (Table 2). 
Some of the medical events were not included in Table 2 
or IRs were not estimated because the small numbers were 

incompatible with Statistics Denmark's confidentiality 
requirements (fewer than five events). Aplasia pure red cell, 
progressive multifocal leukoencephalopathy, autoimmune 
hepatitis, hepatic infarction, and toxic epidermal necrolysis 
were too rare to present total IRs. Hemolytic anemia, auto-
immune hemolytic anemia (AIHA), thrombotic thrombo-
cytopenic purpura (TTP), dermatitis exfoliative, erythema 
multiforme, Stevens–Johnson syndrome, and myopathy were 
too rare for IRs to be presented for all individual drugs and 
so were not included in Table 2. The total number of events 
for AIHA, TTP, dermatitis exfoliative, Stevens–Johnson syn-
drome, and myopathy ranged from seven to ten, correspond-
ing to a total IR of 0.2 per 10,000 person-years. The total 
number of events of erythema multiforme, hypomania, and 
hemolytic anemia were 19, 22, and 31, and their IRs were 
0.4 (0.2–0.6), 0.5 (0.3–0.7), and 0.7 (0.5–1.0) per 10,000 
person-years, respectively. The majority of these events were 
observed in citalopram users (data not shown).

3.1.3 � Cox Regression Models

We had 306 and 459 possible drug–medical event combina-
tions in the primary and secondary analyses, respectively. 
These drug–medical event combinations were evaluated at 
each of the 20-year time points, equivalent to 6120 and 9180 
analyses; all were analyzed in the three models (m1 crude, 
m2 age and sex, and m3 fully adjusted).

Table 1   Characteristics of the total cohort of Danish users of selective serotonin reuptake inhibitor and serotonin-norepinephrine reuptake inhib-
itor (1997–2016)

Data are presented as n (%) or mean ± standard deviation unless otherwise indicated
a Start of follow-up 2002
b Start of follow-up 2004

Characteristics All 
(N = 969,667)

Citalopram 
(N = 520,000)

Escitaloprama 
(N = 99,558)

Sertraline 
(N = 171,289)

Venlafaxine 
(N = 51,531)

Duloxetineb 
(N = 13,571)

Paroxetine 
(N = 59,967)

Fluoxetine 
(N = 52,893)

Fluvoxamine 
(N = 858)

% 100 53.6 10.3 17.7 5.3 1.4 6.2 5.5 0.1
Female sex 582,581 (60.1) 312,162 (60.0) 58,796 (59.1) 103,597 (60.5) 29,519 (57.3) 8143 (60.0) 37,127 (61.9) 32,721 (61.9) 516 (60.1)
Age, years 52.7 ± 20.7 56.0 ± 21.2 53.0 ± 20.8 48.5 ± 20.2 46.9 ± 17.5 50.4 ± 17.5 46.3 ± 17.2 47.4 ± 18.1 52.8 ± 18.5
 18–39 302,094 (31.2) 139,115 (26.8) 30,457 (30.6) 65,492 (38.2) 19,357 (37.6) 3851 (28.4) 23,758 (39.6) 19,833 (37.5) 231 (26.9)
 40–54 230,532 (23.8) 110,346 (21.2) 23,656 (23.8) 42,806 (25.0) 15,692 (30.5) 4353 (32.1) 18,120 (30.2) 15,296 (28.9) 263 (30.7)
 55–64 127,734 (13.2) 67,407 (13.0) 13,724 (13.8) 21,194 (12.4) 7567 (14.7) 2266 (16.7) 8075 (13.5) 7382 (14.0) 119 (13.9)
 65–74 116,209 (12.0) 69,621 (13.4) 11,615 (11.7) 17,547 (10.2) 4719 (9.2) 1756 (12.9) 5434 (9.1) 5412 (10.2) 105 (12.2)
 > 75 193,098 (19.9) 133,511 (25.7) 20,106 (20.2) 24,250 (14.2) 4196 (8.1) 1345 (9.9) 4580 (7.6) 4970 (9.4) 140 (16.3)

Person time, 
total, years

461,506 246,416 47,274 81,313 24,887 6325 29,179 25,690 419

First patient 
included

Jan 1997 Jan 1997 Aug 2002 Jan 1997 Jan 1997 Sep 2004 Jan 1997 Jan 1997 Jan 1997

Last patient 
included

Dec 2016 Dec 2016 Dec 2016 Dec 2016 Dec 2016 Dec 2016 Jul 2015 Dec 2016 Jul 2015
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3.2 � Phase 2b: Signal Detection and Presentation

3.2.1 � Heat Maps

We created heat maps of all preliminary associations (sta-
tistically significant difference in HR) at each sequence (20-
year time point) to illustrate the changes over time. As an 
example, Fig. 3 shows the patterns in 2006 and 2016. Heat 
maps 3a and 3b are colored by effect as the log10 of the 
HR, where a darker red indicates a more positive association 
and darker blue indicates a more negative association. Heat 
maps 3c and 3d are colored by significance as the − log10 
of the p value, where darker red indicates a higher level of 
significance (lower p value) for positive associations, and 
darker blue indicates a higher level of significance for nega-
tive associations. Comparing heat maps colored by effect 
with heat maps colored by significance, we see that only 
some of the potential safety signals (preliminary associa-
tions significant in at least 2 consecutive years) that appear 
in the effect heat maps are statistically significant. We can 
also see that many potential safety signals disappear after 
adjustment (m2 age and sex adjusted, m3 fully adjusted), 
e.g., sertraline–myocardial infarction and venlafaxine–myo-
cardial infarction (Fig. 3d). From these figures, we observe 
that more signals appear as data accumulate (e.g., fluox-
etine–epilepsy/seizures) and that some signals even disap-
pear (e.g., sertraline–hepatotoxicity).

3.2.2 � Descriptive Signal Table

In the fully adjusted models of the primary and secondary 
analyses, we detected 51 potential safety signals (prelimi-
nary associations significant in at least 2 consecutive years) 
out of 765 exposure–event combinations that were unique 
exposure–event combinations across the analyses. Of these, 
31 were positive associations (Table 3). Examples of plots of 
HRs (95% CI) over time from the primary analysis are pro-
vided for the potential safety signal venlafaxine–arrhythmia 
(Fig. 4a) and for the transient signal sertraline–heart failure 
(Fig. 4b). Potential safety signals were detected with IRs as 
low as 0.9 (0.4–1.9) per 10,000 person-years at the first year 
of detection (sertraline–hepatic necrosis).

In the primary analysis using citalopram as comparator, 
we identified 46 preliminary associations, i.e., significant 
in at least 1 year during the study period after full adjust-
ment. Of these, 31 were potential safety signals (significant 
in at least 2 consecutive years). The mean number of years 
since the start of surveillance to the first year as a significant 
potential safety signal was 7.7 (IQR 5.0–10.0) years.

In the secondary analysis using all other SSRIs as com-
parator, we found 33 potential safety signals (preliminary 
associations significant in at least 2 consecutive years). Of 
these, 30 were also identified in the primary analysis. Six 
potential safety signals with a positive association were 
identified for citalopram: cardiac arrest, epilepsy and sei-
zures, fractures, hepatic failure, ischemic stroke, and renal 
failure. Apparent negative associations when comparing the 

Fig. 2   Distribution of incident 
selective serotonin reuptake 
inhibitor and serotonin-norep-
inephrine reuptake inhibitor 
users during the study period 
from 1997 to 2016
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Table 2   Number, incidence rates per 10,000 person-years, and 95% confidence intervals for each drug–medical event combination (phase 2a) for 
the whole study period 1997–2016, where the number of events was greater than or equal to five

Medical event Total Citalopram Escitalopram Sertraline Venlafaxine Duloxetine Paroxetine Fluoxetine

Blood and lymphatic system disorders
 Aplastic anemiaa 45; 1.0 

(0.7–1.3)
33; 1.3 

(0.9–1.9)
5; 1.1 

(0.3–2.5)
NA NA NA NA NA

 ITPa 14; 0.3 
(0.2–0.5)

7; 0.3 
(0.1–0.6)

5; 1.1 
(0.3–2.5)

NA NA NA NA NA

 Thrombocyto-
penia

88; 1.9 
(1.5–2.4)

56; 2.3 
(1.7–3.0)

12; 2.5 
(1.3–4.4)

9; 1.1 
(0.5–2.1)

5; 2.0 
(0.7–4.7)

NA NA NA

 Agranulocytosisa 33; 0.7 
(0.5–1.0)

16; 0.6 
(0.4–1.1)

6; 1.3 
(0.5–2.8)

NA NA NA NA NA

Immune system disorders
 Anaphylaxisa 47; 1.0 

(0.7–1.4)
25; 1.0 

(0.7–1.5)
6; 1.3 

(0.5–2.8)
NA NA NA NA NA

Psychiatric disorders
 Mania 123; 2.7 

(2.2–3.2)
64; 2.6 

(2.0–3.3)
10; 2.1 

(1.0–3.9)
21; 2.6 

(1.6–3.9)
7; 2.8 

(1.1–5.8)
NA 12; 4.1 

(2.1–7.2)
NA

 Hallucinations 31; 0.7 
(0.5–1.0)

19; 0.8 
(0.5–1.2)

NA 5; 0.6 
(0.2–1.4)

NA NA NA NA

 Delusionsa 457; 10.0 
(9.1–10.9)

216; 8.8 
(7.7–10.1)

53; 11.3 
(8.4–14.7)

78; 9.6 
(7.6–12.0)

27; 10.9 
(7.2–15.9)

8; 12.7 
(5.5–25.0)

38; 13.1 
(9.3–18.0)

37; 14.4 
(10.2–
19.9)

 Suicide 841; 18.2 
(17.0–19.5)

440; 17.9 
(16.2–19.6)

93; 19.7 
(15.9–24.1)

145; 17.8 
(15.0–21.0)

66; 26.5 
(20.5–33.7)

13; 20.6 
(10.9–35.1)

46; 15.8 
(11.5–21.0)

38; 14.8 
(10.5–
20.3)

 Self-harm 320; 7.0 
(6.2–7.8)

155; 6.3 
(5.4–7.4)

37; 7.9 
(5.5–10.8)

49; 6.1 
(4.5–8.0)

31; 12.5 
(8.5–17.8)

NA NA 24; 9.3 
(6.0–
13.9)

Nervous system disorders
 Epilepsy and 

seizures
1278; 28.1 

(26.6–29.7)
883; 36.4 

(34.0–38.8)
116; 24.8 

(20.5–29.8)
153; 19.0 

(16.1–22.3)
39; 15.8 

(11.3–21.6)
9; 14.4 

(6.6–27.2)
41; 14.2 

(10.2–19.3)
37; 14.5 

(10.2–
20.0)

 Hemorrhagic 
stroke

663; 14.5 
(13.4–15.6)

410; 16.8 
(15.2–18.5)

88; 18.8 
(15.1–23.1)

88; 10.9 
(8.7–13.4)

29; 11.7 
(7.8–16.8)

7; 11.1 
(4.5–22.9)

20; 6.9 
(4.2–10.6)

21; 8.2 
(5.1–
12.5)

 Ischemic stroke 3340; 77.0 
(74.4–79.6)

2189; 96.7 
(92.7–
108.5)

334; 74.8 
(67.0–83.3)

442; 56.2 
(51.1–61.7)

118; 48.5 
(40.2–58.1)

30; 48.8 
(32.9–69.6)

104; 36.3 
(29.7–44.0)

123; 49.0 
(40.7–
58.4)

 Polyneuropathy 79; 1.7 
(1.4–2.1)

39; 1.6 
(1.1–2.2)

9; 1.9 
(0.9–3.6)

13; 1.6 
(0.9–2.7)

NA NA 9; 3.1 
(1.4–5.9)

5; 2.0 
(0.6–4.6)

Cardiac disorders
 Arrhythmia 2111; 48.1 

(46.1–50.2)
1317; 56.7 

(53.7–59.9)
226; 50.5 

(44.2–57.6)
279; 35.6 

(31.6–40.1)
103; 42.6 

(34.8–51.7)
29; 47.9 

(32.1–68.7)
81; 28.5 

(22.6–35.4)
76; 30.2 

(23.8–
37.8)

 Ventricular 
arrhythmia

193; 4.2 
(3.6–4.8)

114; 4.6 
(3.8–5.6)

23; 4.9 
(3.1–7.3)

30; 3.7 
(2.5–5.3)

7; 2.8 
(1.1–5.8)

NA NA 10; 3.9 
(1.9–7.2)

 Ventricular 
fibrillationa

46; 1.0 
(0.7–1.3)

30; 1.2 
(0.8–1.7)

5; 1.1 
(0.3–2.5)

6; 0.7 
(0.3–1.6)

NA NA NA NA

 Myocardial 
infarction

1679; 37.1 
(35.4–39.0)

1109; 46.1 
(43.4–48.9)

174; 37.6 
(32.2–43.6)

216; 27.0 
(23.5–30.8)

56; 22.8 
(17.2–29.6)

16; 25.7 
(14.7–41.7)

62; 21.5 
(16.5–27.6)

46; 18.1 
(13.3–
24.2)

 Cardiomyopathies 141; 3.1 
(2.6–3.6)

82; 3.3 
(2.7–4.1)

23; 4.9 
(3.1–7.3)

14; 1.7 
(0.9–2.9)

7; 2.8 
(1.1–5.8)

NA 11; 3.8 
(1.9–6.8)

NA

 Cardiac arresta 247; 5.4 
(4.7–6.1)

159; 6.5 
(5.5–7.5)

30; 6.4 
(4.3–9.1)

38; 4.7 
(3.3–6.4)

7; 2.8 
(1.1–5.8)

NA NA 5; 1.9 
(0.6–4.5)
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Data are presented as N; incidence rate (95% confidence interval). Number of events less than five was marked with NA due to confidentiality 
requirements from Statistics Denmark
ITP immune thrombocytopenic purpura, NA not available
a Events from the European Medicines Agency's Designated Medical Event list

Table 2   (continued)

Medical event Total Citalopram Escitalopram Sertraline Venlafaxine Duloxetine Paroxetine Fluoxetine

 Heart failure 1840; 40.9 
(39.1–42.8)

1215; 50.9 
(48.1–53.9)

185; 40.2 
(34.6–46.4)

256; 32.0 
(28.2–36.2)

55; 22.3 
(16.8–29.1)

11; 17.7 
(8.8–31.6)

54; 18.7 
(14.0–24.4)

64; 25.2 
(19.4–
32.2)

Vascular disorders
 Pulmonary 

hypertensiona
26; 0.6 

(0.4–0.8)
14; 0.6 

(0.3–1.0)
NA 7; 0.9 

(0.3–1.8)
NA NA NA NA

Respiratory, thoracic, and mediastinal disorders
 Pulmonary 

fibrosisa
93; 2.0 

(1.6–2.5)
57; 2.3 

(1.8–3.0)
10; 2.1 

(1.0–3.9)
11; 1.4 

(0.7–2.4)
8; 3.2 

(1.4–6.3)
NA NA NA

Gastrointestinal disorders
 Intestinal 

perforationa
34; 0.7 

(0.5–1.0)
24; 1.0 

(0.6–1.4)
6; 1.3 

(0.5–2.8)
NA NA NA NA NA

 Pancreatitis acutea 315; 6.9 
(6.1–7.7)

175; 7.1 
(6.1–8.3)

40; 8.5 
(6.1–11.6)

45; 5.6 
(4.0–7.4)

15; 6.0 
(3.4–10.0)

6; 9.5 
(3.5–20.7)

19; 6.5 
(3.9–10.2)

15; 5.9 
(3.3–9.7)

 Pancreatitis acute, 
sensitivity

300; 6.5 
(5.8–7.3)

164; 6.7 
(5.7–7.8)

39; 8.3 
(5.9–11.3)

43; 5.3 
(3.8–7.1)

14; 5.6 
(3.1–9.5)

6; 9.5 
(3.5–20.7)

19; 6.5 
(3.9–10.2)

15; 5.9 
(3.3–9.7)

 Autoimmune 
pancreatitisa

72; 1.6 
(1.2–2.0)

39; 1.6 
(1.1–2.2)

11; 2.3 
(1.2–4.2)

11; 1.4 
(0.7–2.4)

NA NA NA NA

 Pancreatitisa, all 352; 7.7 
(6.9–8.5)

198; 8.1 
(7.0–9.3)

45; 9.6 
(7.0–12.8)

49; 6.0 
(4.5–8.0)

17; 6.9 
(4.0–11.0)

8; 12.7 
(5.5–25.0)

20; 6.9 
(4.2–10.6)

15; 5.9 
(3.3–9.7)

Hepatobiliary disorders
 Hepatotoxicity 364; 7.9 

(7.1–8.8)
205; 8.3 

(7.2–9.6)
46; 9.8 

(7.1–13.0)
57; 7.0 

(5.3–9.1)
18; 7.3 

(4.3–11.5)
9; 14.3 

(6.5–27.1)
16; 5.5 

(3.1–8.9)
13; 5.1 

(2.7–8.7)
 Toxic liver 

diseasea
105; 2.3 

(1.9–2.8)
54; 2.2 

(1.6–2.9)
8; 1.7 

(0.7–3.3)
22; 2.7 

(1.7–4.1)
9; 3.6 

(1.7–6.9)
NA NA 5; 1.9 

(0.6–4.5)
 Hepatic necrosisa 23; 0.5 

(0.3–0.7)
10; 0.4 

(0.2–0.7)
NA 8; 1.0 

(0.4–1.9)
NA NA NA NA

 Hepatic failurea 211; 4.6 
(4.0–5.2)

134; 5.4 
(4.6–6.4)

32; 6.8 
(4.6–9.6)

21; 2.6 
(1.6–4.0)

NA NA 9; 3.1 
(1.4–5.9)

6; 2.3 
(0.9–5.1)

 Acute hepatic 
failurea

63; 1.4 
(1.1–1.7)

38; 1.5 
(1.1–2.1)

11; 2.3 
(1.2–4.2)

6; 0.7 
(0.3–1.6)

NA NA NA NA

Skin and subcutaneous tissue disorders
 Angio-neurotic 

edemaa
67; 1.5 

(1.1–1.8)
38; 1.5 

(1.1–2.1)
8; 1.7 

(0.7–3.3)
11; 1.4 

(0.7–2.4)
NA NA NA NA

Musculoskeletal and connective tissue disorders
 Fractures 7553; 186 

(181–190)
5012; 233 

(227–240)
748; 179 

(166–192)
939; 129 

(121–138)
265; 119 

(105–134)
53; 93.9 

(70.4–123)
261; 98.7 

(87.1–111)
275; 119 

(105–
134)

Renal and urinary disorders
 Acute kidney 

injurya
337; 7.3 

(6.6–8.1)
219; 8.9 

(7.8–10.2)
49; 10.4 

(7.7–13.7)
38; 4.7 

(3.3–6.4)
9; 3.6 

(1.7–6.9)
NA 10; 3.4 

(1.6–6.3)
NA

 Renal failurea 813; 17.8 
(16.6–19.0)

542; 22.2 
(20.4–24.2)

108; 23.1 
(18.9–27.9)

92; 11.4 
(9.2–13.9)

20; 8.1 
(4.9–12.5)

7; 11.2 
(4.5–23.0)

17; 5.8 
(3.4–9.3)

27; 10.5 
(6.9–
15.3)

 Hyponatremia 1257; 27.4 
(25.9–29.0)

791; 32.3 
(30.1–34.6)

143; 30.4 
(25.6–35.8)

182; 22.5 
(19.3–26.0)

51; 20.6 
(15.3–27.0)

20; 31.8 
(19.4–49.1)

44; 15.1 
(11.0–20.3)

26; 10.1 
(6.6–
14.9)
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exposure of interest with citalopram in the primary analy-
sis reappeared as a positive association in citalopram when 
comparing with all other SSRIs: epilepsy and seizures, frac-
tures, and ischemic stroke.

In the additional analysis investigating citalopram and 
escitalopram with a comparator group excluding both, a new 
potential safety signal with a positive association appeared 
for citalopram (hepatic failure). For escitalopram, two new 
signals with positive associations appeared (acute kidney 
injury and intestinal perforation).

3.3 � Phase 3a: Interpretation and Decision

We detected 31 unique exposure–comparator combina-
tions of potential safety signals (preliminary associations 

significant in at least 2 consecutive years) that showed 
positive associations to the event of interest in the exposed 
group (Table 3). Of the 31 unique combinations, 20 were 
significant at the end of the study in at least one of the expo-
sure–comparator combinations. This means that 11 potential 
safety signals with different exposure–comparator combina-
tions with positive associations disappeared during the study 
period (e.g., duloxetine–hyponatremia, fluoxetine–ventric-
ular arrhythmia, and citalopram–renal failure). Since this 
study was historical, these 11 potential safety signals would 
have required further investigation in a prospective setting. 
Of the 31 unique combinations, our system identified 21 
(67.7%) new potential safety signals that are not listed in 
the current Danish SmPCs (Table S4 in the ESM). These 
were all medical events from the EMA DME list or added 

Fig. 3   Illustration of preliminary associations of the primary analysis 
in all three models: crude (m1), age and sex (m2), and fully adjusted 
(m3) in (a, c) 2006 and (b, d) 2016. Heat maps show events occur-
ring at least five times. Figures (a) and (b) are colored by log10 of 
the hazard ratio (log10(HR)) ranging from − 0.6 to 0.6 that corre-
spond to HR of 0.25 and 4. Other relevant values of the log10(HR) are 
− 0.3, 0.0, and 0.3, corresponding to HRs of 0.5, 1.0, and 2. Darker 
red indicates a more positive association, and darker blue indicates 
more negative associations. Figures (c) and (d) are colored by signifi-

cance as log10 of the p value (− log(P)) that ranges from − 3 to 3, both 
corresponding to p values of 0.001, but for negative associations and 
positive associations, respectively. Other relevant values are − 2 and 
2, corresponding to p values of 0.01 and − 1.3 and 1.3 corresponding 
to p values of 0.05. a Colored by log10 of the HR in 2006, b Colored 
by log10 of the HR in 2016, c colored by significance as log10 of the 
p value in 2006, d colored by significance as log10 of the p value in 
2016. HR hazard ratio, ITP immune thrombocytopenic purpura, sens 
sensitivity
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Table 3   Potential safety signals and the year in the 20 sequential analyses in which they appeared the first and last time, including the hazard 
ratio and the 95% confidence interval at the last appearance

Antidepressants (years of surveil-
lance) and serious medical event

First appearance 
of potential signal 
(years)

Last appearance 
of potential signal 
(years)

HR (95% CI), last year as a potential signal

P S A P S A P S A

Duloxetine (13)
 Fractures 5 5 13* 13* 0.68 (0.52–0.89) 0.72 (0.55–0.94)
 Hyponatremiab 4 4 8 8 1.86 (1.07–3.24) 1.88 (1.08–3.25)
 Suicidesb 5 5 5 5 2.06 (1.06–4.00) 2.05 (1.06–3.97)

Escitalopram (15)
 Acute hepatic failurea 5 5 5 6 6* 5 2.37 (1.00–5.63) 2.41 (1.05–5.53) 2.25 (1.00–5.04)
 Acute kidney injurya 7 15* 1.49 (1.02–2.16)
 Cardiomyopathyc 10 10 15* 14 1.61 (1.02–2.51) 1.75 (1.02–3.01)
 Delusionsa 4 4 5 5 1.59 (1.05–2.39) 1.49 (1.01–2.21)
 Epilepsy/seizures 4 8 15* 11 0.78 (0.64–0.95) 0.81 (0.66–0.99)
 Heart failure 7 13 0.83 (0.70–1.00)
 Hepatic failurea 10 5 15* 15* 1.52 (1.04–2.21) 2.13 (1.34–3.38)
 Fractures 8 15* 0.91 (0.85–0.99)
 Hemorrhagic strokec 13 6 6 15* 15* 9 1.28 (1.02–1.62) 1.30 (1.04–1.62) 1.34 (1.01–1.77)
 Hyponatremiab 6 6 1.38 (1.07–1.78)
 ITPa 11 11 11 15* 15* 15* 4.04 (1.27–12.8) 4.97 (1.66–14.9) 8.08 (1.55–42.2)
 Intestinal perforationa 15 15* 4.27 (1.16–15.7)
 Ischemic stroke 7 8 8 8 0.86 (0.76–0.99) 0.88 (0.77–1.00)
 Renal failurea 14 9 15* 15* 1.23 (1.00–1.51) 1.42 (1.11–1.82)

Fluoxetine (20)
 Delusionsa 4 4 20* 20* 1.61 (1.13–2.30) 1.52 (1.09–2.14)
 Epilepsy/seizures 5 6 20* 8 0.69 (0.49–0.96) 0.69 (0.48–0.99)
 Myocardial infarction 8 8 8 8 0.70 (0.50–0.98) 0.72 (0.52–1.00)
 Ventricular arrhythmiaa 3 3 8 8 2.11 (1.04–4.29) 2.14 (1.08–4.23)

Paroxetine (20)
 Cardiomyopathyc 2 14 1.93 (1.03–3.64)
 Delusionsa 9 11 20* 15 1.42 (1.00–2.02) 1.42 (1.01–1.99)
 Epilepsy/seizures 6 20* 0.71 (0.52–0.98)
 Fractures 10 18 20* 19 0.84 (0.74–0.95) 0.88 (0.77–1.00)
 Heart failure 7 7 7 7 0.65 (0.46–0.94) 0.67 (0.47–0.96)
 Ischemic stroke 5 20* 0.78 (0.64–0.96)
 Polyneuropathyc 15 15 20* 20* 2.74 (1.30–5.79) 2.63 (1.30–5.33)
 Renal failure 9 9 20* 13 0.61 (0.38–1.00) 0.50 (0.28–0.92)

Sertraline (20)
 Cardiomyopathy 10 18 0.50 (0.26–0.95)
 Epilepsy/seizures 19 20* 0.78 (0.66–0.93)
 Fractures 5 5 20* 20* 0.84 (0.78–0.90) 0.86 (0.81–0.93)
 Heart failurec 11 11 14 14 1.20 (1.03–1.40) 1.22 (1.05–1.42)
 Hepatotoxicityb 2 2 4 3 1.90 (1.04–3.45) 1.79 (1.02–3.13)
 Hepatic necrosisa 19 20* 2.66 (1.12–6.30)
 Renal failure 6 6 15 15 0.80 (0.64–1.00) 0.75 (0.57–0.99)
 Toxic liver diseasea 2 3 1.73 (1.01–2.97)

Venlafaxine (20)
 Arrhythmiaa 13 13 20* 20* 1.43 (1.17–1.75) 1.41 (1.16–1.73)
 Epilepsy/seizures 4 9 0.70 (0.51–0.97)
 Hyponatremiab 4 4 20* 20* 1.40 (1.05–1.87) 1.38 (1.04–1.83)
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because of importance (Table 3). Ten potential safety sig-
nals concerned events listed in the current SmPCs, of which 
two were also present in the EMA DME list (ventricular 
arrhythmia and arrhythmia). Finally, 82 of our events were 
present in the SmPCs but not detected as signals by our sys-
tem (Table S4 in the ESM). Further details on each medical 
event and their appearance on the EMA DME list and the 
SmPCs are provided in Table S5 in the ESM.

4 � Discussion

4.1 � The Active Surveillance System

We developed and tested an active surveillance system based 
on annual sequential analyses using Danish healthcare data 
to detect potential safety signals (preliminary associations 
significant in at least 2 consecutive years) closer to real time. 
We emulated a prospective scenario following new users of 
SSRIs and SNRIs using 20 years of historical data. Among 
potential safety signals, IRs were as low as 0.9 (0.4–1.9) per 
10,000 person-years at the first year of detection. The sys-
tem identified 51 potential safety signals, counted as unique 
exposure–medical event combinations, across the analyses. 

Of these, 31 showed positive associations to the event of 
interest in the exposed group, and 20 of them were present 
at the end of the study. We propose that all signals indicat-
ing positive associations should have been further assessed 
when they appeared in a prospective setting.

In 2007, Brown et al. [6] evaluated the utility of health-
care data for near real-time surveillance and found that pro-
spective sequential evaluation of routinely collected data 
can provide estimates of drug–medical event rates to sup-
port routine and timely surveillance. They investigated five 
known drug–event associations and two pairs of negative 
controls and used a statistical test developed for sequential 
data, the maximized sequential probability ratio test. Our 
study differed from their study by including a broad spec-
trum of serious medical events often associated with drug 
exposure, of which most were included from the EMA DME 
list. Furthermore, we used a definition of a potential safety 
signal inspired by traditional pharmacoepidemiological risk 
measures, i.e., a significantly increased HR in 2 consecu-
tive years based on multivariable Cox regression analyses. 
Recent studies have used epidemiological approaches to 
investigate how active systems can be applied to healthcare 
data and found them useful as complements to the exist-
ing surveillance systems [13, 16, 17]. Similar to our study, 

Bold medical events and HRs (95% CI) indicate signals selected for further assessment. Blank fields illustrate analysis not relevant or that no 
potential safety signal was detected
A additional secondary analysis for citalopram and escitalopram excluding both in the comparator group, CI confidence interval, DME desig-
nated medical event, EMA European Medicines Agency, HR hazard ratio, ITP immune thrombocytopenic purpura, S secondary comparing each 
drug with all others excluding drug of interest, SmPC summary of product characteristics, SNRI serotonin-norepinephrine reuptake inhibitor, 
SSRI selective serotonin reuptake inhibitor, P primary comparing each drug with citalopram
*Significant signal (p < 0.05) the last year of surveillance
a From the EMA DME list
b Found in SmPCs for some SSRIs or SNRIs
c Medical events missing from the EMA DME list and the SmPCs added because of importance

Table 3   (continued)

Antidepressants (years of surveil-
lance) and serious medical event

First appearance 
of potential signal 
(years)

Last appearance 
of potential signal 
(years)

HR (95% CI), last year as a potential signal

P S A P S A P S A

 Pulmonary fibrosisa 18 20* 2.30 (1.11–4.79)
 Suicidesb 18 9 20* 20* 1.31 (1.00–1.71) 1.33 (1.03–1.71)

Citalopram (20)
 Cardiac arresta 10 10 12 10 1.46 (1.02–2.09) 1.73 (1.11–2.71)
 Delusions 10 12 0.79 (0.63–0.98)
 Epilepsy/seizuresb 5 5 20* 20* 1.33 (1.18–1.51) 1.35 (1.18–1.56)
 Fracturesb 5 5 20* 20* 1.13 (1.08–1.19) 1.16 (1.09–1.22)
 Hepatic failurea 20 20* 1.49 (1.06–2.11)
 Hyponatremia 6 6 18 7 0.88 (0.78–0.99) 0.84 (0.72–0.98)
 Ischemic strokec 16 20 20* 20* 1.11 (1.03–1.19) 1.11 (1.02–1.20)
 Renal failurea 6 6 8 20 1.35 (1.05–1.75) 1.27 (1.06–1.52)
 Self-harm 4 4 4 4 0.49 (0.28–0.87) 0.65 (0.42–0.99)
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these three studies also evaluated safety by estimating HRs. 
Our study differed by focusing on detecting potential safety 
signals among many different medical events rather than 
evaluating one or a few specified outcomes. We also sought 
to extend signal detection by applying pharmacoepidemio-
logical methods, usually known from signal evaluation, to 
provide a preliminary risk quantification as a threshold for 
signal detection.

4.2 � Strengths and Limitations of the Active 
Surveillance System

Our proposed system's primary strength compared with 
existing surveillance systems is that it uses routinely col-
lected electronic secondary healthcare data to assess the 
associations with serious medical events. It does so by ana-
lyzing data as they accumulate. Theoretically, this enables 

Fig. 4   Plot of hazard ratios and 
confidence intervals for venla-
faxine compared with citalo-
pram and the association with 
arrhythmia (a) and sertraline 
compared with citalopram and 
the association with heart fail-
ure (b). CI confidence interval, 
HR hazard ratio
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the system to obtain a preliminary risk estimate more 
quickly than conventional pharmacoepidemiological stud-
ies. The comprehensive data cover all serious medical events 
leading to hospital admission. Thus, our system requires 
no additional data collection but only human resources to 
initiate and maintain the surveillance [13]. Underreporting 
is avoided because the system does not require evaluation 
of individual patients, clinical suspicion of specific expo-
sure–event relationships, willingness to report, or extra effort 
to collect information and submit individual case safety 
reports. When including all patients in Denmark treated 
with SSRIs and SNRIs, the system had sufficient statisti-
cal precision to identify rare events with IRs as low as 0.2 
(0.1–0.3) per 10,000 person-years for the entire drug group 
but detected potential safety signals with an IR above 0.9 
(0.4–1.9) per 10,000 person-years. Our system allows the 
detection of potential safety signals as data accumulate and 
provides epidemiological measures of absolute and rela-
tive risk (in the form of IRs and HRs) useful in risk/ben-
efit evaluations. Furthermore, comparisons are adjusted for 
confounding using multivariable models in contrast to the 
subjective evaluation of alternative causes of the event used 
in case reports.

Traditional pharmacoepidemiological studies will usu-
ally be initiated when a safety concern has been identi-
fied. After this, different time-consuming steps will follow 
before the results are ready for publication: the study will 
have to be planned and designed, data and permissions must 
be applied for, the applications must be handled and data 
retrieved before access can be provided, and, finally, the 
analysis can be conducted. This may lead to an unneces-
sary delay between the detection of the signal and the final 
evaluation. Currently, there is approximately a 1-year lag 
time in the data availability at Statistics Denmark and 1–2 
months at the Danish Health Data Authority [33] in addi-
tion to the handling of the data application at the authorities. 
We suggest that an active surveillance system should have 
general access to healthcare data and analyze data as they 
are continuously entered in the registries. This will provide 
an updated preliminary epidemiological risk estimate at the 
chosen time intervals. If so, the delay will be reduced to the 
delay between data generation and analysis. However, for the 
rare events included in the EMA DME list, it will still take 
years to detect a signal in our system.

Our system also has limitations. A general limitation is 
its inability to detect non-serious medical events since these 
do not appear in our registries. Furthermore, 11 (35.5%) of 
the potential safety signals that were identified disappeared 
before the end of the study. Most of them were significant 
in only a few years (e.g., sertraline–heart failure; Fig. 4b). 
This means that the signals were either false positives or true 
risks that were consequently well-managed, e.g., by con-
traindicating the drugs in high-risk patients. We identified 

21 new potential safety signals for events that were not listed 
in the current Danish SmPCs. Also, 82 drug–medical event 
combinations listed in the SmPCs were not detected by our 
system (Table S4 in the ESM). However, some of the events 
were detected as signals in closely related medical terms, 
e.g., cardiac arrest and ventricular arrhythmia, which were 
both listed in the SmPCs, but the latter was not detected 
by the system. Furthermore, we used an active compara-
tor design in our system and therefore estimated individual 
associations of the event of interest between two similar 
drugs rather than class effects. Finally, it could also indicate 
that the undetected medical events listed in the SmPCs have 
limited evidence and might not actually be true risks. Hence, 
our system should not be considered as a replacement of the 
existing system but rather a complement, especially since 
most of the detected potential safety signals were not listed 
in the SmPCs. However, assessing our system's direct added 
value over existing surveillance systems was beyond the 
scope of this project. We recommend that future analyses 
incorporate comparisons with a list of gold standard signals 
(e.g., those resulting in regulatory action) and assessment 
of false-positive, false-negative signals and timing of the 
potential safety signal.

We tested the system using a comprehensive dataset, 
allowing confounder adjustment through information on 
each patient's long-term history of comorbidities and co-
medications. A general set of confounders relevant to all 
the included medical events is difficult to establish. There-
fore, we decided to divide the confounders into two standard 
adjustment sets, for somatic and psychiatric events, respec-
tively. Furthermore, some of our events were too rare to 
include all covariates in the multivariable analysis. This 
stresses the need for more advanced confounder adjustment 
methods such as propensity score methods, as done in other 
recent studies [13, 16, 17].

Moreover, though we adjusted for numerous potential 
confounders, residual confounding is possible. Also, national 
guidelines and unmeasured baseline risks may influence the 
choice of drug, leading to confounding by indication. This 
is especially relevant to consider in events such as suicides 
and self-harm but also in the remaining psychiatric events 
investigated in this study (delusions, hallucinations, mania, 
and hypomania) that can be associated with the depression 
itself rather than the drug use.

4.3 � Strengths and Limitations of Design 
and Analysis Choices

We opted to use an intention-to-treat approach of 6 months, 
which may have caused exposure misclassification. This 
could be reduced by shortening the follow-up, as suggested 
in Table S2 in the ESM. Using a time-dependent exposure 
approach might have enabled the detection of more signals. 



1228	 M. Aakjær et al.

Our system was tuned to focus on medical events occurring 
shortly after drug initiation, and we did not consider long-
term medical events such as cancers that would require years 
of follow-up and time-dependent exposure models, includ-
ing cumulative exposure. However, some of the very acute 
events that we investigated, such as anaphylaxis, may have 
been better investigated using cumulative incidence pro-
portions and as binary outcomes using logistic regression 
(Table S2 in the ESM). To avoid misclassification of out-
comes, we limited our diagnosis to inpatient admissions and 
main diagnoses. Furthermore, we noticed that some poten-
tial safety signals either appeared in their narrow or broad 
definitions, such as fluoxetine–ventricular arrhythmia and 
venlafaxine–arrhythmia, respectively (Table 3). This could 
indicate that using too broad or unspecific definitions may 
dilute the effect of a signal. However, using a very narrow 
definition could also reduce the power to detect a signal.

We chose to define a potential safety signal based on the 
relative risk between the exposure and comparator expressed 
as HRs statistically significant for at least 2 consecutive 
years and to use two sets of comparators. In the primary 
analysis, we compared each drug with citalopram, whereas 
the secondary analysis compared each drug with all others 
in the groups. In general, for many of the exposure–event 
combinations, the change in comparator changed neither the 
estimate nor the time of detection (e.g., all potential safety 
signals that appeared for duloxetine). However, in some 
cases, the choice of comparator affected especially the time 
of detection (e.g., escitalopram–hemorrhagic stroke). A 
more general limitation in the choice of comparator appears 
in drugs that are unique in their class where no comparator 
is available. In this situation, we recommend a comparison 
with related drug classes or a sample of the general popu-
lation. Furthermore, we did not adjust for multiple testing 
since our system was developed to provide a preliminary 
risk estimate closer to real time, similar to what would have 
been obtained by a pharmacoepidemiological study rather 
than assessing whether the accumulated data were sufficient 
to make a definitive decision, i.e., terminate the study as in 
clinical trials [34]. Finally, our surveillance was only tested 
in a single country. We acknowledge that clinical practice 
may vary between countries but believe that similar systems 
can be developed in other countries or regions with data-
bases similar to Denmark's.

4.4 � Future Perspectives

The system could be extended to assess all drugs newly 
introduced to the market and all serious medical events that 
lead to hospital admission. Instead of prespecifying the 
medical events of interest, newer methods within data min-
ing known from other recent studies, e.g., tree-based scan 
statistics, could also be applied, selecting a broad range of 

outcomes, for example, diseases represented by all the third- 
or fourth-level ICD-10 codes [35, 36]. Additionally, the 
implementation of data from general practice could enable 
the system to detect less serious medical events that do not 
necessarily lead to hospital admission.

Many design and analysis choices must be made when 
conducting pharmacoepidemiological studies [37]. We out-
lined several fine-tuning possibilities (Table S2 in the ESM), 
which should all be further assessed to design the most com-
prehensive active surveillance system for Danish healthcare 
data. We propose that automated sensitivity analyses focus-
ing on outcome definitions and follow-up are performed to 
check the robustness of the findings. Sensitivity analyses of 
outcome definitions could check whether the definitions are 
too nonspecific, especially since some of our definitions, 
such as arrhythmia, are very broad. In contrast, sensitivity 
analysis of the follow-up will address exposure misclassi-
fication. Finally, augmenting the system with confounder 
adjustment based on propensity scores should be evaluated.

5 � Conclusions

Our study demonstrates the feasibility of performing epi-
demiological surveillance of medical events in Danish big 
healthcare data using sequential, cumulative analyses. Our 
active surveillance system could be a useful supplement to 
the existing passive system. However, several fine-tuning 
possibilities should be further assessed. The system is espe-
cially suitable for the detection of serious medical events 
among users of commonly prescribed drugs. However, larger 
populations are needed to evaluate rare events and infre-
quently used drugs.
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