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Adverse Drug Effect Detection

Lian Duan, Mohammad Khoshneshin, W. Nick Street, and Mei Liu

Abstract—Large collections of electronic patient records  Currently, spontaneous adverse event reporting sys-
provide abundant but under-explored information on the tems record every specific self-report of a suspected
real-world use of medicines. Although they are maintained .5,55| association between a drug and an adverse event
for patient administration, they provide a broad range f t ket fety detecti = b fi |
of clinical information for data analysis. One growing or po_s -marketing sajety detec |_0n. oro _serva |o_na
interest is drug safety signal detection from these lon- analysis, methods need to provide useful information
gitudinal observational data. In this paper, we proposed about associations between drugs and outcomes across
two novel algorithms—a likelihood ratio model and a @ population of interest. It is unnecessary to ascertain
Bayesian network model—for adverse drug effect discov- \ynether a specific person had a particular outcome due to

ery. Although the performance of these two algorithms . . .
is comparable to the state-of-the-art algorithm, Bayesian a particular drug, but instead we need to infer whether a

confidence propagation neural network, the combination of Population of individuals exposed to a drug experiences
three works better due to their diversity in solutions. Since more of the outcome than expected. This population-
the actual adverse drug effects on a given dataset cannotpased approach differs from the spontaneous adverse
be absolutely determined, we make use of the simulated event reporting systems currently used. Many methods

OMOP dataset constructed with the predefined adverse h b d | df t Keti . | detecti
drug effects to evaluate our methods. Experimental results ave been developed for post-marketing signal aetection

show the usefulness of the proposed pattern discovery SUCh as Bayesian confidence propagation neural network
method on the simulated OMOP dataset by improving the (BCPNN) [1], x2-statistics, and proportional reporting

standard baseline algorithm—chi-square—by 23.83%. ratios (PRR) [5]. These methods assign each drug and
Index Terms—adverse drug effect, correlation, BCPNN, adverse event pair a score. If one pair has a high
likelihood ratio, Bayesian network. score and is not confirmed before, it is the promising

hypothesis to check.

. INTRODUCTION However, due to poorly characterized data, insuffi-
Drug safety is a major public health concern in theiently recorded clinical observations, and confounding

world. Though America’s drug-approval process haaffects, the true causal relationships between drugs and
the most world-renowned rigorous standards on safedgiverse events cannot be absolutely detected. In order
and effectiveness, it cannot possibly uncover everythirig test the performance of different methods, the true
about a drug’s performance that may occur even wittausal relationships are required. Because of these above
pre-market clinical trials involving thousands of peoplessues, the Observational Medical Outcomes Partnership
One important issue related to drug safety is how {@MOP) [11] designed and developed a procedure to
detect adverse drug reactions. Adverse drug reactions eoastruct simulated dataset for method evaluations. The
defined as those unintended and undesired responseprticedure generates fictional persons with fictional drug
drugs beyond their anticipated therapeutic effects durimxposure and fictional adverse event occurrences with
clinical use at normal doses [13]. In the US, peoplpredefined association between fictional drugs and fic-
spend billions of dollars on prescription drugs each yedional outcomes. Though the dataset is contrived, to the
Most of them are safely used. However, the few adverdest of our knowledge, it is the best simulated dataset
drug reactions can cause serious healthcare and finanaiad close to real observational data.
burdens. It is estimated that 6-7% of hospitalized patients
experience severe adverse drug reactions each year witfthe goal of this paper is to develop methods to iden-
a potential of 100,000 deaths, which makes it the fourtify the associations that OMOP predefined to simulate
largest cause of death in the US [8]. In addition, adversiata from the observational simulated dataset. Section 2
drug reactions require extra treatment and prolong hospiroduces the simulation procedure of OMOP data. D-
talization, which causes a big financial problem. Theréfferent signal detection models are discussed in Section
fore, effective methods for determining the relationshif. Experiments are conducted and the characteristics of
between pharmaceutical drugs and conditions (potentdifferent models are analyzed in Section 4. Finally, we
adverse events) are highly in need. draw a conclusion in Section 5.



1. DATA SIMULATION disproportionality analysis methods calculate the pair

The OMOP simulation is a project funded by Founcorrelations by comparing the expec_t_ed and observed
dation for the National Institutes of Health. It in-CO-0ccurrences of a drug and a condition. We explored

volves pharmaceutical industry, academic institution§ultiple counting methods and correlation measures and

non-profit organizations, the Food and Drug AdminisSN0Se two that were both accurate and complementary.

tration (FDA), and other federal agencies. The wholgh€ Bayesian network model estimates the pair risk

simulation procedure is complicated and details can EREtOrs by using a Bayesian network. Finally a weighted

found at [11]. There has been some existing researefmbination of the raw scores from the three models was

[6], [14] conducted on this dataset. In the following, w&omputed for each drug-condition pair to give the final

provide a brief introduction of the simulation procedurd@nking of possible associations.

The simulated dataset contains 10 million persons, 90

million drug exposures from 5000 different drugs an@, Disproportionality Analysis

300 million condition occurrences from 4500 different
iti 0,

condmgns Over a span of 10 years. For o.nly .1'8/0 of ﬂ}% generate a good two-by-two contingency table from

20 million possible drug-condition combinations, ther?h

. e raw data first, and then use correlation measures to
exists a true causal association between the drug an

- e L Infer the ranking of possible associations.
the condition. For the remaining combinations, no causa : )
o . 1) Two-by-two Contingency Table: We generated the
association exists.

The nature of the temporal relation between drugs at o-by-two contingency table based on the Modified

. . Ss (Spontaneous Report Systems) method [12]. The
outcomes can vary. For example, many site reactiops ; : )
L . . A oundation of correlation measures was a collection of
from vaccinations or biological injections can be ob:

. 2-dimensional tables of the form in Table I.
served within one day of exposure. Other outcomes can

In order to apply disproportionality analysis, we need

only be observed after many years due to slow changes Condition C1

in biology or the need for cumulative dose. Some drugs Yes No

have increased fracture risks from years of exposure due Drug D1 | Yes| a b a+h

to gradual bone loss from calcium malabsorption. For No | ¢ d c+d
most outcomes, the temporal relationship between the atc| bid | atbtctd=n
drug and outcome is not clear. The occurrence of the ABLE |

outcome can appear anytime after exposure. Insidious
outcomes are also common for rare and serious events
because of the small number of observed cases, which

makes it difficult to infer the temporal relationship. The counts for drugs and conditions were given d-

Due to the above complicated temporal re'at"mShl||lﬁ’}erent weights, based on empirical observation. For

of a true causal association between the drug and the "
o . - : example, conditions and drugs that start on the same
condition, OMOP categories associations into constan{ . .
. day have an unclear causal relationship due to the
risk onset or constant rate onset types. Constant ris - . ,
Characteristics of the simulated dataset. We don't know

onset types have a 50% chance to be acute, 40% chance e
T wheéther the condition is caused by the drug or the drug
to be insidious, and 10% chance to be delayed. Constant,. o .
.~~~ Is dispensed for the condition. Therefore, the weight of
rate onset types have a 90% chance to be insidious, ...
conditions and drugs on the same day was set to be
and 10% chance to be delayed. For the acute type e .
- ) sthall. However, if time is more precisely recorded and
the outcome appears within the first week after dru

exposure. For the insidious type, outcome appears &? know whether a given drug is used before a given

any time after the drug exposure. For the delayed typceond!t!on or not, we might set a large We'ght for t_he
outcome appears between one year and ten years aft%rr]d't'on aft_e_r drug exposure, and 0 or negative weight
drug exposure Of the condition before drug exposure. In this paper, we
' designed a weighting scheme according to the OMOP
data generation mechanism in Section 2. Such weighting
lll. SIGNAL DETECTIONMODELS scheme needs to be changed according to the empirical
We adopted an ensemble of three different methods,abservation of given datasets. A condition occurring on
wo disproportionality analysis techniques and a Bayesiéime first day of drug usage was assigned weight A
network model, to discover the association betweamndition occurring during a drug period of less than

drugs and potential adverse events (conditions). Thedays was given weightvs. A condition occurring

TwoO-BY-TWO CONTINGENCY TABLE



within 7 days of the beginning of the drug use bugreater the value of the ratio, the stronger our hypothesis

outside the drug period was given weight. If the will be.

condition happened within 7 days of the beginning of Given the counts, we calculate the true probability of

the drug use and the drug period is greater than 7, wigl and C1, tp = a/n, the probability of D1, pg; =

still use weightws. If the condition occurred later than (a + b)/n, the probability ofC1, p. = (a + ¢)/n, and

7 days from the beginning of the drug use and durinidpe expected probability ab1 andC1, ep = pq - p.. To

the drug period, we use weight,. wy, w3, and wy apply the likelihood ratio test as a correlation measure, it

are constantsw; was set to be small. The drug coulds useful to consider the binomial distribution. This is a

be usedw, might be a fixed valug”, or dynamically function of three variablesPr(p, k,n) — [0 : 1]. Given

calculated a§C — w3) * (7 — DrugPeriod)/7 + w3, our assumption of independence of drug and outcome,

giving interactions within a shorter drug period a highewe predict that each trial has a probability of success

weight. Since conditions caused by drugs were assumad Then the binomial likelihood of observing out of

to be caused by a single drug, we modified the countsrecords isPr(ep, k,n). However, the best possible

for conditions occurring during a period with multipleexplanation of each trial probability igp instead of

drugs. Specifically, if the condition is strongly correlhte ep. Therefore, we perform the Likelihood Ratio test,

with one of the co-occurring drugs, we reduce the counbmparing the binomial likelihood of observirig out

value for the co-occurrence with all the other drugs beimaf »n records under the assumption of independence with

taken during that period. the best possible binomial explanation. Formally, the
2) BCPNN: Probability Ratio, Pr = tp/ep, is s- Likelihood Ratio in this case idikelihood Ratio(S) =

traightforward and means how many times the con®r(tp, k,n)/Pr(ep,k,n).

bination happens more than expected. However, thel) Region Bias: In this section, we study the different

Probability Ratio is very volatile when the expectedipper bounds of LR and BCPNN to discuss the different

value is small, which makes it favor the rare combiregion bias with respect to pair support. Given a gair

nations rather than significant trends in the data. Mith the actual probabilityp, we havetp < p. <1 and

order to solve the problem, people use shrinkage [¥ < ps < 1. Whenp, andp, reach their lower bountp

[3], [10] to regularize and reduce the volatility of aand the drug always occur together with the condition,

measure by trading a bias to no correlation for decreasé® expected probabilityp reaches its lower boungh?.

variance. Specifical!y, we add a continuity correctio emma 1. Both LR and BCPNN decreases with the

num_ber_ to both nqmm_ator and denominator. Suppos_e R ease of ep when ¢p remain unchanged.

continuity correction isce, the formula of BCPNN is

BCPNN = In(tp + cc)/(ep + cc). Normally, we set Proof: (1) Whentp > ep,

cc = 0.5/n; however, it could be any positive number.

: . . Likeli .
This shrinkage strength has been successfully applied to ikelihoodRatio(5)

pattern discovery in the analysis of large collections of = ™" tP- (In(tp) — In(ep))

individual case safety reports. Noren et al. [10] used it +n - (L—tp)- (In(l —tp) — In(1 — ep))
for drug signal detection and claimed that it precludes  — . ¢p. in(tp) — n - tp - In(ep)

highlighting any pattern based on less than three events

. . . “In(l —tp) —n-In(1 —
but is still able to find strongly correlated rare patterns. - n( p)=n-in(l = ecp)

From a frequency perspective, BCPNN is a conservative —n-tp-In(l—tp) +n-ip-In(l —ep)
version of Pr(_)bability Rati_o, tending towards O for rare = n-tp-ln b +n-In(1 — tp)
events and with better variance properties.tpgndep I—tp
increase, the impact of the shrinkage diminishes. nln(l—ep)+n-tp- ml —°r
€p
B. Likdihood Ratio If we considerLikelihoodRatio(S) as a function of
oo . L - , then
The Likelihood Ratio (LR) is similar to a statistical
test based on the loglikelihood ratio described by Dun- Likelihood Ratio(S)’
ning [4]. The concept of a likelihood measure can be B n n-tp
used to statistically test a given hypothesis, by applying T o l—ep (1 —ep)-ep
the likelihood ratio test. Essentially, we take the ratio n - (ep — tp)

of the highest likelihood possible given our hypothesis

L2 ) -~ (1—ep)-ep
to the likelihood of the best “explanation” overall. The



on the change in the status of individuals depending
on the drugs they use. That is, upon each drug use, a
< new interval begins. By the end of the time window of
the used drug, another interval starts. Therefore, each
interval is associated with a specific number of drugs.
Note that it is possible that an interval is not associated
with any drugs.
0‘.0 o.‘z 0‘.4 o.‘e 0‘.3 1.‘0 0‘.0 o.‘z 0‘.4 o.‘e 0‘.3 1.‘0 In Figure 2, two different modeling paradigms are
True Probabilty True Probabilty presented with regard to time. In the time-independent
model, we assume that the length of the interval does not
(2) BCPNN (b) LR influence the number of occurred conditions. In the time-
Fig. 1. Upper and lower bounds of BCPNN and LR dependent model, increasing the length of an interval,
conditions are more likely to happen.
Gray circles denote observed random variables while
Sincetp > ep, then LikelihoodRatio(S)" < 0. In  white circles represent hidden random variables. Gen-
other words, Likelihood Ratio decreases with the il‘érally, we observer.;: the number of occurrences of
crease okp whentp > ep. Similarly, whentp < ep, we  condition ¢ in interval ¢ for every individual i, and
can prove Likelihood Ratio decreases with the increagg;, is 1 if the interval ¢ for individual i is within
of ep. In all, Likelihood Ratio decreases with the increasghe effective drugd's side-effect time window and

BCPNN
2

Likelihood Ratio

0.00 0.05 0.10 0.15

of ep. otherwise. Additionally, for the time-dependent case,
(2) Whentp is fixed, BCPNN decreases with thewe know 6;; which is the length of the interval for
increase ofp according to the formula. B individual .

According to Lemma 1, given the actual probability There is a deterministic relation between observed

tp for a pair S, both LR and BCPNN reach their upperariaple z.;; and hidden variables.;; and zg.;; as
bounds wherep reaches the lower boung?. We draw fgjiows:

the upper bound curve of LR and BCPNN with respect Toit = Zoit + Zydiﬂdm 1)

to the change ofp in Figure 1. Though both LR and = ’

E;PZDH [)eZﬁZ ;helglg%hnesgrup;perr:qg:dh;vr;m%;e where z.;; is the number of conditions happened not
W  pal very law regi v because of any drug in intervalfor individual 7, and

chance to .get higher BCPNN while pairs on reIatweIgdcit is the number of conditions occurred caused by
high ¢p region have more chance to get higher LR. drug d in interval ¢ for individual 7.

The probability distribution of the hidden variablg;;

C. Bayesian Network Model given its parents follows a Poisson distribution:
In this section we describe the proposed Bayesian e=% - (a)*
network model for discovering adverse drug effects. P(zeir = klac) = T (2)

Bayesain networks [7] are directed graphical models [9 . . . .
which are useful in representing complex probabilitallrlol the probability of:. (for each con_d|t|_ort)_g|\{en Its
distributions. In Bayesian networks, random variables a\ﬁgrentSp 1 andp; follows a gamma distribution:
shown with circles while dependencies are represented
with directed edges. The joint probability over variables

is given by a product over conditional probability of eacl&or the time-dependent case, Formula 2 can be written
variable given its parents: as follows: ’

Py, 29, ..., 2n) = HP(xi\Pa(xi))

P(a ‘ — pgl p1—1 _—pacc 3
c :017/)2) - F(Pl)ac € ( )

e_acécq,t . (acécit)k
. (4)

where Pa denotes the parents of a random variable.  the probability distribution of the hidden variable
Figure 2 represents the the Bayesian network in plaie . given its parents follows a Poisson distribution:

notation. Each plate denotes an enumeration over the . .

random variables. Here we have four distinct enumer- P(zaeit = k| oo, vae) = e~ e - (ygea) . (5)

ations; Ny individuals, Np drugs, N¢ conditions, and k!

T; intervals for individuali. Intervals are defined basedMore accurately,«. is the background prevalence of

P<Zcit = k|a07(scit) =

4
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(a) time-independent model (b) time-dependent model

Fig. 2. The graphical model of the Bayesian network model. Giisgles denote observed variables while white circles espnt hidden
variables.

condition ¢ while ~,4. is the impact of drugl on back- updated as follows:

ground prevalence. Wy, > 1, drug may be considered S vgeis + T
it ~dci

responsible. The probability of,. given its parentr Vde = : 9)
follows a gamma distribution with equal parameters: O Dy Yait + 7
.7 In the E-step of the algorithm, we compute the expec-
P(YaclT) = mﬁ[ Lem T (6) tation of hidden variables given the parameter and

~. For solving this problem we used a lemma regarding

We considered gamma distribution with equal parameteffe poisson distribution. If Poisson distributions with
(causes the prior mean of one), since we believe thafes \;, \,, ..., \,, created events when only the sum
the mean of drug effects is one apriori. For the timesf the eventsN is observed, then the probability of
dependent case, Formula 5 can be written as follows:the number of events follows a multinomial distribution
e~ eitVaee . (5 iyg00r)F with parameter<_ for the jth Poisson distribution.

DY
P(zdcit = klac, vac) = il - (7) Therefore, The e§<pectation value 9f; is as follows:
1
Given the description of the Baysian network, we 1+ Yaritvae
are interested to infer t.he value of query var!ab}%, and similarly the the expectation ef,.;; is given by
given the observed variables. We assume prior parame-
ters T, p; and po are given as algorithmic inputs. The Zdeit = _ Ydithde (11)
remained hidden variables atg.;;, zcit, Y4 anda.. To L 2 0 yarieVare
infer the values of query variables, we use expectation-Deriving the relevant equations for the time-dependent
maximization (EM)) algorithm [2]. EM algorithm is way case is straightforward as we adg to the related
to learn parameters when there are some missing dataisson distribution in above equations. Finally, since
Here, we consider hidden variableg.;; and z.;: as we do not know that which scenario—time-dependent

missing data, and,. anda. as distribution parameters. or time-independent—holds, we run the algorithm based
EM algorithm is an iterative algorithm where in thepn both and average the result:

expectation step, the expectation of missing values given (dep) (ind)
the last estimation of parameters is computed. In the Yae = VVge  + (1= 1) (12)

maximization step, _the_ parameters are maximized given. e 0 < ¢ < 1is the mixing Weight,,yl(idep) is
the estimation of missing values. ¢

the drug-condition pair for the time-dependent case, and

In the M-step of our algorithm, we maximize the%(llcn ) is the drug-condition pair for the time-independent

parametery, by maximizing the log likelihood function ¢@S€: _ '
as follows: In comparison to LR and BCPNN which work

with contingency table of each drug-condition pair, the
it Zeit T P1 — 1. (8) Bayesian network model (BN) aims intervals. This capa-
2iTitps bility helps resolve the confusion between different drugs
Then given the updated value af, the value ofy,. is as well as background prevalence. LR and BCPNN only

(10)

Zeit =

e =



consider the confusion between a specific drug and a
condition. Therefore, BN introduces another level of de-
composition and more diversity as a result. This diversity
causes the ensemble of these algorithms perform well.

IV. EXPERIMENT

The average precision (AP), a commonly-used metric
in the field of information retrieval, is used to evaluate
each method. It measures how well a system ranks items,
and emphasizes ranking true positive items higher. Let
yae 1S equal to 1 if thedth drug causes theth condition,
and O otherwise. Led/ =3, yq. denote the number
of causal combinations an&én = D x C the total
number of combinations. Let,. denote the estimated Fi9- 3- Mimic AP score vs. the true AP score
value for thedth drug causing theth condition. For a
given set of estimated values = (z11, ..., zpc), We
define “precision-af” denoted PX(7) as the fraction
of causal combinations among th€ largest predicted
values in7. Specifically, letz; > ... > zy denote the

Mimic MAP
0.255 0.260 0.265 0.270 0.275
Il

—e
T T T T

0.230 0.235 0.240 0.245

True MAP

1. We also plot the occurrence of top-1000 pairs got from
different methods in Figure 4. For Likelihood Ratio, the
occurrence of pairs need to be large in order to get larger

ordered value oF". Then,PX(Z) = £ X v, where value. For BCPNN, the occurrence of high ranking pairs
: ’ — K Lui=1J0 i i
y; IS the true status of combination corresponding.to IS very small. The shape .Of Baye5|§1n network me_thod
The AP is calculated a% ZN_ (PK(7) _yx). The is S|m|lar t'o that of L[kel|h00d Ratio; however, h!gh
AP is very similar to the érezfﬁrﬁder the precision-rec n’mkmg_ pairs of Bayesian network model has _rela_twely
curve, which penalizes both type of misclassificatio pwer b'as to large occurrence than those of L_|I_<eI|hood
identifying a correlation when no relationship exist at'lf' Smge some fr(‘je?#erétly oc_curredt corlw(dmogsl are
(false positive) and failing to identify true correlation ackground noise and the bayesian network modet can
(false negative) remove such noise, frequently occurred pairs might not
For only a small subset of the 20 million pOSSiget high Poisson score and the tailor part of Bayesian

ble drug-condition combinations in the dataset, therréetwork_mOderl]'S ?Ore d|sgelrsed tk;(an tr:f;f()f Likelihood
exists a true causal association between the drug dﬁﬂ;o' Since ,t elt rgg mo els Worf(?]n ! irent aspr(]ac(tjs
the condition. However, OMOP does not provide aQ) ata, we simply add raw values of these three methods

the ground truth. Instead, they provides a testing s ranking, and iftdgf?nerates tﬂedbgst 'I:‘P SCOre. k-Jrlhe
with 4000 true associations and 4000 false associatio .m_:f f\hp s((j:ore otdl erent metj Oh S IS shown i Ta E
Therefore, it is impossible to calculate the true AP scofé Hkelihood Ratio, BCPNN, and the Bayesian networ
across the whole dataset as OMOP does. We used mgdel achieve the similar AP score. They performance

o 5
following bootstrapping method to mimic the AP scorénUCh better than the traditional® method. The_ AP
core of the ensemble method has roughly 5% increase

from OMOP. Given a ranking list, we randomly selectE h del h f
3000 true association and 3000 false association from thg™ three separatg mode S'.T € true AP score qr our
semble method i8.2569 which lands us on the third

testing set to calculate the mimic AP score. Since the tré .

associations and the false associations are unbalanB&f€ On the OMOP competition.

in the whole dataset, but balanced in the test data, we

treat each false association in the ranking list of the V. CONCLUSION

testing data as sixty false associations in that ranking|n the practical environment, there are two advantages
list, and then calculate the AP score for the transformed using our method. First, it helps to propose promis-
list. We conduct this procedure 100 times and calculafigy hypotheses to test. Most existing post-market drug
the mean of the AP scores as the mimic AP score. W@rveillance methods require statistical analysis of the
tried different methods during the competition periogoluntarily submitted adverse event reports to filter out
and compared the mimic AP score with the true Akhe many false positives. For example, 673,259 records
score from OMOP. There is a roughly linear relationshigere submitted to the US FDA Adverse Event Reporting

between these two scores shown in Figure 3. System in 2018 Although the spontaneous reports have
For the two-by-two contingency table calculation, we
get the best result whem; = 1, wy = 5, w3 = 2, wy = 1Data from http:/iwww.fda.gov/



Method | Mimic AP | % over chi-square
PRR 0.1084 -51.76%
chi-square| 0.2247 0%
- BCPNN 0.2662 18.43%
9 LR 0.2649 17.87%
o &7 BN 0.2670 18.81%
s Ensemble| 0.2783 23.83%
§ 9 TABLE II
9 é 1 8’@ MimIC AP SCORE OF DIFFERENT METHODS% OVER CHI-SQUARE
'E DENOTES THE IMPROVEMENT OVER THE STANDARD BASELINE
N ALGORIHTM—CHI-SQUARE
8
é e T T T T T
0 200 400 600 800 1000
Sequence provided valuable information for clinical decisions, the
spontaneous adverse event reporting system has a serious
(@) LR limitation of under-reporting. Therefore, we want to
explore alternative data sources for adverse drug reaction
signal discovery such as electronic medical records. An
objective of the OMORP initiative is to provide simulated
. data that resemble electronic medical record for method
2 | development and evaluation. Using the simulated data,
g & our method was shown to be able to return a reliable
& 7 rank list of possible associations. If there are some
3 § | high ranking associations that are not confirmed by
% 2 pre-market clinical trials, we need to pursue further
e . randomized control studies on them. Second, our method
S helps to identify some regional associations. Associa-
g ‘ tions introduced in the textbook are general. However,
0 200 400 600 800 1000 the association ranking list generated by our method
Sequence can bg f_rom the regional data we have. Some prevalent
associations in the textbook might not be true for a
specific region, while the other associations might be
(b) BCPNN e . i :
true for a specific region but not true in the national
level because of the race or environmental difference.
In order to use our method, we need to make use
5 of the hospital electronic health records, set up the
8 | algorithm to find the ranking list from the data, and
g 8 check the difference between the ranking list and our
5 . existing knowledge. Nowadays, many hospitals have
g 1 already digitalized their health records, and have staff to
Q § 7] generate adverse event reports. Therefore, hiring a data
& _ mining technical staff is the overhead cost of deploying
° our system, which roughly costs $150,000 each year
z g ‘ ‘ ‘ ‘ ‘ according to the salary information from indeed.com. In

the national level, our method can help to identify the
promising unknown adverse drug reactions to allocate

0 200 400 600 800 1000

Sequence our limited funds to set up the controlled test. The
_ newly identified adverse drug reactions will change the
(c) Bayesian network model guideline for drug prescription. In the regional (hospital

level, our method can help to identify the suspicious

Fig. 4. Occurrence of top-1000 pairs ) . .
adverse drug reactions, which can guide doctors to



use the related drugs in a conservative way. By using
our method, we can reduce the number of unnecessa
treatments and even deaths caused by the related adve
drug reactions, which is hard to be measured financiall
Apparently, the gain of using our method can easily
surpass the overhead cost of deploying our system.

In this paper, likelihood ratio, BCPNN, and the
Bayesian network model are introduced for drug safet
signal detection. Evaluation on different methods in the
OMOP dataset indicates the ensemble model works bet-
ter than each individual model. Among all the methods
we tried for the OMOP competition, the best ensemble
is from these three models which work well and have
diversity with each other. In the future, we are goin
to investigate more sophisticated way to ensemble th
three models.
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