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ABSTRACT Lazarou et al. [3] estimated that each year 6-7% of hospitalized

patients experience severe ADRs, which can lead to a potential of
Medicines are designed to cure, treat, or prevent diseases100,000 deaths, making it the fourth largest cause of death in US.
however, there are also risks in taking any medicine - particularly Over the past 10 years, both reported ADRs and related deaths
short term or long term adverse drug reactions (ADRs) can causéhave increased ~2.6 times and we have seen a number of drugs
serious harm to patients. Adverse drug events have been estimateglithdrew from the US market after presenting unexpected severe
to cause over 700,000 emergency department visits each year imDRs [4, 5]. As a consequence, ADRs not only expose patients to
the United States. Thus, for medication safety, ADR monitoring is higher risks of mortality and loss of quality of life, but also
required for each drug throughout its life cycle, including early presents a huge burden on the national economy with an estimated
stages of drug design, different phases of clinical trials, and post-$136 billion annual cost in the US, which is higher than
marketing surveillancePharmacovigilance (PhV) is the science cardiovascular or diabetic care [6, 7].
that concerns with the detection, assessment, understanding ang
prevention of ADRs. In the pre-marketing stages of a drug, PhV
primarily focuses on predicting potential ADRs using preclinical

DRs are also a big concern for the pharmaceutical industry.
Drug discovery is a long and expensive process. To bring a hew

characteristics of the compounds (e.g., drug targets, chemica rug to marl_<et, it can take at_ Ieast_lO years and billions (_)f doIIa_rs
structure) or screening data (e.g bi.o;ssay data) Ir; the post-8.]'.The main cause is the hlgh_ fg!lure rate of drug candl_dates in
marketing stage, PhV has tre.ld.iltionally involved. in mining clinical trials. _Unacceptable toxicities ac_co_unt for appr(_mmately
spontaneous rep’orts submitted to national surveillance systemsSO% of the failures [9]. Thus, early prediction of potential ADRs
is essential to reduce risks of the costly failures. Additionally,

Tgﬁégf:g?gr;ocﬂznjgr:;”gmz dséhlrtlf:ggctgr\:\\l/agr?tict;zl ufsr:r:év\?;tlfeven after a drug is approved to market, undiscovered severe
9 P ADRs may lead to withdrawals which can be detrimental

such as electronic medical records (EMRs), biomedical l'teratu.re'financially for the manufacturers. Hence, it is critical to predict

and patient-reported data in online health forums. The emerging, -1 monitor a drug's ADRs throughout its life cycle, from

trend of PhV is to link preclinical data from the experimental . : .
platform with human safety information observed in the post- preclinical screening phases to post-market surveillance.

marketing phase. This article provides a general overview of thePharmacovigilance (PhV), also known as drug safety surveillance,
current computational methodologies applied for PhV at different is the science to enhance patient care and patient safety regarding
stages of drug development and concludes with future directionsthe use of medicines by collecting, monitoring, assessing, and
and challenges. evaluating information from healthcare providers and patients.
Keywords Broadly speaking, PhV can be divided into two stages: (1) pre-
marketing surveillance — information regarding ADRs is collected

Pharmacovigilance, drug safety surveillance, adverse drugfrom pre-clinical screening and phases | to Ill clinical trials; and
reaction detection. (2) post-marketing surveillance — data accumulated in the post-

approval stage and throughout a drug’s market life (Figure 1).
1. INTRODUCTION PP g 9 9 (Figure 1)

Every year the US public spends billions of dollars on
prescription drugs for the cure, treatment, or prevention o

Historically, PhV has relied on biological experiments or manual
f review of case reports; however, due to the vast quantities and
diseases. However, caution should be taken seriously when takin omplexity of data to be analyzed, computational methods that

any medication because severe adverse drug reactions (ADRs) ca an accurately dete(_:t ADRs in a timely fashion have become a
lead to patient morbidity. ADRs are often referred to as “any critical component in PhV. Large-scale compound databases

unintended and undesirable effects of a drug beyond itScontaining structure, bioassay, and genomic information, such as
anticipated therapeutic effects occurring during clinical use” [1]. NIH's  Molecular Libraries Initiative [10], as well as

According to the national surveillance study of emergency
department visits for outpatient adverse drug events by Budnitz eft pr  \ichael E. Matheny has a joint appointment in the
al. [2], there were total 21,298 adverse drug events from January 1, pepartment of Biostatistics and Division of General Internal
2004 through December 31, 2005, yielding weighted annual wedicine at Vanderbilt University. He is also affiliated with the

estimates of 701,547 individuals or 2.4 individuals per 1000 Geriatric Research Education and Clinical Care in the Veterans
population treated in emergency departments. On the other hand, Health Administration at Nashville, Tennessee.
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comprehensive clinical data sets such as electronic medical recordomplex phenomenological observations of drugs that have been
(EMR) databases, have become the enabling resources foattributed to a variety of molecular scenarios such as unexpected

computerized ADR detection methods. interaction with the primary or off-targets, downstream pathway
_____________________ - perturbations, and kinetics [12]. Many believe direct interaction
/, - = e : - —. with proteins to be one of the most important scenarios [11, 13].
I ittt P ﬁ:rrgagai daéi?ie;fffféﬁ?i“iieéiff?ﬁ tfu}iiﬁgs \n Fliri et al. [14] have shown that drugs with similarvitro protein
| Research | 2 > J binding profiles tend to exhibit similar side-effects through
! 1 hierarchical clustering of biological activity spectra and adverse
: 11 event data of 1045 prescription drugs and 92 ligand-binding
| + 20-50healthy incividuals to gather prelminary data | assays. This concept was further illustrated by Campillos et al. [15]
| & | Phasel ) : where they extrapolated new drug targets by analyzing the
1 E I likelihood of sharing protein targets for 277,885 pairs of 746
: E © 150-350 sbjects it dosase Lo deterie drug safty A marketed drugs using their side-effect similarities.
1 Phaser | 2 dosage recommendation : Scheiber et al. [16] demonstrated the concept by comparing
1 “ pathways affected by toxic compounds vs. those affected by non-
! ~ 1 toxic compounds. Fukuzaki et al. [17] proposed a method to
I‘ + 250-4000 varied patient groups to determine short term 1 predICt ADRS using Sub-p_athways_ th_at share correlated
\ Plaseqir | dme safety and efficacy /I modifications of gene-expression profiles in the presence of the
e ) — drug of interest. To find the “cooperative pathways” (pathways
,° N that function together), they developed an algorithm called
| © Post anoroval studiee 1o detercrine. <ot | \ CoopeRativE  Pathway Enumerator (CREPE) to select
I Phase IV Fproval stidles fo determiine saieny ves ! combinations of sub-pathways that have common activation
Iz ~ : conditions. Their work depends on the availability of gene-
: E ~ | expression data observed under chemical perturbations by a drug.
1 g : Eg;trganig;;;ﬁ:gs ;lgﬂﬁs%ff?ﬂmﬂy submitied by : Xie et al. [18] developed a chemical systems biology approach to
[ SRS F J identify off-targets of a drug by docking the drug into binding
| ] pockets of proteins that are similar to its primary target. Then the
\\ _/ drug-protein interaction pair with the best docking score was
_F'_ B _1_P; T _I T _t_d'; B _t _t_ T f_d mapped to known biological pathways to identify potential off-
Igure L. Fharmacovigiiance at difterent stages of drug target binding networks of the drug. Unfortunately, scalability of
development the method is hindered by its requirement for protein 3D

In this paper, we will cover a broad spectrum of the current structures and known biological pathways.

computational methodologies for PhV at both pre-marketing and yjore recently, Brouwers et al. [19] quantified the contribution of

post-marketing stages. The methodologies can be classified alongyotein interaction network neighborhood on the observed side-
different axes depending on the data sources applied with respecitact similarity of drugs. Their fundamental idea is that side-

to each PhV stage. effect similarity of drugs could be attributed to their target

2. PRE-MARKETING SURVEILLANCE proteins being close in a molecular network. They proposed a

. pathway neighborhood measure to assess the closest distance of
Much e_ffort of PhV at the pre-marketmg _stage has been devoteddrug pairs according to their target proteins in the human protein-
tq pr(_adlct or assess potential ADRs early in the drug de\./elo_pmemprotein interaction network and found network neighborhoods to
plpell_n_e. O_ne (.)f the fundamental methods is t_he application Ofonly account for 5.8% of the side-effect similarities compared to
preclinical in vitro Safety Pharmacology Profiling (SPP) by

0,
testing compounds with biochemical and cellular assays [11]. The64A) by shared drug targets.
hypothesis is that if a compound binds to a certain target, then its?ouliot et al. [20] applied logistic regression (LR) models to
effect may translate into possible occurrence of an ADR in identify potential ADRs manifesting in 19 specific system organ
humans. However, experimental detection of ADRs remains classes (SOCs), as defined by the Medical Dictionary for

challenging in terms of cost and efficiency [11]. There has beenRegulatory Activities [21], across 485 compounds in 508
large amount of research activities devoted to developing BioAssays in the PubChem database [22, 23]. The models were

Computationa| approaches to predict potentia| ADRs using evaluated USing |eaVe.'One-out-crpss-validationl. The mean AUCs
preclinical characteristics of the compounds or screening data.(area under the receiver operating characteristic curve) ranged
Most of the existing research can be categorized into proteinfrom 0.60 to 0.92 across different SOCs.

target-based and chemical structure-based approaches. Other .
have also explored integrative approach. 5'2 Che.mlcal Structur e-based ApproaCh .

The chemical structure-based approach attempts to link ADRs to
2.1 Proten Target-based Approach their chemical structures. Most notably, as a proof-of-concept,
Drugs typically work by activating or inhibiting the function of a Bender et al. [24] explored the chemical space of drugs and
protein, which in turn results in therapeutic benefits to a patient. established its correlation for ADR prediction; however, the
Thus, drug design essentially involves the design of small Positive predictive value was quite low, under 0.5. Thereatfter,

molecules that have complementary shapes and charges to th&cheiber et al. [25] presented a global analysis that identified
protein target with which they can bind and interact. ADRs are Chemical Substructures associated W|th ADRS, but the method was
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not designed to predict ADRs for any specific drug molecule. Food and Drug Administration) approved drugs in SIDER using
Yamanishi et al. [26] proposed a method that predicted five machine learning algorithms: LR, Naive Bayes (NB), K-
pharmacological effects from chemical structures and then usedNearest Neighbor (KNN), Random Forest (RF), and SVM.
the effect similarity to infer drug-target interactions. Evaluation results showed that the integration of chemical,
Hammann et al. [27] employed decision tree to determine thebiological, and phenotypic properties outperforms _the chemical
chemical, physical, and structural properties of compounds thatstructured-based method (from 0.9054 to 0.9524 with SVM) and

predispose them to causing ADRs. They focused on ADRs in theNas _th_e potential to detect clinically important_ADRs at both
central nervous system (CNS), liver, and kidney as well as allergicPreclinical and post-market phases for drug surveillance.

ADRs for 507 compounds. The features used were numerical3_ POST-MARKETING SURVEILLANCE

attributes computed from a compound’s structure, which included Although a drug undergoes extensive screening (Figure 1) before
elemental analysis (e.g., atom count), charge analysis (e'g"lts app?oval bygtjhe FDAQ\j many ADRs may still bge migsed because
polarizability, ion charge, topological polar surface area), and the clinical trials are often small, short, and biased by excluding

geometry (€.g., number of aromatic rings, rotable bonds), as well atients with comorbid diseases. Premarketing trials do not mirror
as partitioning coefficients and miscellaneous other characteristics” : 9

(e.g., indicators of hydrogen bonding) [27].Their decision tree actual _c||n|ca| use  situations for _dlverse (e.g._ inpatient)
model was shown to produce predictive accuracies ranging frompODUIat'onS’ thus it IS Important to continue the su_rvelllance post-
78.9 to 90.2% for allergic, renal, CNS, and hepatic ADRs market. Several unique data sources are available for post-

marketing PhV.
Pauwels et al. [28] developed a sparse canonical correlation
analysis (SCCA) method to predict high-dimensional side-effect 3.1 Spontaneous Reports
profiles of drug molecules based on the chemical structures. TheySpontaneous reporting systems (SRSs) have served as the core
demonstrated the usefulness of SCCA by predicting 1385 side-data-collection system for post-marketing drug surveillance since
effects in the SIDER database [29] from the chemical structures 0f1960. Some of the prominent SRSs are the Adverse Event
888 approved drugs. They compared five methods: randomReporting System (AERS) maintained by the US FDA and the
assignment (Random) as a baseline, nearest neighbor (NN)VigiBase managed by the World Health Organization (WHO).
support vector machine (SVM), ordinary canonical correlation Although the SRSs may differ in structure and content, most of
analysis (OCCA), and SCCA for their abilities to predict known them rely on healthcare professionals and consumers to identify
side-effect profiles through 5-fold cross validation. The best and report suspected cases of ADRs. Information collected
resulting AUC scores are 0.6088, 0.8917, 0.8930, 0.8651, andusually include the drugs suspected to cause the ADR,
0.8932 for Random, NN, SVM, OCCA, SCCA, respectively. concomitant drugs, indications, suspected events, and limited
Their results suggest that the proposed method, SCCA,demographic information. Many post-marketing surveillance
outperforms OCCA and its performance is comparable to SVM analyses are based on these reports voluntarily submitted to the
and NN. The main advantage of OCCA and SCCA over other national SRSs, which include disproportionality analysis and data
algorithms is their biological interpretability to understand mining algorithms.
relationships between the chemical substructures and ADRs.

3.1.1 Disproportionality Analysis
2.3 Integr ative Approach Disproportionality analysis (DPA) has been the driving force
In the past year, approaches integrating various types of datadbehind most PhV methods involving SRS data. The first time use
relating to drugs for ADR prediction have gained many interests. of DPA for drug safety can be dated back to the early 1980s [34].
Huang et al. [30] proposed a new computational framework to It is not our intention to exhaustively list and examine all relevant
predict ADRs by integrating systems biology data that include work. Rather, we aim to present the basic concepts and highlight
protein targets, protein-protein interaction network, gene ontology some representative work here. DPA involves frequency analyses
(GO) annotation [31], and reported side effects. The SVM was of 2x2 contingency tables to quantify the degree to which a drug
applied as the predictive model to predict heart-related ADRs (i.e.and ADR co-occurs “disproportionally” compared with what
cardio toxicity), which resulted in the highest AUC of 0.771. would be expected if there were no association (Table 1) [35].

Soon after, Cami et al. [32] developed another ADR predictio ADR No ADR Total
framework by combining network structure formed by drug-ADR
relationships (809 drugs and 852 ADRs) and information Drug a b n=a+b
regarding specific drugs and adverse events. LR model was use@o prug c d c+d
as the predictive model and achieved an AUC of 0.87.

) ) . i o | Total m=a+c b+d t=a+b+c+d
Despite the success of using chemical and biological informatio

of drugs for ADR prediction, few studies have investigated the 1able 1. Contingency table used in DPA

use of phenotypic information (e.g., indication and other known Straightforward DPA methods involve the calculation of
ADRs). Existing resources, such as the SIDER database [29]frequentist metrics. Some of the widely applied frequentist
contain comprehensive drug phenotypic information, which has measures (Table 2) include the relative reporting ratio (RRR) [36],
been demonstrated to be useful for other drug related studies [15]proportional reporting ratio (PRR) [37] adopted by the Medicines
Recently, Liu et al. [33] investigated the use of phenotypic and Healthcare products regulatory Agency (MHRA) in UK and
information, together with chemical and biological properties of reporting odds ratio (ROR) [38] adopted by the Netherlands
drugs, to predict ADRs. Similar to the work by Pauwels et al. [28], Pharmacovigilance Center. Hypothesis tests of independence (i.e.,
they conducted a large-scale study to develop and validate theChi-square test or Fisher's exact test) are typically used along
ADR prediction model on 1385 known ADRs for 832 FDA (US
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with the above association estimates as extra precautionaryformats: (1) structured (e.g., laboratory data) and (2) narrative

measures. clinical notes.
Association M easures Definition 3.2.1 Sructured Data
Relative Reporting Ratio (RRR) (t*a)/ (m*n) Several groups have employed computational methods on

- - - —— * structured or coded data in EMRS to identify specific ADR signals
Proportional Reporting Ratio (PRR (@x(t-m)/(c*n) [53, 54]. Jin et al. [55] proposed a new interestingness measure

Reporting Odds Ratio (ROR) (@a*d)/(c*b) called residual-leverage for association rule mining to identify

ADR signals from healthcare administrative databases. Ji et al. [56]
i . introduced potential causal association rules to generate potential
In addition to the frequentist approaches, more complex caysal relationships between a drug and ICD-9 coded signs or
algorithms based on Bayesian statistics were developed such a8ymptoms in EMRs. Schildcrout et al. [57] analyzed the
the gamma-Poisson shrinker (GPS) [39], the multi-item gamma- g|ationship between insulin infusion rates and blood glucose
Poisson shrinker (MGPS) [40, 41], and empirical Bayesian |gye|s in patients in an intensive care unit (ICU). Yoon et al. [58]
geometric means (EBGMs) [42, 43]. The GPS and MGPs gemonstrated laboratory abnormality to be a valuable source for
methpds are currently_ utilized by the FDA. Moreover, Bayesian ppy by examining the odds ratio of laboratory abnormalities
Confidence Propagation Neural Network (BCPNN) [44-46] petween a drug-exposed and a matched unexposed group using 10
analysis was proposed based on Bayesian logic where the relatlog;ealrS of EMR data. Evaluation of their algorithm on 470
between the prior and posterior probability was expressed as th@andomly selected drug-and-abnormal-lab-event pairs produced a

“information component (IC)". The IC given by the BCPNN is ,qitive predictive value of 0.837 and negative predictive value of
applied by the WHO Uppsala Monitoring Center (UMC) to ggg.

monitor safety signals in their SRSs.

Other groups have also investigated James-Stein type shrinkagg"z'z_ Unstrqcturgo_l Data ) . ]

estimation strategies in a Bayesian logistic regression model toPata in narrative clinical notes is not readily accessible for data
analyze spontaneous adverse event reporting data [47]. Moremining, thus natural language processing (NLP) technique is
recently, Ahmed et al. [48, 49] proposed false discovery rate required to extract the_ needed information. Wang et a_I. [59] flr_st
(FDR) estimation for the frequentist methods to address the®mployed NLP techniques to extract drug-ADR candidate pairs
limitation of arbitrary thresholds. As of now, there is no from narrative EMRs and then applied the Chi-square test with
consensus on which DPA method is better because there is ngdiusted volume test to detect ADR signals. Evaluation on 7

gold standard dataset available to evaluate the performances of thgelected drugs and their known ADRs produced an overall
methods. precision and recall of 0.31 and 0.75 respectively.

Table 2. Definitions of the frequentist measures of association

.. . Similarly, Wang et al. [60] developed other methods based on
3.12 Data er?l ng Algorithms L _mutual information (MI) and data processing inequality (DPI) to
The above mentioned DPA methods are effective in detecting cparacterize drug-and-ADR pairs extracted from EMRSs.
single Drug-ADR associations, but multi-item ADR associations gyajuation on a random sample of two drugs and two diseases
are also important because they could suggest possible drug-drughgicated an overall precision of 81%. Furthermore, Wang et al.
interactions. A typical SRS database contains thousands of drug%l] investigated the use of filtering by sections of reports to
and ADRs, so it is impractical to enumerate all combinations for improve the performance of NLP extraction for clinically
statistical analysis. Thus, data mining algorithms have beenmeaningful drug-and-ADR relations. Their evaluation indicated
employed to address this problem. that applying filters improved recall from 0.43 to 0.75 and
Harpaz et al. [50] applied the association rule mining algorithm to precision from 0.16 to 0.31.
identify multi-item ADRs. Using a set of 162,744 reports .
submmed to the FDA in 2008, tghey identified 1167 multiF-)item 3.3 Non-conventional Data Sour ces
ADR associations. Among those identified multi-item associations,3.3.1 Biomedical Literature

67% were validated by a domain expert. Later, Harpaz et al. [51]gjomedical literature can be used as a complementary resource for
applied the biclustering algorithm to identify drug groups that prioritizing drug-ADR associations generated from SRSs. Shetty
share a common set of ADRs in SRS data. Tatonetti et al. [S2]angd Dalal [62] retrieved articles (published between 1949 and
proposed an algorithm to mine drug-drug interactions from the 2009) that contain mentions of a pre-defined list of drug-and-
adverse event reports by analyzing latent signals that indirectlyApR pairs (38 drugs and 55 ADRs) from PubMed. The authors
provide evidence for ADRs. They discovered that co- then constructed a statistical document classifier to remove
administration of pravastatin and paroxetine had a synergisticjrrelevant articles with mentions of treatment relations. Finally,
effect on blood glucose. In contrast, neither drug individually was ppa was applied to identify statistically significant pairs from the
found to be associated with such change in the glucose levels.  thousands of pairs in the remaining articles. Evaluation showed
3.2 Electronic Medical Records that the method identified true associations with 0.41 and 0.71 in

. . . precision and recall, respectively.
Electronic medical records (EMRs) have emerged as a prominent

resource for observational research as they contain not only3.3.2 Health Forums

detailed patient information but also copious longitudinal clinical Data posted by users on health-related websites may also contain

data. Recently, investigators have begun to explore the use ofaluable drug safety information. Leaman et al. [63] described a

EMRs for PhV. EMR databases consist of data in two types of system to mine drug-and-ADR relationships as reported by
consumers in user comments to health-related websites like
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DailyStrength kittp://www.dailystrength.org/ System evaluation prediction. There are many issues to consider in the NLP-based
was conducted on a manually annotated set of 3600 user postsohort/case-control study construction. For instance, how to
corresponding to 6 drugs. The system was shown to achieve 0.7&xtract event concepts from narrative notes? It is common for
in precision and 0.70 in recall. multiple concepts to describe the same outcome/phenotype. Since

Chee et al. [64] explored the use of ensemble classifier over datefnhOSt curre_nt prac”tlc(ejsf_focdus on i'n%le outcomeH at a t'Te’
from online health forums to identify potential watchlist drugs Pnenotype is usually defined manually by experts. However, for

that have an active FDA safety alert. The authors aggregated@'9e-scale ADR studies, how to automatically define the
individuals' opinions and review of drugs and used NLP phenotypes? Also, how to accurately determine the time-relations

technique to group drugs that were discussed in similar ways between events in the narrative text? Each of these questions is an
Interestingly, withdrawn drugs were successfully identified based active area of research.

on messages even before they were removed from market. After overcoming the above hurtles in study design, one must
keep in mind of the confounding problem during analysis. For
4. FUTURE PERSPECTIVES instance, the basic concept behind the cohort design is to partition

In this paper, we have provided a general overview of the rich anda population into those who are “exposed” (taking a specific drug)
diverse applications of computational approaches with respect toand “unexposed” (taking a comparator drug or not taking a
different perspectives of PhV. More and more opportunities have specific drug). A drug is determined to be associated with a
emerged as a result of new data generated from various platformspecified outcome when the outcome occurs more often in
including EMRs, literature, and self-reported health forums. exposed group than in the unexposed group. Since the group
It is evident that a new trend of computational approaches forassigqment is not random, increased attention must be gi.ven when
PhV is to link preclinical data from the experimental platiorm Selecting the ‘unexposed’ group. A common technique to
with human safety information observed in the post-marketing Minimize the issues caused by confounding and bias is to match
phase [65]. From the systems biology perspective, drugs arePatient groups bqsgql on a set of basic covariates such as ge.nder,
considered as molecules that induce perturbations to biological29€; and comorbidities. On the other hand, case-control designs
systems, which involve various molecular interactions such asdivide the study population into those who experienced the
protein-protein interactions, signaling pathways, and pathways ofoutcome (‘case”) and those who did not experience the outcome
drug action and metabolism. When a drug is absorbed into the(‘control”). If the drug exposure occurs more frequently in the
body and interacts with its intended targets, favorable effects arec@ses than in the controls, the drug is said to be associated with
expected. However, a drug often binds to other protein pocketsth® outcome. The same issues with confounding apply to the case-
with varying affinities (off-target interactions), leading to contrql studies. Matching two groups before analysis is usually a
observed side-effects. Thus, the body’s response to a drug is &00d idea.

complex phenomenological observation that includes both thelastly, it is important to note that most of the existing
favorable and unfavorable reactions. Hence, it is desirable tomethodologies for PhV involve assessment of association between
incorporate various data sources into one framework to a drug and ADR. However, association does not necessarily imply
understand ADRs. causation. Intuitively, causation not only requires correlation but

Moreover, it is essential to identify multi-item ADR associations @S0 @ counterfactual dependence. Inferring cause-and-effect
as they may suggest drug interactions. Drug interactions arerelationships is an |ntr|n_S|caIIy hard problem in da_ta mining and
extremely important. For example, if a patient is taking two drugs N€ed to be further investigated for the PhV application.

and one of them increases the effect of the other, then the patien

may have an overdose. Similarly, if the action of a drug is g A_CKNOWLE_DGM ENTS . i
inhibited, it may reduce therapeutic effect. Drug interactions may DI Michael Matheny is supported by a Veterans Administration
also increase the risk of ADRs. Statistical analysis works well HSR&D Career Development Award (C_DA'O8'020)' Dr. Yong
with the identification of single drug-and-ADR signals, but not Hu s partly supported by the_ National Natural Science
suitable for drug interaction identification. Alternatively, data Fo_undatlon of China (NSFC, _prolect_ no.. 70801020) and _the
mining algorithms such as priori algorithm and clustering Sm_ence an_d Technology Planning Project of Guangd_ong Province,
algorithms are applicable and useful. It provides an excellent €Nina (project no.: 2010B010600034). Dr. Hua Xu is supported
opportunity for computer scientists to develop new algorithms for PY grants from NLM R01-LM007995 and NCI RO1CA141307.

drug interaction detection.

Furthermore, EMRs have become an obvious data choice for PhV,
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