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Summary

In the field of diabetes, pharmacoepidemiologic)(Btdies are numerous and represent an
essential tool to assess the real-life effectsiabetes drugs. However, the specificity of the
study of drugs used in diabetes, characterized liglafrequency of switches, interruptions
and add-on, must be kept in mind by pharmacoepiegists in order to perform well-
conducted studies and avoid several biases.

In this article, the authors discussed the speuitierest of PE studies in the field of
diabetes, provide a brief overview of biases tham @affect those studies, and suggest

pragmatic solutions for more correct results anoregriate interpretation.
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[ ntroduction

Type 2 diabetes is one of the most frequent chrdiseases. According to the World health
organization, the global prevalence of diabetesha adult population has increased from
4.7% in 1980 to 8.5% in 2016 [1]. Hence, in theemlze of effective curative treatment,
research for new glucose-lowering drugs (GLDs) hasiceably grown in the last two
decades. Now, the first generation of diabetessl(ogetformin, sulfonylureas) compete with
new drugs that appeared during the 199@'gl(icosidase inhibitors and glinides), the 2000’s
(thiazolidinediones and incretin-based drugs) ded2010’s (sodium-glucose co-transporter
2 inhibitors).

For these reasons, a number of clinical trials waublished in the last decades
concerning new drugs for the management of typeaBetes. One of the most important
events in the last years was the withdrawal ofgtitazone for an increased risk of heart
failure [2]. This had a huge impact for studiegliabetes, as patent owners need to provide
proofs that their drug did not expose patientsrtanareased mortality compared to placebo.
Up today, this is a prerequisite to allow marketiog any new drug for diabetes. If this
choice has enormous regulatory implications andeseas a strong protective measure, the
external validity of these comparisons to placebopoor as prescribers need primarily
information on which is the best glucose-lowerimgglin their patients. Active comparators
are frequently used in more advanced phase llliesudut their efficacy is frequently
measured on surrogate endpoints while for mortatirdiovascular risk, and other safety
outcomes, these trials are clearly underpowered.

In real life settings, spontaneous reporting is@ree of safety data, and it is known to
be the best source for providing drug safety signklcould also be used to describe the
safety profile of drugs, but could not be informaton the actual risks related to drugs.

Pharmacoepidemiology (PE) studies are thus crucialdiabetes as they allow
investigating real outcomes such as mortality aadliovascular risk, but also infrequent
safety outcomes such as pancreatitis or pancreaticer. However, the level of proof
brought by this kind of studies depends on the eis¢he most appropriate methods in

limiting the risk of bias and misinterpretation.



In this manuscript, we aimed to first study thesiest of PE studies in the field of
diabetes and second, review the methodologicalifspges, the challenges and possible

solutions to the limits of PE studies in the fiefddiabetes.

Interest of PE studiesin thefield of diabetes

The interest of PE studies in the field of diabdies first and foremost in the limits of
clinical trials and pharmacovigilance studies tsess and measure the real-world benefit/risk
ratio of glucose-lowering agents. Indeed, diab#tesapy is a very dynamic field of research
implying the marketing of numerous GLDs. Howevéiede recent and new drugs such as
incretin-based drugs or sodium-glucose co-transp@tSGLT-2) inhibitors are, at the time
of marketing, only assessed by short-term clinidals which are both unpowered and not
long enough to clearly determine the safety prdditel effectiveness. In the case of diabetes
drugs, the need for real-life assessment is algpasted by:

)] the predominance of surrogate endpoints (such aslé)bto study beneficial
effects (it also stands for even older drugs sichatformin or sulfonylureas for
which effectiveness is still uncertain);

i) the fact that patients with advanced age and/ortiptellcomorbidities, which
represent the majority of the patients treateddfabetes, are under-represented in
randomized controlled trials;

iii) lifelong treatment due to the chronic nature of thgease with variations over
time and for which use probably differs in reaéldnd in the clinical trials; and

iv) the high prevalence of diabetes which then concafasge population of patients

in which even rare risks can have a significantaotp

Hence, PE studies are of great interest in thel fafl diabetes. Those using existing
databases have shown to be very efficient to angquestions raised by authorities requiring
post-registration studies [3]. They are more andeniiequent also because of the increased
accessibility to large medico-administrative datsgzawhere diabetic patients and diabetic
drugs are easily identified and which provide sabial statistical power, less loss to follow-
up, and reduced bias in ascertaining exposure atwimes. These databases could also be

used for safety signal detection and prioritizateanit was found in a pilot study in France

[4].



The principal interest of PE studies is to confomrefute the safety signals raised by
clinical or pharmacovigilance data functioning asuseful complementary method to
pharmacovigilance studies [5]. A recent examplnésconfirmation by a cohort study using
the United Kingdom clinical practice research datathat glucagon like peptide 1 (GLP-1)
analogs are associated with an increased riskeftoict and gallbladder diseases; a risk that
was only previously suggested by an imbalance nuritbgallbladder-related events in a
clinical trial studying high-dose liraglutide forewght loss [6]. In certain cases, PE studies
have been decisive in risk management of GLDs.if&iance, in the controversy regarding
the use of pioglitazone and the risk of bladderceanthe decision of the French medicine
agency to suspend the use of pioglitazone was haséithe 2011 on the results of a cohort
study using the French national health insurandernmation system, which showed an
increased risk of bladder cancer with pioglitazerposure [7].

PE studies are also an essential tool to evalltedal impact of already known risk
associated with GLDs. For example, hypoglycemia vgell-known complication in diabetic
patients, because of their food restriction or bseahe use of hypoglycemic drugs, such as
sulphonylureas, glinides or insulins both used @lon in combination [8,9]. Non-severe
hypoglycemia has been considered as a mild eventhias not a huge impact in health
outcomes. Real-world evidences showed conversatyhypoglycemia is the second cause of
hospitalisation in type Il diabetic patients [10f, accounts for 20%-25% of hospital
admissions for adverse drug reactions [11,12],iamight precipitate heart failure in patients
at greatest risk [13]. More generally, it may inrpie maintenance of euglycaemia and the
full benefit of treatments [14], has a negative awipon patient quality of life [15,16], and
can cause falls and fractures in the elderly [E/}ecent French PE study suggested that
elderly patients treated with hypoglycemic druge at higher risk of hospitalization for
trauma, in particular with insulins (hazard ratldR] 1.49, 95%CI: 1.32; 1.68) or glinides
(HR 1.34, 95%Cl: 1.12, 1.61) [18].

M ethodological specificities, challenges and possible solutions

Exposur e definition

Diabetes is associated with cardiovascular, negicdd, and renal complications. It has also

been related with an increased risk of cancer.odweirrence of these complications depends



on age of patients, duration of diabetes and omaagpto drugs (and patients) to optimally
control the glycemic values. GLDs are intended ® Used for long time periods;
consequently, their benefits and their risks may wwer time.

In the study of outcomes that are associated withearly risk €.g. allergic,
haemorrhagic, hepatic, hypoglycaemic or gastroimaiseffects), it is crucial to exclude
prevalent drug users to avoid the risk of bias wudepletion of susceptibles: the exposure
group may be composed of patients who have passedgh the early period of exposure,
which is at higher risk, and therefore present &bserse outcomes than drug initiators. This
must be taken into account when we consider alisusieGLDs to avoid the risk to include a
cohort of “survivors” (prevalent drug users), whicbuld be constituted by people less
susceptible of outcomes related to the first peabdrug treatment. For these main reasons,
studies conducted with new user designs providiglaeh level of proof than others, as they
increase the chances of identifying more comparnaalents in term of risk of mortality, and
are well suited to detect or assess outcomes oldd be considered as time-dependent [19].

The profile of use of GLDs is also highly variablé. most patients begin the
treatment with metformin or sulphonylureas [20QHievels of treatment discontinuation or
switching could be observed with the time passMgreover, GLDs could be associated as
double, triple, and even four different combinasiois for clinical trials, two approaches
could be used: the as-treated analysis, and thatioh-to-treat analysis. Both have strengths
and limitations. The as-treated analysis, whichseexposure to a medication at treatment
discontinuation, inform about the actual drugs tach patients were exposed, but is prone to
informative censoring, in which the observation asf outcome of interest shortly after
therapy discontinuation may underestimate the askl resulted in biased estimation of risk
or benefits. Sensitivity analyses with one or mgrace periods can be used to address
potential informative censoring. The intention-tedt analysis is not affected by informative
censoring, but it may cause exposure misclassicghigher for longer follow-up periods),
and remains open to differential loss to follow-timJs causing selection bias. Differently
from clinical trials, intention-to-treat analysis mot always considered the gold standard in
PE studies. In PE studies on GLDs, higher levedrobf is provided when both analyses are
performed and show concordant results. From asttati point of view, Cox models are
frequently used to account for time-dependent tiana in drug exposure. These models
make the assumption that treatment changes ar@eandent of the outcome(s), which is
rarely the case in diabetes, a chronic diseasermegjtherapy adjustments directly dependent

to outcomes of interest, such as cardiovascul&r @her strategies exist to address time-



dependent confounding, such as marginal structun@dels or G-computation, but these
methods are actually under-used in PE studiesheis interpretation could be considered
complex [21-23].

Immortal time bias can occur in cohort studies wttenexposure definition requires
that subject must have survived for a defined peabtime during which person-times are
excluded or considered exposed [24,25]. With lesns in the exposure group defined as
such, the bias will make the drug look more beradficThis bias can be observed in PE
studies of safety or effectiveness of GLDs. Fotanee, a cohort study conducted on the
database of Taiwanese health data showed an 88%tid in cancer incidence in patients
who had received at least two metformin prescngibetween 2000 and 2007 [26]. To be
exposed, the subjects could not present a canderebthe second prescription: the period
preceding this second prescription was immortaldouinted for the exposed group. The bias
thus contributed to the spectacular effect obser8edh effect is also particularly intense in
the studies where exposure begins at the stadllofrs-up for subject who uses the drug at
any time during follow-up. This is, for instancéetcase in several cohorts studying the
cardiovascular effect of diabetes drugs [27—-29ppBr definition of exposure not using
events that occur during follow-up, new user desigd attributing immortal person-time to

the unexposed group will efficiently limit the efteof this bias.

Confounding

Diabetes is associated with higher risk for seveaalditions such asardiovascular, renal,
neurological, pancreatic effects cancer. Furthermore, surveillance is higher dimbetic
patients and this could introduce detection bisendd, in PE studies, it is not appropriate to
compare diabetic to non-diabetic patients. Foisdmae reason, comparisons between patients
that are pharmacologically treated ant those wlkmat is not appropriate. The choice of the
comparator group has to be made among other trehitdubtic patients, but differential
factors must be taken into account. Confoundingnblycation can be introduced by factors
related to the indication of the drug. For instanoetformin is known to show beneficial
effects on weight and is particularly indicateddhese patients. This is not the case of
sulfonylureas. In a study that would compare metforto sulfonylureas for the risk of
cardiovascular disease, obesity would play a cordog role as it is associated with

metformin and with the outcome. Confounding by siyer duration of diabetes can occur



when the duration of diabetes is a risk factortfer studied outcomes. For example, when
studying cardiovascular effects, duration or seyeof diabetes is a potential confounder
since it is a risk factor that is associated wiitfiedential treatment strategies. Hence, it is
crucial to control for diabetes duration and to pame drugs which share a similar position in
the therapeutic stratege.g. fist-line treatments, second-line treatments,)ethis strategy
can be challenged by the inconsistent availabiitydiabetes duration, the difficulty of
measuring diabetes severity, and the heterogepéityeatment strategies in real-life. For
example, several studies assessed the risk ofgumtiits associated incretin-based drugs. The
one by Singh et affound an increased risk when comparing incretigeldadrugs users to
non-users (i.e. users of any other GLD), the lajteup including patients treated by various
drugs from first-line monotherapy to multi-drugsndainations for advanced diabetes [30].
Other studies using a control group which represtatmore comparable treatment in terms
of therapeutic strategy and adjusting for diabétestion found no association [31,32]. With
no ideal comparator group, its choice is a diffidakk which has significant impact on the
study results. For incretin-based drugs, which sgeond to third-line therapies, users of
sulfonylureas, switchers or initiators of two or maoGLDs can all be considered as
acceptable comparator groups but certainly prodifierent results. In the end, imperfect
comparator group could result in potentedidual confounding.

In PE studies performed on healthcare databasssjngidata on important variables
is a crucial point. Missing data can concern regtikk factors for the outcome or factors
associated with exposure to diabetes drugs, bagibstyf variable can be considered as
potential confounders. For instance, tobacco copsiom which is a known risk factor for
bladder cancer, is not available in the Frenchonati health insurance database. Hence, it
was not possible to adequately take into accoustpthtential confounder in the cohort study
of pioglitazone-related bladder cancers [7]. Higtéor the outcome is also an important
factor which is frequently lacking in database gsa$. Similarly, variables such as weight or
body mass index (BMI), glycemic control values asdline (fasting glycemia, HbA1C) or
duration of diabetes which strongly influence theice of the therapeutic strategy, are rarely
recorded in claims databases. When associatedthdtbutcome, they may act as important
confounders. Rare are the efficient solutions mitliunmeasured confounding. Methods
using proxies are often useeé.q. for smoking: hospitalization for tobacco use-redht
conditions and reimbursement for nicotine dependeatdrags). Data imputation can also be

tested, but no method has provided really convinoasults.



Conversely, some PE studies have been controltedaftables that must not be used
for this. Overadjustment is a bias that occurs wdreglyses are adjusted for variables defined
as “intermediate”. Intermediate variables are oomeaisk factors that have been influenced
by exposure to the drug. Adjusting for them weakireseffect of the drugs, resulting in a
bias toward the null [33]. For instance, in thedgtwf cardiovascular risk associated with
diabetes drugs, variables such as post-treatmegmrtension or hyperlipidemia, drugs used
during follow-up, BMI and HbAlc measured after treant initiation can be considered as

intermediate variable and one should not adjustifem in the analyses [34].

Statistical power, duration of follow-up and long-term assessment

For the reasons presented above, new user desiggtsbe the method of choice. However,
selecting only new users will automatically reddbe sample size and, in addition to the
study of rare exposure and/or outcome, statispoaler issues can rise. This is for instance
one of the drawback of using tBehantillon généraliste des bénéficiaifgeneralist sample
of beneficiaries or EGB), a 1/97th random samplehef French national health insurance
information system. Even when using large databasdsstudying a frequent pathology such
as diabetes, there may not be enough events tw ailficient precision of risk estimates. To
limit this problem especially for rare outcomes,okhpopulation databases or multicenter
cohort studies have been developed. They combiakhhecords from several international
databases and can reach several millions of sgbjéct instance, a multicenter study was set
up to assess the risk pancreatic cancer assodciatiedncretin-based drugs. Health records
from four Canadian provinces, the United Statesd, the United Kingdom were gathered to
reach 2,024,441 person years of follow-up for altof 200 exposed cases [35]. The same
methodology was used to study the association legtweretin-based drugs and pancreatitis
[36] or heart failure [37]. In France, tgsteme national d’information inter-régimes de
'Assurance maladie (national inter-scheme health insurance infornmatigystem or
SNIIRAM) database, which merges information of rfeursed claims from almost the whole
French health care system, linked with the hospitagnoses, covers nearly 99% of the
French population, i.e. over 66 million persons|[38is the world’s largest claims database
and provides sufficient power to study rare drugease reactions, such as pioglitazone-

related bladder cancer [7]. Furthermore, when itilewith all hospital data (labs results, in-



hospital prescriptions, etc.), it will become orfetlte most complete healthcare databases
[39].

Another drawback of using new user design is thaldo shortens the available
follow-up time, and even databases studies witlargig sample size will not be able to
record outcome events if the follow-up is too shbdr example, the median follow-up for
the pancreatic cancer multicenter cohort studyedrfgom 1.3 to 2.8 years [35]. Medication
stops and switches are frequent in diabetic patiantd this affect follow-up time which

become an important limit especially when studyorg-term effects of diabetes drugs.

Other key aspectsfor interpretation of results

Protopathic bias (also known as reverse causaldgiirs when changes in drug exposure are
a consequence of a symptom or an early stage ofotheome disease (at this stage
undiagnosed). In the field of diabetes, protopathi&s may be an issue for outcomes that
affect the glucose levels, the course of the desheir medication selection. Outcomes such
as pancreatic effects, cancers or infections cpicdily unbalance the glycemic levels which
lead to changes in pharmacologic treatments arglréheerse the causality between exposure
and outcome. For example, the occurrence of algedondition may lead to switch an oral
diabetic drug to insulin before that this eventeisorded in an hospital database, meaning that
the patient is not exposed to the oral treatmemnndiagnosis occurs in the database and that
insulin could be wrongly suspected. This phenomeanast be kept in mind and considering
lag periods after exposure begins and latency g@erafter exposure stops represent an
effective solution. Sensitivity analyses with vamyiperiods can be performed to study this
bias.

When studying patients with chronic disease suchlialsetes, several events other
than the outcome can occur (other causes of dea#ipitalization, etc.). When these events
and the outcome are not independent (meaningtibgtrobability of an event is modified by
the occurrence of the other) and/or they preveoh edher from occurring, they are called
competitive events and potentially lead to bias.&@mple, in a cohort studying cancer risk
and metformin exposure in the Netherlands, the afsmetformin was associated with a
strong protective effect for cancer mortality (HRI®, 95%CI: 0.23-0.80). Nevertheless, the
results also showed that metformin strongly incedasardiovascular mortality (HR: 2.27,
95% CI: 1.36 -3.78) [40]. A possible explanation flee strong protective effect may be that,



in this study, metformin was prescribed to the mosiese patients i.e. at higher
cardiovascular risk, introducing a competitive ri@¢ween cardiovascular events and cancer.
If patients in the metformin group died from cardiscular complications before developing
a cancer then their cancer mortality is lower. Basa cumulative incidences, Fine-Gray
models are used to limit this bias.

Because of methodological issues, PE studies miapfeonfirm an existing risk but
it may be even more problematic when biases geméaite-positive results. Studies should

always be replicable and the control of biaseskisyeto replicability [41].

Conclusions

In the field of diabetes, PE studies will be moral anore numerous in the future. Being
essential to assess the real-life risk-benefit maof diabetes drugs, their interest is
noticeable but researchers and editors must kndirmlveemany bias that can cause erroneous
results and misinterpretation, in order to prodand publish well-conducted observational

researches.

Disclosur e of interest

Authors have no competing interest to declare



References

[1] World health organization, editor. Global report diabetes. Geneva, Switzerland:
World health organization, 2016.
apps.who.int/iris/bitstream/10665/204871/1/9789B8%7_eng.pdf [Accessed 22 October
2018 (88 pp.)]

[2] Mayor S. European drug regulators publish theirlwateon of rosiglitazone. BMJ
2010;341: c7278.

[3] Berdai D, Thomas-Delecourt F, Szwarcensztein Kndéh A, Collignon C, Comet
D, et al. Requests for post-registration studid®SR patients follow-up in actual practice:
Changes in the role of databases. Therapie 2018+24.

[4] Arnaud M, Bégaud B, Thiessard F, Jarrion Q, Bezialiente A, et al. An automated
system combining safety signal detection and gization from healthcare databases: a pilot
study. Drug Saf 2018;41:377-87.

[5] Faillie JL, Montastruc F, Montastruc JL, ParientePharmacoepidemiology and its
input to pharmacovigilance. Therapie 2016;71:211-6.

[6] Faillie JL, Yu OH, Yin H, Hillaire-Buys D, Barkun AAzoulay L. Association of bile
duct and gallbladder diseases with the use of timbased drugs in patients with type 2
diabetes mellitus. JAMA Intern Med 2016;176:1474-81

[7] Neumann A, Weill A, Ricordeau P, Fagot JP, AllaAlemand H. Pioglitazone and
risk of bladder cancer among diabetic patientsran€e: a population-based cohort study.
Diabetologia 2012;55:1953-62.

[8] Salvo F, Moore N, Arnaud M, Robinson P, Raschi E,Ednti F, et al. Addition of
dipeptidyl peptidase-4 inhibitors to sulphonylureasd risk of hypoglycaemia: systematic
review and meta-analysis. BMJ 2016;353:i2231.

[9] Salvo F, Moore N, Pariente A. Linagliptin for elepatients with type 2 diabetes.
Lancet 2014;383:307.

[10] Huang ES, Laiteerapong N, Liu JY, John PM, Moffdt,HKarter AJ. Rates of
complications and mortality in older patients witiabetes mellitus: the diabetes and aging
study. JAMA Intern Med 2014;174:251-8.

[11] Kilbridge PM, Campbell UC, Cozart HB, Mojarrad M@&utomated surveillance for
adverse drug events at a community hospital andcademic medical center. J Am Med
Inform Assoc 2006;13:372—7.

[12] Budnitz DS, Lovegrove MC, Shehab N, Richards CL eEyancy hospitalizations for



adverse drug events in older Americans. N Engl d R@11;365:2002-12.

[13] Gilbert RE, Krum H. Heart failure in diabetes: et of anti-hyperglycaemic drug
therapy. Lancet 2015;385:2107-17.

[14] International hypoglycaemia study group. Minimizitgpoglycemia in diabetes.
Diabetes Care 2015;38:1583-91.

[15] American diabetes association, Lorber D, Andersdxrént S, J D, Frier BM, Greene
MA, et al. Diabetes and driving. Diabetes Care 283 5uppl 1:581-86.

[16] Frier BM. Hypoglycaemia in diabetes mellitus: epidelogy and clinical
implications. Nat Rev Endocrinol 2014;10:711-22.

[17] Johnston SS, Conner C, Aagren M, Ruiz K, BouchardAskociation between
hypoglycaemic events and fall-related fracturesviedicare-covered patients with type 2
diabetes. Diabetes Obes Metab 2012;14:634—-43.

[18] Arnaud M, Pariente A, Bezin J, Bégaud B, Salvo iBkRof serious trauma with
glucose-lowering drugs in older persons: a nestsé control-study. J Am Geriatr Soc 2018;
Sep 24. doi: 10.1111/jgs.15515

[19] Patorno E, Garry EM, Patrick AR, Schneeweiss SleGWVG, Zorina O, et al.
Addressing limitations in observational studieshs association between glucose-lowering
medications and all-cause mortality: a review. D8ad 2015;38:295-310.

[20] Arnaud M, Bezin J, Bégaud B, Pariente A, Salvo fen@s in the incidence of use of
noninsulin glucose-lowering drugs between 2006 &®d3 in France. Fundam Clin
Pharmacol 2017;31:663-75.

[21] Dumas O, Siroux V, Le Moual N, Varraso R. Causablgsis approaches in
epidemiology. Rev Epidemiol Sante Publique 20148263.
https://doi.org/10.1016/j.respe.2013.09.002

[22] Klungel OH, Martens EP, Psaty BM, Grobbee DE, Saiii SD, Stricker BH, et al.
Methods to assess intended effects of drug tredtmevbservational studies are reviewed. J
Clin Epidemiol 2004;57:1223-31.

[23] Uddin MJ, Groenwold RHH, Ali MS, de Boer A, Roes KChowdhury MA, et al.
Methods to control for unmeasured confounding iarpfacoepidemiology: an overview. Int
J Clin Pharm 2016;38:714-23.

[24] Faillie JL, Suissa S. Immortal time bias in pharoemidemiological studies:
definition, solutions and examples. Therapie 200259-63.

[25] Suissa S. Immortal time bias in pharmaco-epidergoloAm J Epidemiol
2008;167:492-9.



[26] Lee MS, Hsu CC, Wahlgvist ML, Tsai HN, Chang YH,atg YC. Type 2 diabetes
increases and metformin reduces total, colorelit@; and pancreatic cancer incidences in
Taiwanese: a representative population prospeatoteort study of 800,000 individuals.
BMC Cancer 2011;11:20.

[27] Maru S, Koch GG, Stender M, Clark D, Gibowski LriPEl, et al. Antidiabetic drugs
and heart failure risk in patients with type 2 ditds in the U.K. primary care setting.
Diabetes Care 2005;28:20—6.

[28] Engel-Nitz NM, Martin S, Sun P, Buesching D, Foress&t Cardiovascular events
and insulin therapy: a retrospective cohort analyBiabetes Res Clin Pract 2008;81:97-104.
[29] Toprani A, Fonseca V. Thiazolidinediones and cotigesheart failure in veterans
with type 2 diabetes. Diabetes Obes Metab 2011763:20.

[30] Singh S, Chang HY, Richards TM, Weiner JP, Clark Bégal JB. Glucagonlike
peptide 1-based therapies and risk of hospitatimafbr acute pancreatitis in type 2 diabetes
mellitus: a population-based matched case-contudlys JAMA Intern Med 2013;173:534-9.
[31] Eurich DT, Simpson S, Senthilselvan A, Asche CVhda-Minhas JK, McAlister
FA. Comparative safety and effectiveness of sipigliin patients with type 2 diabetes:
retrospective population based cohort study. BMIB2®16:f2267.

[32] Faillie JL, Azoulay L, Patenaude V, Hillaire-Buys Buissa S. Incretin based drugs
and risk of acute pancreatitis in patients with ety@ diabetes: cohort study. BMJ
2014;348:g2780.

[33] Schisterman EF, Cole SR, Platt RW. Overadjustmeias kand unnecessary
adjustment in epidemiologic studies. Epidemiolo§9220:488-95.

[34] Patorno E, Patrick AR, Garry EM, Schneeweiss SleGWVG, Bartels DB, et al.
Observational studies of the association betweeamcogk-lowering medications and
cardiovascular outcomes: addressing methodologichnitations.  Diabetologia
2014;57:2237-50.

[35] Azoulay L, Filion KB, Platt RW, Dahl M, Dormuth CRGlemens KK, et al. Incretin
based drugs and the risk of pancreatic cancernatienal multicentre cohort study. BMJ
2016;352:i581.

[36] Azoulay L, Filion KB, Platt RW, Dahl M, Dormuth CRClemens KK, et al.
Association between incretin-based drugs and thle of acute pancreatitis. JAMA Intern
Med 2016;176:1464-73.

[37] Filion KB, Azoulay L, Platt RW, Dahl M, Dormuth CRClemens KK, et al. A

multicenter observational study of incretin-basedgd and heart failure. N Engl J Med



2016;374:1145-54.

[38] Bezin J, Duong M, Lassalle R, Droz C, Pariente AnB°, et al. The national
healthcare system claims databases in France, BNlIIRnd EGB: powerful tools for
pharmacoepidemiology. Pharmacoepidemiol Drug Sav Z56:954—62.

[39] Systeme national de données de santé (SNDS). 2018.
https://www.snds.gouv.fr/'SNDS/ [Accessed 22 OctdEr8].

[40] Landman GWD, Kleefstra N, Hateren KJJ van, GroeKidr Gans ROB, Bilo HJG.
Metformin associated with lower cancer mortalitytype 2 diabetes: ZODIAC-16. Diabetes
Care 2010;33:322-6.

[41] Bezin J, Bosco-Levy P, Pariente A. False-positesults in pharmacoepidemiology
and pharmacovigilance. Therapie 2017;72:415¢1010.1016/j.therap.2016.09.020.





