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ABSTRACT

BACKGROUND: Given the multiple limitations associated with relatively 
homogeneous preapproval clinical trials, inadequate data disclosures, 
slow reaction times from regulatory bodies, and deep-rooted bias against 
disclosing and publishing negative results, there is an acute need for the 
development of analytics that reflect drug safety in heterogeneous,  
real-world populations. 

OBJECTIVE: To develop a drug safety statistic that estimates downstream 
medical costs associated with serious adverse events (AEs) and unfavorable 
patient outcomes associated with the use of 706 FDA-approved drugs. 

METHODS: All primary suspect case reports for each drug were collected 
from the FDA’s Adverse Event Reporting System database (FAERS) from 
2010-2014. The Medical Dictionary for Regulatory Activities (MedDRA) was 
used to code serious AEs and outcomes, which were tallied for each case 
report. Medical costs associated with AEs and poor patient outcomes were 
derived from Agency for Healthcare Research and Quality (AHRQ) survey 
data, and their corresponding ICD-9-CM codes were mapped to MedDRA 
terms. Nonserious AEs and outcomes were not included. For each case 
report, either the highest AE cost or, if no eligible AE was listed, the high-
est outcome cost was used. All costed cases were aggregated for each 
drug and divided by the number of patients exposed to obtain a down-
stream estimated direct medical cost burden per exposure. Each drug was 
assigned a corresponding 1-100 point total.

RESULTS: The 706 drugs showed an exponential distribution of down-
stream costs, and the data were transformed using the natural log to 
approximate a normal distribution. The minimum score was 8.29, and the 
maximum score was 99.25, with a mean of 44.32. Drugs with the high-
est individual scores tended to be kinase inhibitors, thalidomide analogs, 
and endothelin receptor antagonists. When scores were analyzed across 
Established Pharmacologic Class (EPC), the kinase inhibitor and endothelin 
receptor antagonist classes had the highest total. However, other EPCs with 
median scores of 75 and above included hepatitis C virus NS3/4A protease 
inhibitor, recombinant human interferon beta, vascular endothelial  
growth factor-directed antibody, and tumor necrosis factor blocker. When 
Anatomical Therapeutic Chemical classifications were analyzed, antineo-
plastic drugs were outliers with approximately 80% of their individual 
scores 60 and above, while approximately 20%-30% of blood and anti-
infective drugs had scores of 60 and above. Within-drug class results 
served to differentiate similar drugs. For example, 6 serotonin reuptake 
inhibitors had a score range of 35 to 53.

CONCLUSIONS: This scoring system is based on estimated direct medical 
costs associated with postmarketing AEs and poor patient outcomes and 
thereby helps fill a large information gap regarding drug safety in real-world  
patient populations.
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RESEARCH

In order to increase the likelihood that drug efficacy sig-
nals can be detected during clinical trials, pharmaceutical 
developers purposefully enroll subjects who are relatively 

homogenous. This procedural step, while vital for achieving 
robust statistical descriptions of a compound’s efficacy, neces-
sarily leaves open the possibility that the test agent will have 
unexpected actions once it is used in a heterogeneous popula-
tion of patients. 

Often, serious and life-threatening side effects that were not 
exposed during preapproval screening programs become evi-
dent only after drug approval. A member of the U.S. Food and 
Drug Administration’s (FDA) Office of Drug Safety summed 
up the issue by stating, “The complete adverse event profile 
of a drug is not known at the time of approval because of the 
small sample size, short duration, and limited generalizability 
of pre-approval clinical trials.” Also, “since most trials exclude 
the elderly, children, pregnant women, patients with multiple 
diseases, and those on medications suspected of interaction 
with the study drug, the studies’ participants may not be repre-
sentative of the real world where the drug is eventually used.”1

•	Preapproval clinical trials cannot predict many adverse drug 
reactions that are observed in real-world patient populations. 

•	Postmarketing adverse event reporting has increased dramati-
cally over the past decade, with approximately 1,500,000 reports 
now being submitted to the FDA’s Adverse Event Database 
(FAERS) annually. 

•	FAERS data are not widely used by health care decision makers.

What is already known about this subject

•	Postmarketing adverse event reports can be assigned direct 
medical costs in order to estimate a drug’s downstream finan-
cial impact. 

•	By quantifying reported adverse drug events in the postapproval 
phase of a drug into downstream direct medical costs, this sys-
tem can serve as a needed window into drug safety in real-world 
patient populations.

•	Adverse events and patient outcome data were obtained from 
FAERS, and direct medical costs were estimated for 706 FDA-
approved drugs.

What this study adds
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FAERS Case Reports
To import and filter data from FAERS, common data preprocess-
ing techniques were used to normalize and qualify textual data, 
such as removal of nonalphanumeric characters, white spaces, 
and line breaks. Filtering processes included the following: (a) 
a system for automated name matching that corrected for drug 
name misspellings and incorrect data within major fields (i.e., 
the inclusion of dosages or routes of administration as part of 
the drug name field); (b) aggregation of generic and non-U.S. 
brand name drugs under a single brand name; (c) separation 
of “primary suspect” and “all suspect” designations; and (d) 
identification of common AE and condition types. Automated 
data preprocessing and scrubbing workflow provided an initial 
assignment of “raw” FAERS drug names. The automated match-
ing process utilized a combination of fuzzy string matching, 
string distance, and phonetic matching algorithms. 

Inclusion Criteria for FAERS Case Reports
Case reports that were missing or contained malformed key 
identification fields (Individual Safety Report number [ISR], 
patient number, drug sequence identification, or AE terms from 
the Medical Dictionary for Regulatory Activities [MedDRA]29) 
were discarded. As long as the previously mentioned key iden-
tification fields were contained in a given case report, allowable 
missing fields included age, gender, weight, outcome, and con-
dition. Cases were discarded if the drug name was found to be 
indeterminate or if the name was determined to not represent 
an FDA-approved drug (e.g., dietary supplements or foods). 
In instances where there was more than 1 Individual Case 
Safety Report (ICSR) for the same identification number in 
the same calendar year, the earliest reported case was selected 
(Appendix A, available in online article). 

Drug Name Mapping and Established Pharmacologic Classes
Drug name text-mapping was accomplished as described 
by Hoffman et al. (2013).28 Drug names were normalized to 
RxNorm reference codes using string searching and manual 
curation.30 National Drug File Reference Terminology was used 
to provide ancillary information on class and mechanism of 
action.31

Established Pharmacological Class (EPC) is a designation 
found in the FDA’s National Drug Code file that indicates 
an established pharmacologic class, as required by the FDA’s 
structured product labeling process.32 All drugs were sorted 
into their corresponding EPCs. Score averages were calculated 
for each EPC. 

Adverse Event Coding
AE information was coded according to MedDRA version 
17.1.29 “Primary suspect” designations in FAERS case reports 
were quantified in an attempt to restrict the analysis to those 
drugs directly suspected of causing the AE. A discrepancy 

The gradual evolution of side-effect profiles across numerous 
drug classes only after they win FDA approval serves to under-
score the preceding points (examples include severe cardiac 
complications from the weight management drug Meridia,2 a 
fatal muscle-wasting syndrome from the cholesterol manage-
ment drug Baycol,3 and increased heart attack and stroke rates 
in patients taking Vioxx, prescribed for osteoarthritis and joint 
pain4). In short, careful postapproval monitoring is vital to the 
ongoing drug evaluation process.

Physicians and pharmacists routinely obtain safety informa-
tion from drug label “inserts” that are often based predomi-
nately on preapproval clinical trial results. It is this reliance 
on incomplete safety data derived from limited clinical trial 
systems that can contribute to a significant gap in knowledge 
for practicing health care providers.1,5,6

The FDA’s Adverse Event Reporting System (FAERS) is a 
centralized computerized information database that is used 
for postmarketing drug safety surveillance. FAERS is currently 
growing by approximately 1,500,000 new cases per year.7 FDA 
professionals and pharmacovigilance experts routinely look 
to FAERS data as a guide to, and signal generator of, drug 
safety issues. Both groups employ a wide array of sophisticated 
data mining and signal detection techniques (for reviews, see 
Tatonetti et al., 2012, and Harpaz et al., 20128,9). The FDA uses 
such analyses to issue warnings, mandate label changes, and 
remove drugs from the U.S. market after an incidence, or sever-
ity, of their side effects is determined to significantly differ from 
what preapproval clinical trial results previously suggested.10 

FAERS, and other similar spontaneous reporting systems 
maintained by governmental and international organizations, 
are a main resource for identifying postmarketing drug safety 
concerns.1,11-25

Detailed FAERS data, however, are neither readily accessible 
nor organized in a way that is useful to broad health care audi-
ences. We believe that the data contained in FAERS represent 
valuable insight into real-world drug safety risks. Accordingly, 
we built the drug scoring system described in this article to 
provide a readily accessible evaluation of a drug’s potential safety 
risks. The system is based on serious adverse events (AEs) and 
patient outcomes listed in postmarketing case reports. It assesses 
drug safety by estimating the magnitude of downstream direct 
medical costs based on AE and outcome costing data taken 
from the Agency for Healthcare Research and Quality’s (AHRQ) 
Healthcare Cost and Utilization Project (HCUP).26,27 

■■  Methods
Adverse Event and Outcome Data
AE and patient outcome data were obtained for 706 FDA-
approved drugs during the time period of January 2010 
through December 2014 from an analytic system of FAERS case 
reports.28 Nonserious and disease-related AEs were ignored, as 
well as nonserious outcomes.
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occasionally observed with FAERS case reports is that disease-
related symptoms are sometimes listed in the “adverse event” 
field. In instances where such mistakes were easily identifiable, 
we excluded those “AEs” from analysis. For example, approxi-
mately 1% of the case reports for pramipexole dihydrochloride 
and approximately 1% of the case reports for donepezil hydro-
chloride listed Parkinson’s disease and dementia, respectively, 
as an AE. Such case reports are not included in our analyses.

Costs and ICD-9-CM Mapping
HCUP is a compilation of patient data collected by the AHRQ, 
that is coded to the International Classification of Diseases, Ninth 
Revision, Clinical Modification (ICD-9-CM).26,27 We used HCUP 
to obtain national hospitalization and aggregate costs for spe-
cific diagnoses and procedures. 

Given that the FAERS database is MedDRA coded, we 
used BioPortal, a repository of biomedical ontologies, and an 
ICD-9-CM mapping resource to assign ICD-9-CM codes to 
MedDRA Preferred Term (PT) AEs.33,34 For case reports in 
which no eligible direct medical cost was assigned, we used 
AHRQ “outcome” figures.35 We were able to assign costs to 
1,508 serious MedDRA PT AEs. Of those PT AEs, 1,213 (80%) 
were mapped using BioPortal to ICD-9-CM codes with avail-
able cost data; 295 PT AEs (20%) that could not be assigned 
by the use of BioPortal were manually mapped using the 
ICD-9-CM coding manual with the following hierarchy34: (a) 
verbatim match (e.g., MedDRA PT “asphyxia” was mapped to 
ICD-9-CM code 799.01, asphyxia); (b) PTs matched to broader 
ICD-9-CM categories (e.g., MedDRA PT “nephrogenic systemic 

fibrosis” was mapped to ICD-9-CM code 710.8, other specified 
diffuse diseases of connective tissue); and (c) for terms that 
were mapped to multiple ICD-9-CM categories, we obtained 
a weighted average of the relevant direct medical cost data 
(e.g., MedDRA PT “cardio-respiratory arrest” was mapped to 
ICD-9-CM codes 427.5, cardiac arrest, and 799.1, respiratory 
arrest). Appendix B (available in online article) shows examples 
of costs and ICD-9-CM mapping.

We limited our focus to only those terms included in the 
EudraVigilance Important Medical Event Terms list.36 

Primary Suspect Case Reports and Incidence Data
For each drug we selected, all reported primary suspect AEs 
from January 2010 through December 2014 were obtained. 
In cases with more than 1 eligible AE, only the AE with the 
largest individual cost was selected for each case. For example, 
it was sometimes observed that similar AEs were listed in a 
single case report (e.g., cerebral hemorrhage at $21,273 and 
ischaemic stroke at $14,858, or pulmonary embolism at $14, 
878 and pulmonary infarction at $10,804), so we decided a 
“most costly” AE selection would better align with actual medi-
cal expenditures. In cases with no eligible AE, but with a listed 
outcome, we selected only the largest outcome direct medical 
cost per case. We divided the total direct medical costs derived 
from a drug’s case reports by the number of patients exposed 
over the same time period to obtain a direct medical cost per 
drug. Patient usage data for 2010, 2011, and 2012 were based 
on information derived from the Medical Expenditure Panel 
Survey (MEPS).37 Given that MEPS is only available through 
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FIGURE 1 Distribution of Scores for the 706 Drugs Included in Analysis 
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Compound Score EPC Number of Case Reports

Pomalidomide 99.25 Thalidomide analog 2,755
Lenalidomide 96.72 Thalidomide analog 23,591
Ruxolitinib 95.58 Kinase inhibitor 2,230
Bosentan 94.97 Endothelin receptor antagonist 17,346
Ambrisentan 93.97 Endothelin receptor antagonist 14,542
Pazopanib 93.66 Kinase inhibitor 2,790
Everolimus 91.94 Kinase inhibitor 4,881
Ibrutinib 91.88 Kinase inhibitor 911
Deferasirox 91.11 Iron chelator 6,945
Regorafenib 91.06 Kinase inhibitor 856
Dabrafenib 90.96 Kinase inhibitor 284
Carfilzomib 89.97 Proteasome inhibitor 559
Brentuximab vedotin 89.44 CD30-directed immunoconjugate 558
Ipilimumab 89.19 CTLA-4-directed blocking antibody 2,217
Macitentan 89.04 Endothelin receptor antagonist 343
Enzalutamide 88.82 Androgen receptor inhibitor 2,363
Peginterferon alfa-2a 88.49 Interferon alpha 3,656
Trametinib dimethyl sulfoxide 88.12 Kinase inhibitor 170
Sunitinib malate 88.04 Kinase inhibitor 6,202
Azacitidine 87.67 Nucleoside metabolic inhibitor 2,391
Obinutuzumab 87.55 CD20-directed cytolytic antibody 304
Sorafenib tosylate 86.51 Kinase inhibitor 4,043
Ivacaftor 86.00 Cystic fibrosis transmembrane conductance regulator potentiator 263
Cetuximab 85.92 Epidermal growth factor receptor antagonist 2,877
Teriflunomide 85.77 Pyrimidine synthesis inhibitor 1,090
Natalizumab 85.63 Integrin receptor antagonist 21,204
Gemcitabine 85.34 Nucleoside metabolic inhibitor 2,376
Zoledronic acid (Reclast) 84.51 Bisphosphonate 2,894
Bevacizumab 83.85 Vascular endothelial growth factor-directed antibody 14,385
Interferon beta-1a (Rebif) 83.82 Recombinant human interferon beta 12,474
Telaprevir 83.57 Hepatitis C virus NS3/4A protease inhibitor 7,281
Bendamustine 83.06 Alkylating drug 1,980
Ado-trastuzumab emtansine 82.99 HER2-targeted antibody-drug conjugate 363
Tocilizumab 82.69 IL-6 receptor antagonist 5,284
Lomitapide 82.63 Microsomal triglyceride transfer protein inhibitor 39
Erlotinib 82.49 Kinase inhibitor 15,815
Bortezomib 82.10 Proteasome inhibitor 3,984
Sipuleucel-t 81.81 Autologous cellular immunotherapy 778
Teriparatide 81.10 Parathyroid hormone analog 17,124
Rosiglitazone 80.04 Peroxisome proliferator receptor gamma agonist; thiazolidinedione 15,621
Tofacitinib 79.88 Kinase inhibitor 744
Dasatinib 79.78 Kinase inhibitor 1,574
Sodium oxybate 79.36 Central nervous system depressant 2,697
Ramucirumab 79.32 Vascular endothelial growth factor-directed antibody 51
Clozapine (Clozaril) 79.06 Atypical antipsychotic 8,449
Imatinib 78.71 Kinase inhibitor 11,902
Oxaliplatin 78.64 Platinum-based drug 1,594
Fingolimod 78.34 Sphingosine 1-phosphate receptor modulator 4,961
Nilotinib 78.06 Kinase inhibitor 3,353
Dimethyl fumarate 77.87 Immunomodulator for RRMSa 4,361
aDrug was manually assigned to an existing NDC “Pharm Class” because the NDC database had no designation.
EPC = Established Pharmacologic Class; FDA = U.S. Food and Drug Administration; NDC = National Drug Code; RRMS = relapsing-remitting multiple sclerosis.

TABLE 1 The 50 Highest Scores, Corresponding EPC, and Number of Case Reports Analyzed
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2012, we used sales-based figures provided by Evaluate Pharma 
for 2013 and 2014. These figures are estimates of the number 
of patients in the U.S. market receiving a drug in a given year. 
They are calculated based on disclosed U.S. sales divided by 
the revenues per patient per year (cost per patient, adjusted for 
patient compliance rate [%], and off-invoice discounts).

Conversion to 1-100 Scale
We observed that the minimum direct medical cost per patient 
exposure was approximately $0.02, and the maximum was 
approximately $10,000. These values appeared to be distrib-
uted exponentially. Accordingly, the raw cost data were trans-
formed using the natural log to approximate a normal distribu-
tion. The minimum log-adjusted direct medical cost per patient 
was -4 and the maximum was 9.2. To scale those values to form 
a 1-100 scale, we used the following formula: (ln(x)+4)*7.5.

■■  Results
Score Distributions and Top 50 Highest Scoring Drugs
The total number of drugs included in this analysis was 706. 
The minimum score was 8.29 (cost of $0.02) and the maximum 
score was 99.25 ($10,220). The median, mean, and standard 
deviation were 40.58 ($4.10), 44.45 ($6.87), and 18.29 ($0.21), 
respectively. There were 79 drugs with scores of 70 and above 
($207.13), while 131 drugs had scores of 60 and above ($54.60). 
Figure 1 shows the distribution of scores across all 706 drugs, 

and Table 1 shows the top 50 highest scores, corresponding 
EPC, and the number of case reports analyzed. While the top 
50 drugs comprised various drug classes, the following classes 
had more than 1 drug listed in the top 50: kinase inhibi-
tor (14 individual drugs), endothelin receptor antagonist (3), 
nucleoside metabolic inhibitor (2), proteasome inhibitor (2), 
thalidomide analog (2), and vascular endothelial growth factor-
directed antibody (2).

Factors contributing to high scores were elevated associa-
tions with significant AEs. For example, the 2 highest scoring 
drugs were thalidomide analogs, with pomalidomide hav-
ing 241 case reports of pneumonia ($2,099,833 total; $8,713 
each); 90 reports of pancytopenia ($1,032,840 total; $11,476 
each); and 82 reports of neutropenia ($990,806 total; $12,083 
each). Lenalidomide had 1,673 case reports of pneumonia 
($14,576,849 total; $8,713 each); 889 reports of pancytopenia 
($10,202,164 total; $11,476 each); and 811 reports of neutrope-
nia ($9,799,313 total; $12,083 each). For the 2 highest scoring 
endothelin receptor antagonists, bosentan had 477 case reports 
of pneumonia ($4,156,101 total; $8,713 each); 245 reports of 
congestive cardiac failure ($2,492,385 total; $10,173 each); and 
231 reports of respiratory failure ($4,296,369 total; $18,599 
each), while ambrisentan had 1,220 case reports of pneumonia 
($10,629,860 total; $8,713 each); 464 reports of congestive car-
diac failure ($4,720,272 total; $10,173 each); and 256 reports of 
respiratory failure ($4,761,344 total; $18,599 each). 

Established Pharmacologic Classes
EPC is a designation found in the FDA’s National Drug Code 
file that indicates an established pharmacologic class, as 
required by FDA’s structured product labeling requirements.32 
All drugs were sorted into their corresponding EPC classes. 
Endothelin receptor antagonists and kinase inhibitors were the 
2 EPCs with the highest weighted averages (Table 1). Other 
EPCs with median scores of 70 and above included hepati-
tis C virus NS3/4A protease inhibitor, recombinant human 
interferon beta, vascular endothelial growth factor-directed 
antibody, tumor necrosis factor blocker, alkylating drug, and 
microtubule inhibitor. Table 2 shows 15 of the highest scoring 
EPCs where each class had 3,000 or more cases reports and 3 
or more individual drug members.

In an attempt to highlight EPCs that might pose a high level 
of risk to a large number of patients, Appendix C (available 
in online article) shows the distribution of weighted aver-
age scores for each EPC that comprised 3 or more individual 
compounds and had 3,000 or more case reports over the time 
period studied. The tumor necrosis factor blocker EPC was 
an outlier because of a high number of case reports combined 
with a high score average. Other EPCs with the combination of 
a weighted average above 60 and over 20,000 costed cases were 
vascular endothelial growth factor-directed antibody, recombi-
nant human interferon beta, kinase inhibitor, and endothelin 

EPC Score

Number 
of Costed 

Cases

Number 
of Drugs 
in this 
Class

Endothelin receptor antagonist 94.39 32,231 3
Kinase inhibitor 82.66 55,011 13
Hepatitis C virus NS3/4A protease inhibitor 79.52 8,140 3
Recombinant human interferon beta 79.29 26,095 3
Vascular endothelial growth factor-directed 
antibody

77.22 23,074 4

Tumor necrosis factor blocker 74.74 102,779 5
Alkylating drug 72.63 3,977 3
Microtubule inhibitor 71.50 3,170 3
Nucleoside metabolic inhibitor 66.81 8,442 6
Factor Xa inhibitor 62.49 12,926 3
Thiazolidinedione 59.16 19,079 5
Peroxisome proliferator receptor gamma agonist 59.16 19,079 5
Calcineurin inhibitor immunosuppressant 56.36 6,383 7
GLP-1 receptor agonist 55.57 7,002 3
HIV nucleoside analog reverse transcriptase 
inhibitor

54.16 4,039 13

EPC = Established Pharmacologic Class.

TABLE 2 The 15 Highest Scoring EPCs 
Where Each Class Had 3 or 
More Drug Members and 
3,000 or More Case Reports
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Specific Drug Classes
Table 3 shows examples of score ranges within the following 
specific drug classes: protein kinase inhibitors, serotonin-
reuptake inhibitors, proton pump inhibitors, and macrolide 
antimicrobials. Each drug class included in Table 3 had 150 or 
more costed cases. 

■■  Discussion
Preapproval clinical trial participants are subjected to rigor-
ous inclusion and exclusion criteria in order to increase the 
likelihood that drug efficacy signals can be detected during 
clinical testing. Such selection processes are vital for determin-
ing a compound’s efficacy and are also usually necessary for 
financial and logistical reasons. The downside of such meth-
ods, especially with regard to determining the safety profile 
of a drug, is that enrolled subjects are relatively homogenous. 
The preapproval clinical trial process, therefore, often fails to 
uncover many of the side effects that occur once the drug is 
introduced to real-world, heterogeneous patient populations. 
Accordingly, AEs from drugs approved by the FDA are a 
major public safety concern. In fact, approximately 1,500,000 
AE reports are currently submitted to FAERS, the FDA’s  

receptor antagonist, suggesting that they represent elevated 
risks across large populations of patients. EPCs with lower 
risk and lower case counts were penicillin-class antibacte-
rial, angiotensin-converting enzyme inhibitor, beta-adrenergic 
blocker, and thiazide diuretic. 

In Figure 2, individual drug scores were mapped to their 
corresponding Anatomical Therapeutic Chemical (ATC) codes, 
another widely used drug classification system based on the 
site of drug action as well as pharmacologic, chemical, and 
therapeutic properties.38 Only ATC groups with 10 or more 
individual drug members are included in this figure. 

To determine which ATC groups were associated with a 
high percentage of elevated scores, we plotted the percentage 
of scores that were 60 and above for each group with 10 or 
more individual drugs. Appendix D (available in online article) 
shows that antineoplastic drugs were outliers with approxi-
mately 80% of their individual scores at 60 and above. Blood 
and anti-infective drugs had the second and third highest 
percentage (~20%-30%) of scores that were 60 and above. In 
contrast, respiratory, genitourinary, and cardiovascular groups 
had the lowest percentage of scores that were 60 and above, 
respectively. 
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respondents in a recent Ernst & Young survey agreed with the 
statement that “pharmaceutical companies have data that are 
credible for measuring and improving outcomes.”47 Additionally, 
while “curbing rising drug costs” was one of the biggest concerns 
noted in the same survey, “curbing rising medical (non-drug) 
costs” was the second biggest payer concern. Finally, boosting 
drug adherence was noted as a critical component of lowering 
health care costs. The lack of real-world AE data hampers P&T 
decisions aimed at addressing these issues.

Accordingly, there is an obvious gap in drug safety infor-
mation flow regarding real-world medication use. One way to 
address the deficiencies associated with the clinical trial system 
and currently available drug safety information would be to 
enhance the use of postapproval AE data. 

Numerous studies have documented the utility of FAERS for 
generating safety signals.13,14,17-21,23,24,48-50 Accordingly, the benefit 
of using FAERS data to fill information gaps left by preapproval 
safety testing appears clear. However, meaningful analysis of 
FAERS largely depends on expensive, complex, and proprietary 
data mining and signaling tools. These limitations block routine 
FAERS data usage by most health care decision makers.

Therefore, in order to make FAERS data accessible and use-
ful for health care decision makers, we developed an analytic to 
estimate direct medical costs associated with AEs and patient 
outcomes linked to 706 FDA-approved drugs. Data were derived 
from postmarketing reports submitted to the FDA rather than 
from preapproval clinical trials. The system combines AHRQ 
costs and FAERS data to estimate downstream direct medi-
cal costs. The 2 highest individual scores were attributed to 
thalidomide analogues, while 14 of the top 50 highest scores 
were attributable to kinase inhibitors. In general, EPC drug 
classes with the highest average scores were kinase inhibitor, 
endothelin receptor antagonist, hepatitis C virus NS3/4A pro-
tease inhibitor, recombinant human interferon beta, vascular 
endothelial growth factor-directed antibody, and tumor necrosis 
factor blocker. ATC drug class results of note included the find-
ings that antineoplastic drugs were outliers with approximately 
80% of their individual scores at 60 and above, as well as blood 
and anti-infective drugs with approximately 20%-30% of their 
scores at 60 and above. While some drug classes had a narrow 
range of scores, certain within-drug class analyses demon-
strated broad score ranges for similar medications.

We believe this system provides an accessible reference 
point regarding real-world differences in safety observed dur-
ing a drug’s postmarketing phase. Because the scoring system 
is based on direct medical costs, it may be used to improve 
patient safety by identifying medications that cause undue bur-
dens on patients and health care providers. These scores can 
be used for identification of drugs that are driving increased 
costs, as well as assessments and comparisons within a given 
mechanism of action, across nonrelated drugs, within a drug 
class, or within a treatment indication.

repository of postmarketing AEs each year, and this figure is 
widely believed to be an underestimation of the actual amount 
of AEs triggered by approved drugs.7 

When performing comparative effectiveness research, health 
care decision makers routinely obtain safety information from 
drug label inserts, which are dossiers prepared by pharmaceu-
tical companies, and preapproval clinical trial results. Such 
data are limited in scope by publication bias, commercial inter-
ests, disclosure delays, and the homogeneity of test subjects. 

Drug label inserts are largely based on clinical trial data, 
but such data are associated with serious publication bias.39-45 
For example, in a large study of over 100 clinical trials, 65% of 
harms outcomes were incompletely reported.46 

Pharmacy and therapeutics (P&T) committees are subjected 
to pharmaceutical company bias, since they rely heavily on 
dossiers prepared by drug manufactures. Tellingly, only 43% of 

Compound Score
Number of 

Costed Cases

Protein kinase inhibitors 
Ruxolitinib 95.58 2,230
Pazopanib 93.66 2,790
Everolimus 91.94 4,881
Ibrutinib 91.88 911
Regorafenib 91.06 856
Dabrafenib 90.96 284
Sunitinib 88.04 6,202
Sorafenib 86.51 4,043
Erlotinib 82.49 15,815
Tofacitinib 79.88 744
Dasatinib 79.78 1,574
Imatinib 78.71 11,902
Nilotinib 78.06 3,353

Serotonin-reuptake inhibitors
Paroxetine (Paxil CR) 53.16 215
Paroxetine (Paxil) 46.21 2,803
Fluoxetine 40.18 2,454
Sertraline 39.85 3,273
Escitalopram 36.62 1,745
Citalopram 35.91 2,573

Proton pump inhibitors
Esomeprazole 46.56 9,344
Esomeprazole, naproxen 40.28 150
Rabeprazole 36.52 402
Lansoprazole 33.42 647
Pantoprazole 32.08 885
Omeprazole 26.80 1,780

Macrolide antimicrobials
Clarithromycin 43.36 1,200
Erythromycin 31.72 272
Azithromycin 16.32 839

TABLE 3 Example Score Ranges Within Specific 
Drug Classes for Compounds with  
150 or More Cases
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Within managed care, the assessment of formulary or pre-
ferred status from an individual organizations safety data could 
be improved by including estimated direct medical costs from 
AEs and patient outcomes from millions of case reports con-
tained in FAERS. The scores could be used to help health care 
decision makers drive safer prescribing behavior by optimizing 
the construction of drug formularies, budget impact models, 
and by adding an AE component to population health initia-
tives. Within-drug class score differences provide head-to-head 
comparisons that can be utilized for tier placements as well as 
prior authorization and step-therapy decisions. 

Limitations
A number of constraints must be considered when using and 
interpreting this system, including limitations regarding report-
ing rates and potential biases contained in FAERS. Analysis of 
drug side effects using FAERS has well-recognized limitations. 
First, since the FDA does not require a causal relationship to 
exist for an event to be reported, there is no certainty that the 
reported event was actually due to the reported drug. Second, 
many of the events that occur are never reported; therefore, the 
FDA does not recommend using FAERS to estimate incidence 
rates.1 Third, FAERS reporting rates are likely to be low in gen-
eral and may not be similar across the included drugs or within 
a given drug class. A detailed analysis of these points was not 
possible with the data we had access to. Low reporting rates 
could result in artificially low direct medical cost calculations.

The “primary suspect” designation in FAERS is subjective, 
and the influence of other drugs or factors cannot be ruled out 
from a given case report. While we excluded obvious cases 
where a disease-related symptom was mistakenly denoted as 
an AE, we assume that we did not catch all such mistakes. 
Tatonetti et al., Edwards et al. (2005), and Auerbach and 
Kane (2012) provide more detailed reviews of FAERS limita-
tions.8,51,52

Our cost estimates come from mapping AHRQ HCUP cost 
survey data to MedDRA terms found in FAERS. While we 
believe this is appropriate, we could not determine if varia-
tions between FAERS patient populations and those used for 
HCUP surveys could influence the results presented here. 
Additionally, we chose to include only the most expensive AE 
or outcome in a given case report. Two or more highly related 
AE terms are sometimes listed in the same case report, and 
we believed that including both would artificially inflate the 
direct medical costs. While this methodological exclusion may 
be appropriate, it may also have resulted in improper decreases 
in direct medical cost estimates for certain drugs. Finally, 
limitations in the accuracy of MEPS data and patient exposure 
estimates used here may cause artificial increases, or decreases, 
in calculated direct medical costs.

As with all aspects related to human health, no 1 element 
should be considered on its own but instead should be viewed 

as a component in the overall safety picture. FAERS limitations 
and other qualifications that we noted should always be consid-
ered when discussing the results presented here. We vigorously 
recommend that patients must have consultations with their 
prescribing physicians before taking any action that relates to 
FAERS or the analytic system presented in this article.

■■  Conclusions 
Multiple limitations associated with preapproval clinical tri-
als, inadequate data disclosures, slow reaction times from 
regulatory bodies, and deep-rooted bias against disclosing and 
publishing negative results drive an acute need for the devel-
opment of safety analytics that reflect adverse drug effects in 
heterogeneous, real-world populations. The drug safety ana-
lytic detailed here estimates downstream direct medical costs 
associated with side effects and patient outcomes based on 
postmarket reports submitted to the FDA. By quantifying the 
postapproval phase of a drug into downstream direct medical 
costs, the system can serve as a needed window into the real-
world patient population. Future work will hopefully include 
the integration of additional postmarketing AE databases, such 
as that of the World Health Organization, as well as electronic 
health records.8,48 
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APPENDIX A Flowchart of Organization and Inclusion Criteria for FAERS Reports

Extract FAERS ASCII Data Files

Parse Out Data Elements

Drugs Patient Demographics Adverse Reactions Patient Outcomes Case Report Source

Data Validation Steps

Verify Key Identification Fields

Missing or Malformed Key Fields? DiscardYes

Aggregation of Drug Names Under Single Brand Name

Automated Preprocessing and Scubbing

Manual Drug Name Matching

Upload Processed Reports into Existing Database Tables

Removal of Duplicate Case Reports

No

FAERS = FDA Adverse Event Reporting System database.

MedDRA Preferred Term ICD-9-CM
Number of 
Discharges

Aggregate Direct 
Medical Costs ($)

Mean Costs  
($)

Arterial rupture Rupture of artery (447.2) 385 14,391,896 37,382
Intestinal perforation Perforation of intestine (569.83) 8,600 265,711,974 30,897
Progressive multifocal leukoencephalopathy Progressive multifocal leukoencephalopathy (046.3) 260 5,881,891 22,623
Neutropenia Neutropenia, unspecified (288.00) 42,500 513,536,684 12,083
Stevens-Johnson syndrome Stevens-Johnson syndrome (695.13) 2,235 25,062,983 11,214
Atrial fibrillation Atrial fibrillation (427.31) 438,025 3,706,927,755 8,463
Rhabdomyolysis Rhabdomyolysis (728.88) 38,310 288,778,860 7,538
Renal failure Renal failure, unspecified (586) 990 7,120,651 7,193
Urinary tract infection Urinary tract infection, site not specified (599.0) 416,935 2,758,725,997 6,617
Loss of consciousness Syncope and collapse (780.2) 198,260 1,212,736,491 6,117

HCUP = Healthcare Cost and Utilization Project; ICD-9-CM = International Classification of Diseases, Ninth Revision, Clinical Modification; MedDRA = Medical 
Dictionary for Regulatory Activities.

APPENDIX B Examples of HCUP Survey Costs Mapped to ICD-9-CM and MedDRA Terms
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APPENDIX C Distribution of Weighted Average Scores for EPCs Comprising 3 or More 
Individual Compounds and 3,000 or More Case Reports
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# EPC Legend

24 Antiarrhythmic
25 Cholinesterase inhibitor
26 Mood stabilizer
27 Dipeptidyl peptidase 4 inhibitor
28 Phosphodiesterase 5 inhibitor
29 Progestin
30 Bisphosphonate
31 Atypical antipsychotic
32 HIV nucleoside analog reverse  

transcriptase inhibitor
33 GLP-1 receptor agonist
34 Calcineurin inhibitor immunosuppressant
35 Thiazolidinedione
36 Peroxisome proliferator receptor gamma agonist
37 Factor Xa inhibitor
38 Nucleoside metabolic inhibitor
39 Microtubule inhibitor
40 Alkylating drug
41 Tumor necrosis factor blocker
42 Vascular endothelial growth factor-directed antibody
43 Recombinant human interferon beta
44 Hepatitis C virus NS3/4A protease inhibitor
45 Kinase inhibitor
46 Endothelin receptor antagonist

# EPC Legend

1 Penicillin-class antibacterial
2 Angiotensin-converting enzyme inhibitor
3 beta-adrenergic blocker
4 Thiazide diuretic
5 Corticosteroid
6 Dihydropyridine calcium channel blocker
7 beta2-adrenergic agonist
8 HMG-CoA reductase inhibitor
9 Biguanide
10 Benzodiazepine
11 Opioid agonist
12 Nonsteroidal anti-inflammatory drug
13 Proton pump inhibitor
14 Peroxisome proliferator receptor alpha agonist
15 gamma-aminobutyric acid-ergic agonist
16 Quinolone antimicrobial
17 Serotonin-reuptake inhibitor
18 Anticholinergic
19 Angiotensin 2 receptor blocker
20 Serotonin and norepinephrine reuptake inhibitor
21 Insulin analog
22 Anti-epileptic agent
23 Estrogen

aEPCs with a combination of high average scores and high case counts are noted as striped green bars.
EPC = Established Pharmacologic Class.
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APPENDIX D Percentage of Scores of 60 or More for Each ATC Group with 10 or More Individual Drugs

ATC = Anatomical Therapeutic Chemical.
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