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ABSTRACT

Pharmacovigilance ensure employment drug safety and consistsin collect and manage data on the use of drug and
to exploit these data, to detect unknown effects after postmarketing. The primary goal of spontaneous reporting
systems related to health products is the detection of unknown adverse reactions or signal detection for which a
correlation between the appearance of an adverse effect and a medication. Different disproportional methods are
used in pharmacovigilance to generate potential signals, among which, we find : the Proportional reporting ratio
(PRR) associated with the chi-square test, the Report Odds Ratio (ROR), the Yules’Q, the Bayesian Confidence
Propagation Neural Network (BCPNN) or Information Component (1C) These sophisticated methods are used in

advanced countries at the moment. © 2016 Trade Sciencelnc. - INDIA

INTRODUCTION

Therehavebeen severd examplesof patientsbeing
harmed by prescribed marketed medicines, the
thalidomidetragedy beingthe paradigm casg’¥. Recently,
the decisionsto prescribe and administer medications
areinfluenced by the associated risks of adversedrug
reactions. An adverse drug reaction (ADR) isdefined
asany harm associ ated with theuseof given medications
a anormal dosageduringanorma use. ADR may occur
followingether asngledoseor prolonged adminigration
of adrug or result from the combination of two or more
drugg?3.

M odern medi cine has changed the way in which
diseasesaremanaged and controlled. However, despite
of all their benefits, evidence continuesto mount that
adversereactionsto medicinesareacommon, yet often
preventable, causeof ilIness, disability and even death.

Drug safety and pharmacovigilance remains a

dynamic clinical and scientific discipline.
Pharmacovigilance is defined by the World Health
Organization (WHO) as ’the science and activities
rel ating to the detection, assessment, understanding and
prevention of adverseeffectsor any other drug-related
problem’™ it playsavita rolein ensuring that doctors,
together with the patient, have enough information to
make adecision when it comesto choosing adrug for
treatment(>9.,

Thispaper discussesana ytical gpproachesof sgnd
detecetion methods such asthefrequentist pproaches
and The Bayesian based approaches.

MATERIALSAND METHODS

Source

Signd detectionismadefrom spontaneousreports
notified to the pharmacovigilance center by healthcare
professiond, pharmaceuticindustry or the public. For
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dataharmonization, the adversereactionswere coded
into WHO art terminology prefered termsand for the
drugswe used theInternational Nonproprietary Name.
Thesgnd isdefined asfallowsin Pharmacovigilance:
“Information that arisesfrom one or multiple sources,
which suggest anew potentialy causa association, or a
new aspect of a known association, between an
intervention and an event or set of rel ated events, either
adverseor beneficid, that isjudged to be of sufficient
likelihood to justify verily action™. Procedurefollowed
for Signal Detection which is a set of activities to
determine based on variousdatasourceswhether there
are new/changed risks associated with active
substances/medicinal productsinfivesteps:

Signal detection

Signal validation

Prioritization, analysis and assessment

Eecommendation for action

Exchange of mformation

Disproportional methods

Practically, each submitted safety report may
involvesevera suspected drugsand severa observed
events, leadingto J (total number of) drugsand | (tota
number of) eventsmentioned at least oncein areport.
Theassociation measures provided by thedifferent SD
data mining methods are calculated by 2 by 2
contingency table(TABLE 1).

Thesearethefrequency or relativefrequency of a
particular drug—event pair. The signal would be
considered significant if the stati sticsfrom different
calculations such as Proportional Reporting Ratio
(PRR), to evauate the disproportionality for each
couple, thestatistical significanceleve wasset at PRR
> 2, chi square>4, the number of individua cases>3,
for the Reporting Odds Ratio (ROR), if the lower
confidence(ICt095 %) limit of theROR is>1, it detects
apotential sgnal or Yule’s Q to generate de signal if the
lower confidence (ICt0 95 %) limit of theYule’s Q>0.

Moreover, Bayesian Confidence Propagation
Neural Network (BCPNN) analysis was proposed
based on Bayesian |ogic where therelation between
the prior and posterior probability was expressed as
the“information component (IC)”. The IC given by the
BCPNN isapplied by the WHO UppsalaMonitoring
Center (UMC). Thismethod generatesasignal when

TABLE 1: Two by twotablefor theadver sedrug-event pair

adverse event other adverse event Total
j i
drug (i) nj; ny ni.
other drugs e ny 1.
1
Total n.j n.j n
ﬂij ‘The nmmber of reports mvolving the drug of nterest 1 and adverse effect of interest j combination
Ny - Reports of drugs interest with other adverse effect
111.] : Reports of all other drug s with adverse effect of interest
ﬂij : Reports of all other adverse effect with the other dmgs
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thelower confidence (C 1 to 95 %) limit of thelCis>0.
Findings

(2) Proportional reportingratio

The PRR is a statistical method used to detect the
gatisticaly 9gnificant assodaionsfor parsdrug/ adverse
effects.

Thegpproach of performingthecd culationsof thePRR
ontheindividual case countsinstead the number of
ADRSs has been chosen to keep the independence

between the variables used to compute the PRR so
that thevarianceof the PRR will not be underestimated.

ThePRR iscomputed asfollows®
PRR (i. j)=nij/ni / ni j/ni.

The95% confidenceinterval of thePRR

Thestandard deviation of thenatural logarithm of
the PRR isestimated based on thefollowing formula:
Var {LnPRR(i,))}= 1/ntj - 1/nt.+ 1/n7ij - 1/nl

The 95% confidenceinterval for In(PRR) isthen
estimated asIN(PRR) +1.96 Var (LnPRR) and, taking
theexponential, thefollowing result isobtained: 95%
confidenceinterva for PRR by thefollowingformula:

1095% (PRR) = [exp (Ln PRR = 1.96 %

Jvar(EnPAR):exp (InPRR +1.96 % Jvar(LnPRR)

Measures of statistical association are cal culated
using achi-squared test with one degree of freedom. If
the drug and condition areindependent, the expected
vaueof PRR shouldbe 1; aPRR>1indicatesagreater
than expected frequency of thereport (i,j) inthe dataset.
WhenthePRR isdigplayed withthechi-squarestatitics,
asigna isreportedif the PRR isgreater to 2, the chi-
squared statistic is at least 4 and number of adverse
event is at more than 3©. Also when the PRR is
displayed withits 95% confidenceinterval, asigna is
generated if thelower bound of the 95% confidence
interval greatert.

The Chi-square is a statistic, used in
disproportionaity analyses. In certain standard query
of the chi-squareis used as an aternative measure of
associ ation between the drug product and the adverse
event R based on thefollowing ca culation:

Chrquaq

(Observed —Expeceed ¥

(Expected)

—==> Review
(2) Reportingoddsratio (ROR)

Thecalculation of ROR wassimilar to that of the
PRR method. The same contingency table that was
(TABLE 1) prepared for PRR, was aso followed in
the case of ROR calculations. The ROR was counted
asfollows

1nij X ni_j

=== (10)
nijxni’j
Thelogarithm of theROR of thepair (i, ) isassumed

to follow a normal distribution whose variance is

estimated from thede tamethod asfollows™ :

Var fLaROR G H=1/mij+1/ni j +1/mi j+1/nij
An association iscons dered to bedisproportionate

intheevent that thelower limit of the 95% confidence

interval wasgreater than 1.

ﬁc _ (e)Ln (ROR+1,96 (1/nij+1/ni j+1/mi j+1/nij)1/2

(3)Yule'sQ
It isamethod derived from the Reporting Odds
Ratio (OR). It measuresthetheliasonintengty between
two or more qualitative variables using the formula
bel owi®:;
Q=(nij x nij — nij x nij)/(nij X nij + nij x nij)
Thesignal generation criterion proposed by this
method iswhenthelower limit of theconfidenceinterva
at 95% is strictly greater than 0. The formula of the
confidence interval is represented by the following
formula*2:

ROR=ROR=

0 _o—- 14 — 02 (£ B & &
95%Cl = Q—1,96(G(1 —Q* x \fm-j et =
(4) TheBayesian confidence propagation neur al

networ k (BCPNN)) or infor mation component (1C)

Thestatistic of interest isbased on the Component
Information*¥ defined for thecell (i, j) (contingency
table). The formula used for calculating VigiMine
Information Component (IC) isfigured asfollows:*4,

S—— nij +0,5
L) =0y ——————————
- ni.x n.§ ,

= 05

A signal isgenerated when thelower limit of the
95% CI>Oasfollows:

95% Cl=IC-3.3(nij+0.5)¥2-2(nij+0.5)%2
- if IC> 0 the probahility of thecouple{ drug/ adverse
effect} observedisgreater than theexpected probability
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- if IC = 0 the probability of the pair { drug/ adverse
effect} observedisequal to the expected probability.

DISCUSSIONAND CONCLUSION

Drugisaproduct that aimsto prevent, treat or cure
diseases, inboth physica psychologicd fidds However,
it can also be asource of risks or side effectswhich
may haveavariable severity, rangingfrommilditching
to death of theuser. Put onthemarket after that clinical
trials have demonstrated its safety, quality and
effectiveness, has to be put under an increased
surveillance because it is statisticaly proven that
unknown risks appears when it is used by a large
popul ation*¥,

For thisreason, post-marketing surveillanceisamed
at atimely detection of new adverse effects or an
increaseinthefrequency of adversereactionsthat are
already known to be associated with the drug
involved?,

Statistica methodsare used to support theanays's
of largevolume of ICSRsto identify thesignals. The
detection of Sgndswasperformedinbased of individud
cases safety reports ICSRs which generates many
potential signals. These hypothesis usually leadsto
guantitative analysis which measure the
disproportiondity for thesignd strenthening. Recently,
pharmacovigilance centersdevoted congderableefforts
for applying and for theuse of quantitative methodsfor
sgnd detectionthat employsgtatisticd theory toenhance
screening databases of spontaneousreportsof Adverse
drugreactions.

Lot of methodological issues complicate the
systematic and comprehensive assessment of the
performances of the quantitative methods of signal
detection. Thelack of gold standardin Signd detection
isoneimportant obstaclewhich makesthisevauation
difficult to perform(*¢17, Each method has its own
advantages and flaws in respect to applicability in
different situations and possibilities for
implementation®®. Thiscould beexplaned by thehigher
sensitivity and low specificity calculated®.

Another compari son technique may be used, such
as the kappa statistic, but its disadvantage is that it
doesn’t distinguish between a high sensitivity situation
and low specificity, and oneof thelow sengitivity and

high specificity.

Thesediproportionnal methodsshould targetsthe
most common diseaseslikemalaria, HIV/AIDS, and
tuberculosis. Consequently, large drug safety datasets
have been generated which makesit possibleto apply
daisticd datamining®.

it isimportant to note that most of the existing
methodol ogy for pharmacovigilanceinvolvesassessment
of association between a drug and adverse drug
reactions. However, association does not necessarily
imply causation. Intuitively, causationisnot only requires
correlation but also acounterfactual dependence?.

We concludethat the use of quantitative measures
analysis is a step forward as a signal detection in
pharmacovigilance. Moreresearchisnecessary intothe
performance of these approaches, especially its
predictivevaue, itssengtivity and specificity.
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