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Abstract 

Context: Real-life data consist of exhaustive data which are not subject to selection bias. These data enable to 
study drug-safety profiles but are underused because of their temporality, necessitating complex models (i.e., safety 
depends on the dose, timing, and duration of treatment). We aimed to create a data-driven pipeline strategy that 
manages the complex temporality of real-life data to highlight the safety profile of a given drug.

Methods: We proposed to apply the weighted cumulative exposure (WCE) statistical model to all health events 
occurring after a drug introduction (in this paper HCQ) and performed bootstrap to select relevant diagnoses, drugs 
and interventions which could reflect an adverse drug reactions (ADRs). We applied this data-driven pipeline on a 
French national medico-administrative database to extract the safety profile of hydroxychloroquine (HCQ) from a 
cohort of 2,010 patients.

Results: The proposed method selected eight drugs (metopimazine, anethole trithione, tropicamide, alendronic 
acid & colecalciferol, hydrocortisone, chlormadinone, valsartan and tixocortol), twelve procedures (six ophthalmic 
procedures, two dental procedures, two skin lesions procedures and osteodensitometry procedure) and two medical 
diagnoses (systemic lupus erythematous, unspecified and discoid lupus erythematous) to be significantly associated 
with HCQ exposure.

Conclusion: We provide a method extracting the broad spectrum of diagnoses, drugs and interventions associated 
to any given drug, potentially highlighting ADRs. Applied to hydroxychloroquine, this method extracted among oth-
ers already known ADRs.
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Introduction
Adverse drug reactions (ADRs) have been attributed to 
causing over 770,000 injuries and 100,000 deaths and 
$76.6 billion in annual costs in the US [1], responsible 
for 143,915 hospitalizations and are estimated to 10,000 
deaths in France [2]. The rapid detection of ADRs has 
become a crucial public health issue. Currently, drug 
safety is monitored by the pharmacovigilance system, 
which uses spontaneous reporting systems (SRSs) to 
detect, collect, and analyze ADRs. However, SRSs suf-
fer from underreporting. Indeed, less than 10% of seri-
ous ADRs are reported [3, 4]. Moreover, this system is 
subject to biases due to selective reporting (most of the 
reported cases are considered as suspected ADRs) or by 
a reporting bias for newly marketed medicines.

The increasing availability of electronic medical 
records (EMR) offers major opportunities to investigate 
a wide spectrum of ADRs and detect drug safety signals 
closer to real use and time, as EMR databases record 
information for large populations over long follow-up 
periods [5]. These databases, such as electronic medical 
records and administrative claims databases, have been 
mostly used to confirm or disprove potential signals 
flagged by SRSs. A number of data-mining techniques 
have been specifically developed for the automatic 
detection of drug-safety signals using either SRS or 
EMR databases [6–12]. Over the last decade, several 
international initiatives have been developed; the Mini-
Sentinel and OMOP (Observational Medical Outcomes 
Partnership) in the United States and the PROTECT 
(Pharmaco-epidemiological Research on Outcomes of 
Therapeutics by a European Consortium) and EU-ADR 

(Exploring and Understanding Adverse Drug Reac-
tions) in Europe.

The challenge of drug-safety signal detection methods 
is to handle four types of difficulties. The first difficulty 
is the data source. The study of long-term adverse drug 
reactions or effects not suspected by healthcare profes-
sionals requires the use of a real-life data source, such as 
EMR or claims databases, which do not suffer from the 
known bias of underreporting and reporting selection 
[13, 14]. The second difficulty is the consideration of a 
broad spectrum of potential ADRs, and not only can-
didate ADRs [15], to be able to highlight new signals. 
The third difficulty is to precisely take into account the 
temporal aspect. Time is important, because the type of 
adverse reactions caused by the medication under study 
may differ according to the duration of the medication 
prescriptions. Certain adverse effects may occur soon 
after the start of the medication under study, whereas 
others may require a prolonged period of administra-
tion to become manifest [16]. Safety depends on the dose, 
timing, and duration of the treatment. The last difficulty 
concerns distinguishing true ADRs from the natural 
course of the disease. Indeed, the natural course of the 
disease for which the prescribed drug is indicated may 
be associated with many other medical diagnoses, which 
may be indistinguishable from ADRs.

In this study, we developed a data-driven pipeline 
based on a cumulative exposure test to highlight relevant 
diagnoses, drugs and interventions which could reflect an 
ADR of a given drug. We used the French national medi-
cation reimbursement database to apply this pipeline to 
HCQ, an old drug with widely known side effects.

Highlights 

• The challenge of drug-safety signal detection methods is to handle four types of difficulties:

○ The data source, the study of long-term adverse drug reactions or effects not suspected by healthcare profession-
als, requires the use of a real-life data source.

○ The consideration of a broad spectrum of potential adverse drug reactions (ADRs), and not only candidate ADRs.

○ The temporal impact (meaning that safety depends on the dose, date and duration of treatment).

○ The difference between true ADRs and disease natural course.

• We aimed to create a data-driven pipeline strategy, without any assumption of any ADRs, which take into account 
the complex temporality of real-life data to provide the safety profile of a given drug.

• Our pipeline used three sources of real-life data to establish a safety profile of a given drug: drug prescriptions, proce-
dures and medical diagnoses.

• We successfully applied our data-driven pipeline strategy to hydroxychloroquine (HCQ). Our pipeline enabled us to 
find diagnoses, drugs and interventions related to HCQ and which could reflect an ADR due to HCQ or the disease 
itself.

• This data-driven pipeline strategy may be of interest to other experts involved in the pharmacovigilance discipline.

Keywords: Hydroxychloroquine, Adverse drug reactions, Medico-administrative databases, Massive data
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Description of the WCE‑data‑driven pipeline
The WCE-data-driven pipeline aims to overcome the 
four aforementioned difficulties as follows:

− Data source: Our method is dedicated to exhaus-
tive real-life data encompassing the whole medi-
cal pathway of each patient after drug intake and all 
along its use.
− Agnostic approach: all elements of the medical 
pathway are considered with no expert preselection
− Temporality assessment: We modeled the 
increase in risk related to cumulative dose using 
splines in Cox proportional hazards models [17, 
18]. Dose during a month is defined as having had 
at least one reimbursement for the drug of interest 
during this month. This model is called weighted 
cumulative exposure (WCE). It allows the represen-
tation of complex cumulative effects of dose, timing, 
and duration of interest drug [19].
− ADRs denoising: We introduced a covariate rep-
resenting disease severity built from expert knowl-
edge to automatically pinpoint drugs given for the 
condition for which the exposure drug has been pre-
scribed.

We will first introduce this WCE-data-driven pipe-
line, followed by a presentation of a comparative 
method to our WCE-data-driven pipeline. Finally, we 
present a use case of this pipeline and compared it 
with a more classical approach.

WCE‑data‑driven pipeline
The WCE-data-driven pipeline applies to a case-only 
cohort, i.e. all patients in the cohort were exposed at least 
once during the study period to the drug of interest.

The WCE-data-driven pipeline is divided into three 
steps: data extraction, data preparation, and safety-pro-
file extraction (Fig. 1).

i. Data extraction: All drug prescriptions for the 
drug under study are extracted, along with all health 
events (treatment initiation date of all drugs, pro-
cedure dates, medical diagnoses dates), and patient 
characteristics, such as age, sex.
ii. Data preparation: We built a data frame corre-
sponding to the WCE package [20] data format for 
each possible type of event occurring after the first 
prescription of the drug under study. In each data 
frame, each row corresponds to a given time period, 
such as day, week, or month (to be defined). Id iden-
tifies the patients. Start and Stop identify the begin-
ning and end of each interval (Stop in row n = Start 
in row n+1). The intervals are closed on the right. 
For each patient, the first start (start = 0) is the start 
date of the study period. The last start is the date the 
patient has the event or the date of the last patient 
follow-up. Event is a binary indicator for the event of 
interest, which has a value of 1 if the event occurred 
in the interval specified by Start and Stop. For a 
given subject, event = 1 can only occur in the last 
interval of his or her follow-up. The following col-
umns represent patient covariates.
iii. Safety‑profile extraction: The weighted cumula-
tive exposure (WCE) model is applied to estimate the 

Fig. 1 Flow chart of WCE-data-driven pipeline 
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cumulative effect of duration, dose, and prescription 
date for the drug of interest [19]. The WCE statisti-
cal model approach estimates the effect of past expo-
sure using a weighted sum of all previous instances 
of exposure, with weights depending on the time 
elapsed since exposure and the dose [18, 21]. This 
makes it possible to account for the fact that the type 
of adverse reactions caused by the medication under 
study may depend on the duration of the medication 
prescription (certain adverse effects may occur soon 
after the start of the medication under study, whereas 
others may require a prolonged period of adminis-
tration to become manifest). WCE statistical model 
allow taking into account for patient’s covariates 
as relying on Cox time-dependent in which initial 
covariates might be introduced.

The WCE statistical model works in two steps. First, 
it estimates the weighting function that assigns weights 
to past exposures (e.g. dose or intensity of exposure) as 
a function of time since exposure, using cubic regression 
splines (Fig. 2). 

Then, a Cox proportional hazards model is fitted to 
compare a group exposed to the drug of interest (HCQ 
in this example) during the time window to a group not 
exposed during the same period [20].

To select health events significantly associated with 
exposure, confidence intervals for each hazard ratio are 

needed. Initially, WCE model was not designed to test 
association with an ADR but to assess risk function of a 
known association, therefore we developed an associa-
tion test for WCE using bootstrapping to estimate both 
the confidence intervals and P-values of the exposure and 
of the initial covariate’s coefficient (number of repeats 
to be defined). We constructed bootstrap replicates of 
the data, each of which was randomly sampled with a 
replacement. Confidence intervals were estimated using 
the percentile method:

Equation 1: Confidence intervals, where θ∗j  denotes the 
jth quantile (lower limit) and θ∗k  denotes the kth quantile 
(upper limit), j = [α/2 × B], k = [(1-α/2) × B], B random 
bootstrap samples.

All analyses were performed using R (version 4.0.3) and 
WCE package (version 1.0.2).

WCE competitor
As the above pipeline is not specific to the method used 
to assess association between the studied drug and each 
diagnoses, drugs and interventions which could reflect an 
ADR, we also implemented case-crossover [22, 23].

We chose a case-crossover design for WCE competi-
tor because it is a method adapted to a case-only cohort 
and this design is widely used in pharmacoepidemiology 

[θlowerlimit , θupperlimit ] = [θ
∗
j , θ

∗
k ]

Fig. 2 For example, weight function estimated by the WCE model for the risk of paracetamol prescription (event) after HCQ exposure (interest 
drug). Each point on the curve represents the estimated value of the exposure weight function of the interest drug (HCQ) for each time (here 
month) of the time window (here six months). The time zero on the x-axis corresponds to the event (the first prescription of paracetamol/
acetaminophen) 
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because it is not sensitive to unmeasured, time-invariant 
confounding factors.

Case-crossover requires defining risk periods and a 
wash-out period. Four periods were defined for each 
individual, separated by a washout period: one risk 
period and three control periods. Each period had the 
same duration (Fig. 3). We performed a sensitivity study 
by varying the duration of these periods (risk and con-
trol) of three, six and nine months, with a washout period 
of one month.

Use case
In the present study, we applied our data-driven pipe-
line to patients newly exposed to HCQ (considered in 
WCE as the exposure variable). The cohort of patients 
receiving HCQ was extracted from the EGB (Echantillon 
Généraliste de Bénéficiaires), a permanent 1/97 repre-
sentative sample of the Système National d’Informations 
Inter-régimes de l’Assurance Maladie (SNIIRAM), which 

includes the data for 66 million people. The EGB includes 
data for approximately 780,000 people [24], consisting of 
de-identified data on demographic characteristics (sex, 
year of birth, date of death), long-term diseases (ALD), 
and reimbursed acts (visits, medical procedures, labo-
ratory tests, dispensed drugs, medical devices) [24–26]. 
We extracted the data of all patients with at least one 
reimbursement for HCQ. We only included patients who 
did not receive HCQ during the previous year to select 
only newly exposed patients (Fig. 4). For these patients, 
we extracted the following data: age, sex, date of all 
HCQ deliverances, first date of prescription for all other 
drugs, date of procedures and medical diagnoses, date of 
“chronic disease certification status”, which is a marker of 
disease severity in the French health system.

All the parameters that were used in our case study are 
presented in Table 1.

We assume that a more severe disease leads to a 
higher use of some drugs, diagnoses or interventions. 

Fig. 3 Diagram of case-crossover. Schematic representation of a case–crossover analysis. The case-defining event is the prescription of a level 5 ATC 
class other than HCQ and the prescription is the HCQ drug. Three control periods are selected (shown as CTR) and one risk period (shown as RISK) 
for each individual. The duration of the periods (risk and control) is set to three months in this example. The washout period (shown as WO) has a 
standard duration of one month

Fig. 4 Population flowchart of hydroxychloroquine cohort
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Therefore, severity of the disease might be a confusion 
factor for the relationship between the drug of inter-
est and some other drugs, diagnoses and interventions 
as it is associated with the cumulative dose of the drug 
of interest and to other drugs, diagnoses and interven-
tions related to disease severity. Therefore, when it 
is not included in the model, all drugs, diagnoses and 
interventions linked to disease severity will be high-
lighted using our model, resulting in many positive 
results that are not likely to be ADRs. To limit these 
signals, we have created a disease severity variable to 
improve the specificity of the detected signals. The dis-
ease severity variable is designed manually from expert 
knowledge and depends only on the drug of interest. 
In our HCQ use case, the disease severity variable was 
defined as having "chronic disease certification status" 
for lupus or rheumatoid arthritis. The creation of a dis-
ease severity variable is a non-mandatory step and is 
added in the model like other confounding factors such 
as age and sex.

The EGB database contains only anonymized data 
and its access is legally authorized without having to 
receive authorization from the national data protec-
tion agency (CNIL). The study protocol was submitted 
to the appropriate INSERM and CNAMTS entities, as 
legally required. In addition, the study was approved by 
our Institutional Review Board (CER-APHP CENTRE, 
IRB n°20,180,603).

For this use case, we considered age, sex and disease 
severity as covariates. The significance level chosen was 
5% because this was an exploratory use case, therefore 
we did not correct for multiple testing.

Significant associations were then compared with 
recorded side effects available in drug databases of 
Food Drug Administration (FDA) organization (source: 
https:// www. acces sdata. fda. gov/ scrip ts/ cder/ daf/ index. 
cfm? event= overv iew. proce ss& ApplNo= 009768).

Results
Population description
The HCQ cohort contains 2,010 patients  (nwomen = 1,577, 
78%), with 1,081 different ATC classes, 4,200 different 
diagnostics and 3,075 different procedures. The aver-
age age at the time of the first prescription of HCQ was 
54.8 (sd = 16.2). Within the cohort, 1,045 (52%) patients 
declared their disease to National Insurance to get full-
price reimbursement for all treatments related to their 
chronic disease. Among them, 12% (n = 240) each had 
vasculitis, systemic lupus erythematous, or systemic 
scleroderma, 11% (n = 214) rheumatoid arthritis, and 
6% (n = 122) each malignant neoplasm or malignant dis-
ease of the lymphatic or hematopoietic tissue (Table 2). 
There was an association between age and HCQ expo-
sure (P < 0.001 by linear regression analysis), as well as 
between sex and HCQ (P < 0.001 by the Wilcoxon test). 
There was also a strong association between HCQ expo-
sure and severity (P < 0.001 by the Wilcoxon test).

Application of the WCE‑data‑driven pipeline
The WCE-data-driven pipeline enabled the identification 
of eight ATC classes, twelve procedures and two medi-
cal diagnoses associated with the prescription of HCQ, of 
which seven were borderline significant at 5% significance 
level. The highest risk ratios ATC classes were obtained for 
hydrocortisone (HR = 3.96 [1.66–7.55]), alendronic acid/
cholecalciferol (HR = 3.24 [1.22–7.36]), valsartan (HR = 2.73 
[1.03–6.13]), and chlormadinone (HR = 2.65 [1.16–4.76]). 
The highest risk ratios of diagnoses were obtained for 
systemic lupus erythematous, unspecified (HR = 5.75 
[2.22–13.77]) and discoid lupus erythematous (HR = 5.178 
[1.98–10.47]). The highest risk ratios procedures were 
obtained for light flash electroretinography with measure-
ment of response amplitudes and latencies (HR = 14.95 
[7.95–28.99]), electroretinography with dark adaptation 

Table 1 Parameter set-up 

Parameter Set‑up in our study Explanation

Drug of interest Hydroxychloroquine drug for which we want to know all co-prescriptions after exposure

Study period 01/01/2008 to 12/31/2018 study start and stop

Time period month time interval between start and stop

Time window 24 months potential exposure period before the event

Covariates age, sex, and severity covariate to fit the model

nknots 1 number of interior knots for the cubic spline to estimate the risk function

Bootstraps 1,000 repeat on sample of the WCE model application

Number of ATC classes 1,081 ATC classes level 5

Number of medical diagnoses 4,200 code CIM10

Number of procedures 3,075 we used “classification commune des actes médicaux”, a classification 
from the French National Insurance

https://www.accessdata.fda.gov/scripts/cder/daf/index.cfm?event=overview.process&ApplNo=009768
https://www.accessdata.fda.gov/scripts/cder/daf/index.cfm?event=overview.process&ApplNo=009768
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Table 2 Population characteristics

Description Hydroxychloroquine 
Cohort

n (patients) 2,010

number of women (%) 1,577 (78%)

mean age (IQR) 54.8 (23)

number of severe patients (%) 701 (35%)

mean exposure, in months (sd) 9.5 (16.1)

vasculitis, systemic lupus erythematous, systemic scleroderma 240 (12%)

rheumatoid arthritis 214 (11%)

malignant neoplasm, malignant disease of the lymphatic or hematopoietic tissue 122 (6%)

Fig. 5 Forest plot of the effect of hydroxychloroquine on ATC classes, medical diagnoses and procedures with the WCE model 
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(HR = 12.44 [5.14–28.75]), manual or automated campim-
etry or perimetry, with specific threshold measurement pro-
grams (HR = 6.28 [3.93–9.03]), unilateral or bilateral optical 
coherence tomography of the eye (HR = 4.60 [3.46–6.37]). 
(Fig. 5 & Additional file 1 Appendix 1). In additional file 1 
appendix 2, we have represented the risk functions for light 
flash electroretinography procedure and electroretinogra-
phy with dark adaptation procedure.

Application of the case‑crossover‑data‑driven pipeline
With risk periods set up at three months, the case-cross-
over competitor method identified nine ATC classes, 
the highest risk ratios were obtained for diclofenac 
(HR = 1.40 [1.14–1.72]), prednisone (HR = 1.31 
[1.07–1.60]), racecadotril (HR = 1.26 [1.03–1.53]) and 
cholecalciferol (HR = 1.26 [1.03–1.54]); zero medical 
diagnoses and twelve procedures, the highest risk ratios 
were obtained for unilateral or bilateral optical coher-
ence tomography of the eye (HR = 1.74 [1.44–2.09]), 
manual or automated campimetry or perimetry, with 
specific threshold measurement programs (HR = 1.65 
[1.38–1.97]), fundus examination by biomicroscopy with 
contact lens (HR = 1.49 [1.23–1.80]) and supplement for 
carrying out a digitised X-ray examination (HR = 1.46 
[1.17–1.82]). Results for risk periods set up at three 
months, six months and nine months are presented in 
additional file 1 appendix 3.

In total, no ATC class, no medical diagnosis and four 
procedures were common between WCE and case-cross-
over methods: unilateral or bilateral optical coherence 
tomography of the eye, manual or automated campim-
etry or perimetry, with specific threshold measurement 
programs, exploring the color sense by matching and 
light flash electroretinography, with measurement of 
response amplitudes and latencies.

Comparison with known side effects
Related association signals were found for all very com-
mon and common known side effects (Table  3), except 
headache for which indicated drugs such as acetami-
nophen are over-the-counter treatments and lability 
disorders and anorexia for which there is no indicated 
treatment for acute events. No related association signals 
were found for uncommon side effects and side effects 
for which prevalence is not known, except for macu-
lopathies, for which checking procedure was found to be 
associated (but not treatment for the side effect himself ).

Discussion
We report a new data-driven pipeline able to pinpoint 
diagnoses, drugs and interventions associated to any 
given drug and makes it possible to highlight unexpected 

associations that could represent ADRs. The proposed 
WCE-pipeline compared to other methods allows the use 
of the whole prescription trajectories of the drug under 
study, and therefore allows highlighting both acute and 
cumulative effects of the drug under study, and to take 
into account dose–effect relationship, which is essential 
to infer causal association. This is not the case for meth-
ods commonly used to detect ADRs using administrative 
database such as case-crossover or prescription sequence 
symmetry analysis (PSSA) [27], making it more power-
ful to analyze the whole ADRs spectrum. Moreover, our 
data-driven pipeline is based on a self-controlled method, 
thus avoiding the usual biases of methods such as case–
control [28] or propensity score [29] based approaches.

A major strength of the proposed pipeline is the abil-
ity to use a medico-administrative claims, which are 
not biased towards voluntary declaration, enabling to 
detect unexpected side effect [30]. Compared to the use 
of hypothesis-based pharmacovigilance strategy, this 
pipeline required an additional interpretation step to 
distinguish in associated signals, those unexpected from 
both known side effects and signals related to medi-
cal condition(s) for which the treatment is prescribed. 
Thus, this pipeline, applied to HCQ on a cohort of 2,010 
patients, allowed us to identify most common and very 
common side effects, but also associations related to the 
medical conditions for which HCQ is prescribed: anet-
hole trithione, a bile secretion-stimulating drug restores 
salivation and relieves the discomfort of dry mouth in 
Sjögren’s syndrome, often associated with lupus [31]; 
hydrocortisone, a glucocorticoid, is often used for with-
drawal from more potent corticosteroids in the treat-
ment of lupus or rheumatoid arthritis; chlormadinone, a 
progestin macro-pill is recommended as a contraceptive 
method for women with lupus [32, 33]; alendronic acid/
cholecalciferol and osteodensitometry procedure are 
also a co-prescription of HCQ for optimal management 
of patients with lupus or rheumatoid arthritis, mostly 
post-menopausal women, by internists or rheumatolo-
gists; this is the same for tooth restoration procedures, as 
osteoporosis treatment requires a dental check to avoid 
jawl osteonecrosis and also for skin lesions removal as 
dermatological consult are part from optimal care in 
lupus; tixocortol, a glucocorticoid, is a nasal spray treat-
ing allergic rhinitis, a common comorbidity in patients 
suffering from lupus [34]; valsartan, specific angiotensin 
II (Ang II) receptor antagonist, is used to treat hyperten-
sion, a comorbidity of post-menopausal women [35, 36].

Another advantage of our method is that it is a case-
only design, therefore it does not imply to choose an 
unexposed group which is always a very tricky issue, and 
it does not make the assumption like intermittency of 
drug use or acute event.
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There are multiple reasons that can cause an adverse 
drug reaction, such as metabolic genetic polymorphisms, 
e.g. in Asian populations drug metabolism is different 
than in Caucasian population; gender; age; nutrition; 
drug interactions. Our model can take additional covari-
ates to adjust for, as we did with gender and age. It can 
also incorporate interaction terms and therefore inte-
grate drug interaction.

In our use case, we define the dose as cumulative 
months of exposure to the drug of interest (HCQ) as our 
data come from a claim database.

This pipeline was however not able to highlight side 
effects for which no treatment is given neither hospi-
talization nor procedure is required, but which results 
in stopping the treatment. No unexpected signal was 
highlighted using our pipeline. Another limitation of 
this method is that it is not corrected on multiple tests 
because our approach is exploratory. Some associations 
may be due to type-1 error.

However, our use case presents a limitation due to 
the limited available sample size, resulting in the ina-
bility to detect rare side effects. But our pipeline could 

Table 3 HCQ adverse drug reactions know

Very common (≥ 1/10), Common (≥ 1/100 to < 1/10), Uncommon (≥ 1/1,000 to < 1/100), Rare (≥ 1/10,000 to < 1/1,000), Very rare (< 1/10,000), not known (cannot be 
estimated from the available data)

Localization Adverse effect Frequency Related association signals

Gastrointestinal disorders Abdominal pain, nausea Very common metopimazine

Diarrhea, vomiting Common metopimazine

Eye disorders Blurring of vision due to a disturbance of accom-
modation

Common eyes procedures

Retinopathy with changes in pigmentation and 
visual field defects

Uncommon eyes procedures

Cases of maculopathies and macular degeneration 
have been reported

Not known eyes procedures

Cardiac disorders Cardiomyopathy which may result in cardiac failure 
and in some cases a fatal outcome

Not known No signal

Ear and labyrinth disorders Vertigo, tinnitus Uncommon No signal

Hearing loss Not known No signal

Nervous system disorders Headache Common No signal

Dizziness Uncommon No signal

Convulsions have been reported with this class of 
drugs

Not known No signal

Psychiatric disorders Affect lability Common No signal

Nervousness Uncommon No signal

Psychosis Not known No signal

Immune system disorders Urticaria, angioedema, bronchospasm Not known No signal

Blood and Lymphatic system disorders Bone-marrow depression, anemia, aplastic anemia, 
agranulocytosis, leucopenia and thrombocytope-
nia

Not known No signal

Hepatobiliary disorders Abnormal liver function tests Uncommon No signal

Fulminant hepatic failure Not known No signal

Skin and subcutaneous tissue disorders Skin rash, pruritus Common No signal

Pigmentation disorders in skin and mucous mem-
branes, bleaching of hair, alopecia

Uncommon No signal

Bullous eruptions including erythema multiforme, 
Stevens-Johnson syndrome and toxic epider-
mal necrolysis, Drug Rash with Eosinophilia and 
Systemic Symptoms, photosensitivity, exfoliative 
dermatitis, acute generalised exanthematous 
pustulosis

Not known No signal

Musculoskeletal and connective tissue disor‑
ders

Skeletal muscle myopathy or neuromyopathy 
leading to progressive weakness and atrophy of 
proximal muscle groups

Not known No signal

Metabolism and nutrition disorders Anorexia Common No signal

Hypoglycemia Unknown No signal
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be applied to larger cohorts when available. Moreover, 
our pipeline only can be applied when the temporal 
pattern of the drug under study is available, which is 
often the case in medico-administrative databases as 
it collects all drug reimbursements along with their 
date, while pharmacovigilance databases rarely col-
lect such an information. Our model can work on 
claim database or cohort with patient prescription, 
but is not adapted to pharmacovigilance databases 
like EudraVigilance or FDA Adverse Event Reporting 
System (FAERS). A limitation of our pipeline is that 
it uses data from claim databases such as diagnoses 
or interventions that are intended for reimbursement 
and does not represent an exhaustive description of 
patients.

In conclusion, we present a data-driven pipeline that 
provides a broad picture of diagnoses, drugs and inter-
ventions which could reflect an ADR of a given drug. 
Applied to HCQ, our pipeline allowed us to highlight 
drugs, procedures and diagnoses associated to HCQ 
prescription among them most frequent HCQ side 
effect related events were identified. This is a promis-
ing method because true ADRs, co-prescriptions and 
medical procedures related to the medical condition are 
found. It would be useful as a complement to traditional 
pharmacovigilance methods.

Ethical Approval and Consent to participate
We confirm that this study was approved by an Institu-
tional Review Board IRB (registration: IRB00011928, IRB 
full name: Comité d’éthique de la recherche CERAPHP 
Centre IRB #1, study reference: 20,180,603) and has been 
declared to INSERM (Institut National de la Santé et de 
la Recherche Médicale, https:// www. inserm. fr/). The data 
from this study are extracted from the EGB (Echantil-
lon Généraliste de Bénéficiaires), a permanent 1/97 rep-
resentative sample of the National Health Data System 
(Système National de Données de Santé, SNDS). The 
information provided to individuals in EGB on the pos-
sible reuse of their data and the procedures for exercis-
ing their rights comply with the legislative and regulatory 
provisions applicable to the processing of personal data 
in the SNDS. According to French regulation, individu-
als in SNDS database are informed of the reuse of their 
data for research and can object to this reuse as defined 
by Articles 92 to 95 of Decree No. 2005–1309 of 20 Octo-
ber 2005 (https:// www. legif rance. gouv. fr/ loda/ artic le_ 
lc/ LEGIA RTI00 00373 00884/). As required from French 
regulation, EGB data can be reused for research projects 
from authorized persons (ASJ and PS are authorized per-
sons) once the research project is declared to their insti-
tution (INSERM).

Consent for publication
Not applicable.

Conflict of interest
All authors declare that they have no competing interests 
in this work.

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12874- 022- 01628-3.

Additional file 1: Appendix 1. ATC Class, medical diagnoses and 
procedures associated withhydroxychloroquine prescription in the WCE 
model. Appendix 2: Risk function of two highestrisk ratios. Appendix 3: 
ATC Class and procedures associated withhydroxychloroquine prescrip-
tion in the SCCO model. 

Acknowledgements
The authors would like to thank the EPI-PHARE (Epidemiology of Health Prod-
ucts) committee for their support in this project, and Marie Jamin & Brigitte 
Sabatier for their valuable comments on this manuscript.

Authors’ contribution
P.S., M.W., J.P., N.D., and AS.J. wrote the manuscript. P.S., N.D., and AS.J. designed 
the research. P.S. performed the research. P.S., M.W., J.P., N.D., and AS.J. analyzed 
the data. All authors read and approved the final manuscript. 

Funding
This work was supported by the French National Agency for the Safety of 
Medicines and Health Products (Agence nationale de sécurité du médicament 
et des produits de santé - ANSM).

Availability of data and materials
The study was approved by the French data protection agency (Commission 
Nationale de l’Informatique et des Libertés), but the data access permission 
policy prohibits making the data set publicly available.

Competing interests
The authors declare no competing interests.

Author details
1 Inria, HeKA, PariSantéCampus, 10 Rue d’Oradour-sur-Glane, 75015 Paris, 
France. 2 Inserm, Centre de Recherche des Cordeliers, Sorbonne Université, 
Université de Paris Cité, 75006 Paris, France. 3 AP-HP: Medical Informat-
ics Department, Georges Pompidou European Hospital, 20 Rue Leblanc, 
75015 Paris, France. 4 AP-HP: Department of Cardiology, Georges Pompidou 
European Hospital, 75015 Paris, France. 5 AP-HP: Department of Internal Medi-
cine, Georges Pompidou European Hospital, 75015 Paris, France. 

Received: 24 January 2022   Accepted: 6 May 2022

References
 1. Lazarou J, Pomeranz BH, Corey PN. Incidence of adverse drug reactions 

in hospitalized patients: a meta-analysis of prospective studies. JAMA. 
1998;279(15):1200–5. https:// doi. org/ 10. 1001/ jama. 279. 15. 1200.

 2. La surconsommation de médicaments, un problème de santé 
publique,Question écrite n° 09333 de M. Philippe Dallier, Sénat - 13e 
législature, publiée dans le JO Sénat du 02/07/2009 - page 1653, https:// 
www. senat. fr/ quest ions/ base/ 2009/ qSEQ0 90709 333. html.

 3. Tandon VR, Mahajan V, Khajuria V, Gillani Z. Under-reporting of adverse 
drug reactions: a challenge for pharmacovigilance in India. Indian J 
Pharmacol. 2015;47(1):65–71. https:// doi. org/ 10. 4103/ 0253- 7613. 150344.

https://www.inserm.fr/
https://www.legifrance.gouv.fr/loda/article_lc/LEGIARTI000037300884/
https://www.legifrance.gouv.fr/loda/article_lc/LEGIARTI000037300884/
https://doi.org/10.1186/s12874-022-01628-3
https://doi.org/10.1186/s12874-022-01628-3
https://doi.org/10.1001/jama.279.15.1200
https://www.senat.fr/questions/base/2009/qSEQ090709333.html
https://www.senat.fr/questions/base/2009/qSEQ090709333.html
https://doi.org/10.4103/0253-7613.150344


Page 11 of 11Sabatier et al. BMC Medical Research Methodology          (2022) 22:166  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 4. Alatawi YM, Hansen RA. Empirical estimation of under-reporting in the 
U.S. Food and Drug Administration Adverse Event Reporting System 
(FAERS). Expert Opin Drug Saf. 2017;16(7):761–7. https:// doi. org/ 10. 1080/ 
14740 338. 2017. 13238 67.

 5. Schneeweiss S, Avorn J. A review of uses of health care utilization 
databases for epidemiologic research on therapeutics. J Clin Epidemiol. 
2005;58(4):323–37. https:// doi. org/ 10. 1016/j. jclin epi. 2004. 10. 012.

 6. Norén GN, Hopstadius J, Bate A, Star K, Edwards IR. Temporal pattern dis-
covery in longitudinal electronic patient records. Data Min Knowl Discov. 
2010;20(3):361–87. https:// doi. org/ 10. 1007/ s10618- 009- 0152-3.

 7. Zorych I, Madigan D, Ryan P, Bate A. Disproportionality methods for 
pharmacovigilance in longitudinal observational databases. Stat Methods 
Med Res. 2013;22(1):39–56. https:// doi. org/ 10. 1177/ 09622 80211 403602.

 8. Norén GN, Hopstadius J, Bate A, Edwards IR. Safety surveillance of longitu-
dinal databases: methodological considerations. Pharmacoepidemiol 
Drug Saf. 2011;20(7):714–7. https:// doi. org/ 10. 1002/ pds. 2151.

 9. Schuemie MJ, Coloma PM, Straatman H, et al. Using electronic health 
care records for drug safety signal detection: a comparative evaluation 
of statistical methods. Med Care. 2012;50(10):890–7. https:// doi. org/ 10. 
1097/ MLR. 0b013 e3182 5f63bf.

 10. Harpaz R, DuMouchel W, Shah NH, Madigan D, Ryan P, Friedman C. Novel 
Data Mining Methodologies for Adverse Drug Event Discovery and 
Analysis. Clin Pharmacol Ther. 2012;91(6):1010–21. https:// doi. org/ 10. 
1038/ clpt. 2012. 50.

 11. Kulldorff M, Dashevsky I, Avery TR, et al. Drug safety data mining with 
a tree-based scan statistic: TREE-BASED SCAN STATISTIC DATA MINING 
METHOD. Pharmacoepidemiol Drug Saf. 2013;22(5):517–23. https:// doi. 
org/ 10. 1002/ pds. 3423.

 12. Chazard E, Ficheur G, Bernonville S, Luyckx M, Beuscart R. Data mining 
to generate adverse drug events detection rules. IEEE Trans Inf Technol 
Biomed Publ IEEE Eng Med Biol Soc. 2011;15(6):823–30. https:// doi. org/ 
10. 1109/ TITB. 2011. 21657 27.

 13. Heeley E, Riley J, Layton D, Wilton LV, Shakir SA. Prescription-event 
monitoring and reporting of adverse drug reactions. Lancet Lond Engl. 
2001;358(9296):1872–3. https:// doi. org/ 10. 1016/ S0140- 6736(01) 06898-2.

 14. Hazell L, Shakir SAW. Under-reporting of adverse drug reactions: a 
systematic review. Drug Saf. 2006;29(5):385–96. https:// doi. org/ 10. 2165/ 
00002 018- 20062 9050- 00003.

 15. Zhan C, Roughead E, Liu L, Pratt N, Li J. Detecting potential signals 
of adverse drug events from prescription data. Artif Intell Med. 
2020;104:101839. https:// doi. org/ 10. 1016/j. artmed. 2020. 101839.

 16. Schuemie MJ, Trifirò G, Coloma PM, Ryan PB, Madigan D. Detecting 
adverse drug reactions following long-term exposure in longitudinal 
observational data: The exposure-adjusted self-controlled case series. Stat 
Methods Med Res. 2016;25(6):2577–92. https:// doi. org/ 10. 1177/ 09622 
80214 527531.

 17. Abrahamowicz M, Bartlett G, Tamblyn R, du Berger R. Modeling cumula-
tive dose and exposure duration provided insights regarding the 
associations between benzodiazepines and injuries. J Clin Epidemiol. 
2006;59(4):393–403. https:// doi. org/ 10. 1016/j. jclin epi. 2005. 01. 021.

 18. Sylvestre MP, Abrahamowicz M. Flexible modeling of the cumula-
tive effects of time-dependent exposures on the hazard. Stat Med. 
2009;28(27):3437–53. https:// doi. org/ 10. 1002/ sim. 3701.

 19. Abrahamowicz M, Beauchamp ME, Sylvestre MP. Comparison of alterna-
tive models for linking drug exposure with adverse effects. Stat Med. 
2012;31(11–12):1014–30. https:// doi. org/ 10. 1002/ sim. 4343.

 20. Sylvestre MP, Beauchamp ME, Abrahamowicz M. WCE package: weighted 
cumulative exposure models. CRAN. Published online August 8, 2018. 
https:// cran.r- proje ct. org/ web/ packa ges/ WCE/ vigne ttes/ WCE. pdf.

 21. Yu D, Peat G, Bedson J, Edwards JJ, Turkiewicz A, Jordan KP. Weighted 
cumulative exposure models helped identify an association between 
early knee-pain consultations and future knee OA diagnosis. J Clin Epide-
miol. 2016;76:218–28. https:// doi. org/ 10. 1016/j. jclin epi. 2016. 02. 025.

 22. Maclure M. The case-crossover design: a method for studying transient 
effects on the risk of acute events. Am J Epidemiol. 1991;133(2):144–53. 
https:// doi. org/ 10. 1093/ oxfor djour nals. aje. a1158 53.

 23. Maclure M, Mittleman MA. Should we use a case-crossover design? Annu 
Rev Public Health. 2000;21:193–221. https:// doi. org/ 10. 1146/ annur ev. 
publh ealth. 21.1. 193.

 24. Bezin J, Duong M, Lassalle R, et al. The national healthcare system 
claims databases in France, SNIIRAM and EGB: Powerful tools for 

pharmacoepidemiology. Pharmacoepidemiol Drug Saf. 2017;26(8):954–
62. https:// doi. org/ 10. 1002/ pds. 4233.

 25. Moulis G, Lapeyre-Mestre M, Palmaro A, Pugnet G, Montastruc JL, Sailler 
L. French health insurance databases: What interest for medical research? 
Rev Med Interne. 2015;36(6):411–7. https:// doi. org/ 10. 1016/j. revmed. 
2014. 11. 009.

 26. Tuppin P, de Roquefeuil L, Weill A, Ricordeau P, Merlière Y. French national 
health insurance information system and the permanent beneficiaries 
sample. Rev Epidemiol Sante Publique. 2010;58(4):286–90. https:// doi. 
org/ 10. 1016/j. respe. 2010. 04. 005.

 27. King CE, Pratt NL, Craig N, et al. Detecting Medicine Safety Signals Using 
Prescription Sequence Symmetry Analysis of a National Prescrib-
ing Data Set. Drug Saf. 2020;43(8):787–95. https:// doi. org/ 10. 1007/ 
s40264- 020- 00940-5.

 28. Schuemie MJ, Ryan PB, Man KKC, Wong ICK, Suchard MA, Hripcsak G. 
A plea to stop using the case-control design in retrospective database 
studies. Stat Med. 2019;38(22):4199–208. https:// doi. org/ 10. 1002/ sim. 
8215.

 29. Okoli GN, Sanders RD, Myles P. Demystifying propensity scores. BJA Br J 
Anaesth. 2014;112(1):13–5. https:// doi. org/ 10. 1093/ bja/ aet290.

 30. Blin P, Dureau-Pournin C, Lassalle R, et al. Outcomes in patients after 
myocardial infarction similar to those of the PEGASUS-TIMI 54 trial: A 
cohort study in the French national claims database: Long-term post-MI 
outcomes. Br J Clin Pharmacol. 2017;83(9):2056–65. https:// doi. org/ 10. 
1111/ bcp. 13291.

 31. Brito-Zerón P, Retamozo S, Kostov B, et al. Efficacy and safety of topical 
and systemic medications: a systematic literature review informing the 
EULAR recommendations for the management of Sjögren’s syn-
drome. RMD Open. 2019;5(2):e001064. https:// doi. org/ 10. 1136/ rmdop 
en- 2019- 001064.

 32. Andreoli L, Bertsias GK, Agmon-Levin N, et al. EULAR recommendations 
for women’s health and the management of family planning, assisted 
reproduction, pregnancy and menopause in patients with systemic 
lupus erythematous and/or antiphospholipid syndrome. Ann Rheum Dis. 
2017;76(3):476–85. https:// doi. org/ 10. 1136/ annrh eumdis- 2016- 209770.

 33. Guettrot-Imbert G, Morel N, Le Guern V, Plu-Bureau G, Frances C, Coste-
doat-Chalumeau N. Pregnancy and contraception in systemic and cuta-
neous lupus erythematous. Ann Dermatol Venereol. 2016;143(10):590–
600. https:// doi. org/ 10. 1016/j. annder. 2015. 07. 015.

 34. Wongtrakul W, Charoenngam N, Ponvilawan B, Ungprasert P. Allergic 
rhinitis and risk of systemic lupus erythematous: A systematic review and 
meta-analysis. Int J Rheum Dis. 2020;23(11):1460–7. https:// doi. org/ 10. 
1111/ 1756- 185X. 13928.

 35. Mounier-Vehier C, Madika AL. Post-menopausal hypertension: Detecting, 
treating, accompany, prevent. Presse Medicale Paris Fr 1983. 2019;48(11 
Pt 1):1288–94. https:// doi. org/ 10. 1016/j. lpm. 2019. 09. 050.

 36. Talsania M, Scofield RH. Menopause and Rheumatic Disease. Rheum Dis 
Clin North Am. 2017;43(2):287–302. https:// doi. org/ 10. 1016/j. rdc. 2016. 12. 
011.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1080/14740338.2017.1323867
https://doi.org/10.1080/14740338.2017.1323867
https://doi.org/10.1016/j.jclinepi.2004.10.012
https://doi.org/10.1007/s10618-009-0152-3
https://doi.org/10.1177/0962280211403602
https://doi.org/10.1002/pds.2151
https://doi.org/10.1097/MLR.0b013e31825f63bf
https://doi.org/10.1097/MLR.0b013e31825f63bf
https://doi.org/10.1038/clpt.2012.50
https://doi.org/10.1038/clpt.2012.50
https://doi.org/10.1002/pds.3423
https://doi.org/10.1002/pds.3423
https://doi.org/10.1109/TITB.2011.2165727
https://doi.org/10.1109/TITB.2011.2165727
https://doi.org/10.1016/S0140-6736(01)06898-2
https://doi.org/10.2165/00002018-200629050-00003
https://doi.org/10.2165/00002018-200629050-00003
https://doi.org/10.1016/j.artmed.2020.101839
https://doi.org/10.1177/0962280214527531
https://doi.org/10.1177/0962280214527531
https://doi.org/10.1016/j.jclinepi.2005.01.021
https://doi.org/10.1002/sim.3701
https://doi.org/10.1002/sim.4343
https://cran.r-project.org/web/packages/WCE/vignettes/WCE.pdf
https://doi.org/10.1016/j.jclinepi.2016.02.025
https://doi.org/10.1093/oxfordjournals.aje.a115853
https://doi.org/10.1146/annurev.publhealth.21.1.193
https://doi.org/10.1146/annurev.publhealth.21.1.193
https://doi.org/10.1002/pds.4233
https://doi.org/10.1016/j.revmed.2014.11.009
https://doi.org/10.1016/j.revmed.2014.11.009
https://doi.org/10.1016/j.respe.2010.04.005
https://doi.org/10.1016/j.respe.2010.04.005
https://doi.org/10.1007/s40264-020-00940-5
https://doi.org/10.1007/s40264-020-00940-5
https://doi.org/10.1002/sim.8215
https://doi.org/10.1002/sim.8215
https://doi.org/10.1093/bja/aet290
https://doi.org/10.1111/bcp.13291
https://doi.org/10.1111/bcp.13291
https://doi.org/10.1136/rmdopen-2019-001064
https://doi.org/10.1136/rmdopen-2019-001064
https://doi.org/10.1136/annrheumdis-2016-209770
https://doi.org/10.1016/j.annder.2015.07.015
https://doi.org/10.1111/1756-185X.13928
https://doi.org/10.1111/1756-185X.13928
https://doi.org/10.1016/j.lpm.2019.09.050
https://doi.org/10.1016/j.rdc.2016.12.011
https://doi.org/10.1016/j.rdc.2016.12.011

	A data-driven pipeline to extract potential adverse drug reactions through prescription, procedures and medical diagnoses analysis: application to a cohort study of 2,010 patients taking hydroxychloroquine with an 11-year follow-up
	Abstract 
	Context: 
	Methods: 
	Results: 
	Conclusion: 

	Highlights 
	Introduction
	Description of the WCE-data-driven pipeline
	WCE-data-driven pipeline
	WCE competitor
	Use case

	Results
	Population description
	Application of the WCE-data-driven pipeline
	Application of the case-crossover-data-driven pipeline
	Comparison with known side effects

	Discussion
	Ethical Approval and Consent to participate
	Consent for publication
	Conflict of interest
	Acknowledgements
	References


