
Vol.:(0123456789)

Drug Safety (2025) 48:923–931 
https://doi.org/10.1007/s40264-025-01545-6

ORIGINAL RESEARCH ARTICLE

A Drug Similarity‑Based Bayesian Method for Early Adverse Drug 
Event Detection

Yi Shi1 · Yuedi Yang1 · Ruoqi Liu2 · Anna Sun1 · Xueqiao Peng2 · Lang Li3 · Ping Zhang2,3   · Pengyue Zhang1 

Accepted: 17 March 2025 / Published online: 22 April 2025 
© The Author(s) 2025

Abstract
Introduction  Biochemical drug similarity-based methods demonstrate successes in predicting adverse drug events (ADEs) in 
preclinical settings and enhancing signals of ADEs in real-world data mining. Despite these successes, drug similarity-based 
ADE detection shall be expanded with false-positive control and evaluated under a time-to-detection setting.
Methods  We tested a drug similarity-based Bayesian method for early ADE detection with false-positive control. Under 
the tested method, prior distribution of ADE probability of a less frequent drug could be derived from frequent drugs with a 
high biochemical similarity, and posterior probability of null hypothesis could be used for signal detection and false-positive 
control. We evaluated the tested and reference methods by mining relatively newer drugs in real-world data (e.g., the US 
Food and Drug Administration (FDA)’s Adverse Event Reporting System (FAERS) data) and conducting a simulation study.
Results  In FAERS analysis, the times to achieve a same probability of detection for drug-labeled ADEs following initial drug 
reporting were 5 years and ≥ 7 years for the tested method and reference methods, respectively. Additionally, the tested method 
compared with reference methods had higher AUC values (0.57–0.79 vs. 0.32–0.71), especially within 3 years following initial 
drug reporting. In a simulation study, the tested method demonstrated proper false-positive control, and had higher prob-
abilities of detection (0.31–0.60 vs. 0.11–0.41) and AUC values (0.88–0.95 vs. 0.69–0.86) compared with reference methods. 
Additionally, we identified different types of drug similarities had a comparable performance in high-throughput ADE mining.
Conclusion  The drug similarity-based Bayesian ADE detection method might be able to accelerate ADE detection while 
controlling the false-positive rate.
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Key Points 

Drug similarity might be able to accelerate adverse drug 
event (ADE) detection.

Posterior probability of the null hypothesis might be able 
to control for false positives in high-throughput ADE 
mining.

1  Introduction

Many adverse drug events (ADEs) have been identified 
in post-marketing pharmacovigilance studies, but not in 
pre-marketing clinical trials [1]. The US Food and Drug 
Administration (FDA)’s Adverse Event Reporting System 
(FAERS) is an important pharmacovigilance database [2]. 
Commonly used methods to detect signals of ADE include 
proportional reporting ratio (PRR) [3], reporting odds ratio 
(ROR) [4], likelihood ratio test [5], multi-item gamma Pois-
son shrinker (MGPS) or empirical Bayesian geometric mean 
(EBGM) [6], Bayesian confidence propagation neural net-
work (BCPNN) or information component (IC) [7], logistic 
regression model-based methods [8, 9], and posterior prob-
ability of the null hypothesis under MGPS [10].

Biochemical drug properties are powerful in predicting 
potential ADEs in preclinical settings [11–14]. Recent stud-
ies use biochemical drug property-based drug-similarity net-
works to enhance signals of ADEs in real-world data mining 
[14–16], as drugs with similar biochemical properties may 
also have similar toxicities [17]. Doing so can particularly 
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enhance signals of drugs with a lower frequency such as 
relatively newer drugs. For instance, the similarity score 
between two drugs can be defined by the number of com-
mon chemical structures over the number of total unique 
chemical structures [16]. Subsequently, signals (e.g., PRR, 
ROR, EBGM, and IC) of a relatively newer drug in FAERS 
can be enhanced by signals of drugs with a higher frequency 
in FAERS according to the drug similarity network [16]. 
Besides chemical structures, drug similarity networks can 
also be derived from drug-targeted genes, proteins, and path-
ways [11]. Drug similarity-enhanced signals have improved 
performance on prioritizing true ADEs [15, 16]. However, 
drug similarity-based early ADE detection has not been 
expanded with false-positive control in mining all newer 
drugs and ADEs, nor has this been explicitly evaluated under 
a time-to-detection setting with respect to different types of 
drug similarities. In this work, we aimed to test a drug sim-
ilarity-based Bayesian method for mining signals of ADEs 
with false-positive control, and to evaluate the performance 
of different types of drug similarity scores in early ADE 
detection under a time-to-detection setting.

2 � Methods

2.1 � Drug Similarity Scores

We computed drug similarity scores based on: (1) chemi-
cal substructures (Chem) of drugs, (2) sequences (Seq) of 
drug-targeted proteins, (3) biological processes (BP) of 
drug-related genes, (4) molecular functions (MF) of drug-
related genes, and (5) cellular components (CC) of drug-
related genes.

For the Chem-based similarity score, we used 881 chemi-
cal substructures defined in Pubchem [18]. We assigned a 
binary vector to each drug according to the presence or 
absence of the corresponding substructures. For a pair of 
drugs with vectors �⃗A = ( a1 , a2,…, a881 ) and �⃗B = ( b1 , b2,…, 
b881 ) ( ai = 0/1 and bi = 0/1), we computed the Chem-based 
similarity score as 

∑
1(ai=1andbi=1)∑
1(ai=1orbi=1)

 (e.g., the Jaccard score) 
[16, 19].

For the Seq-based similarity score, we collected drug-
targeted proteins from DrugBank [20]. We used the R pack-
age Biostrings to compute similarities between drug-targeted 
proteins with substitutionMatrix = BLOSUM62, gapOpen-
ing = 10, and gapExtension = 1 [21–23]. Where P denotes 
a protein, � denotes similarity between two proteins, A and 
B denote sets including drug-targeted proteins for two drugs, 
and 1[∙] denotes the indicator function, for a pair of drugs 
with drug-targeted protein sets A and B , we computed the 
Seq-based similarity score as:

The similarity score in Eq. (1) was derived from the total 
number of overlapped proteins (i.e., the function 1

[
Pi = Pj

]
 ) 

and average similarity score between non-overlapped pro-
teins (i.e., the function 1

[(
Pi,Pj

)
∉ (A ∩ B)

]
 ), which ensured 

two drugs with complete overlapped proteins to have a simi-
larity score = 1.

For BP-, MF-, and CC-based similarity scores, we col-
lected drug-targeted genes and their ontologies from Gene 
Ontology (GO) [24]. For each type of ontology (e.g., BP, 
MF, or CC), we used R package GOSemSim to compute 
similarities between drug-targeted genes with measure = 
Wang [25, 26]. For a pair of drugs, we computed BP-, MF-, 
and CC-based similarity scores by using equation (1), in 
which �ij , A, and B in equation (1) refer to genes.

2.2 � US Food and Drug Administration (FDA)’s 
Adverse Event Reporting System (FAERS) Data 
Preparation

We followed Banda et al. and Wang et al. to process FAERS 
data (2004Q1–2022Q2) [27, 28]. We removed duplicates, 
and normalized drug names to drug ingredient names 
according to RxNorm and DrugBank [20, 29]. We used 
MedDRA® Preferred Terms (PT) as ADE names [30]. 
MedDRA® (the Medical Dictionary for Regulatory Activi-
ties terminology) is the international medical terminology 
developed under the auspices of the International Confer-
ence on Harmonization of Technical Requirements for 
Registration of Pharmaceuticals for Human Use (ICH). The 
MedDRA® trademark is owned by the International Fed-
eration of Pharmaceutical Manufacturers and Associations 
(IFPMA) on behalf of the ICH. We excluded reports with 
> 10 drug ingredient names due to a high uncertainty in 
causal relationships involving > 10 ingredients. We included 
12 million reports with ≤ 10 drug ingredient names. In our 
processed data, Chem-, Seq-, BP-, MF-, and CC-based simi-
larity scores included all two-drug pairs among 2,659 drugs 
(i.e., Chem), 1,659 drugs (i.e., Seq), 692 drugs (i.e., BP), 
692 drugs (i.e., MF), and 692 drugs (i.e., CC), respectively.

We included 445 relatively newer drugs with: (1) total 
reports ≤ 50 between 2004Q1 and 2008Q4, and ≥ 500 in 
2022Q2; and (2) similarity scores with other drugs. We 
derived matched datasets for newer drugs to control for a 
confounding effect. For a newer drug, reports with and with-
out the drug were matched on year/quarter (exact match), 
number of drugs in the report (exact match), and concomi-
tant drugs in the report (best match). For instance, a report 
including a newer drug and two concomitant drugs (e.g., 

(1)

∑
Pi∈A

∑
Pj∈B

�
1
�
Pi = Pj

�
+ �ij × 1

��
Pi,Pj

�
∉ (A ∩ B)

��

∑
Pi∈A

∑
Pj∈B

�
1
�
Pi = Pj

�
+ 1

��
Pi,Pj

�
∉ (A ∩ B)

��
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new drug + A + B) could be matched with other reports 
including three drugs (e.g., X + A + B, X + Y + B, X + 
Y + A, or X + Y + Z), in which “X + A + B” was defined 
as the best match. As we focused on early ADE detection, 
we followed newer drugs before their total reports exceeded 
5,000. We selected the matching ratio as 1:100 for reports 
with versus without a newer drug. We computed percentages 
of matched concomitant medications.

2.3 � Bayesian Drug Similarity‑Based Adverse Drug 
Event (ADE) Detection

We used a Bayesian approach, as the posterior probability 
of the null hypothesis provided false-positive control in 
high-throughput mining [31, 32], especially for investigating 
a large amount of drug-ADE pairs [10]. We used the follow-
ing notations. For a drug and an ADE, let N and X be the 
frequencies of the drug and the drug-ADE pair, respectively. 
Let � be the probability of ADE (e.g., � = Prob[ADE | 
drug]). Let �∗ be the reference value for testing � , where �∗ 
could be determined by subject matter expert or in a data 
driven manner (e.g., �∗ = Prob[ADE | no drug]). Let 
Bin(X,N;�) denote binomial distribution, Beta(�;�, �) denote 

beta distribution, IB(x;�, �) =
x

∫
0

Beta(�;�, �)d� denote 

incomplete beta distribution, and BB(X,N;�, �) denote beta-
binomial distribution. Let subscript i indicate the i th drug, 
subscript j indicate the j th ADE, and subscript (k) indicate 
the k th time point (e.g., quarters after initial drug reporting 
in FAERS data).

We assumed �ij(k) ≤ �∗
ij(k)

 under the null hypothesis (e.g., 
H0 ∶ Prob[ADE | drug] ≤  Prob[ADE | no drug] ) .  We 
assumed Xij(k) ~  Bin

(
Xij(k),Nij(k);�ij(k)

)
 and �ij(k) ~ 

Beta
(
�ij(k);�ij(k), �ij(k)

)
 (i.e., the prior distribution). For a new 

drug with similarity scores, let Xh(k) and Nh(k) be the corre-
sponding frequencies of the similar drugs. Parameters in the 
prior distribution could be estimated by optimizing the 
objective function based on beta-binomial distributions 
(Eq. 2), where box-constrained optimization could be used 
to control the influence of prior distribution or prevent 
potential overfitting in automatic high-throughput mining.

We defined the posterior probability of the null hypoth-
esis as:

(2)

�̂ij(k), �̂ij(k) = arg max
[���(k),���(k)]∈ℂ

∑
h
logBB

(
Xh(k),Nh(k);�ij(k), �ij(k)

)

(3)
Prob

(
𝜃ij(k) ≤ 𝜃∗

ij(k)
|Xij(k),Nij(k)

)
= qij(k)

= IB

(
𝜃∗
ij(k)

;𝛼̂ij(k) + Xij(k), 𝛽ij(k) + Nij(k) − Xij(k)

)

We defined the signal as qij(k) <0.05 and Xij(k) >0. The 
average of qij(k)s at times of detection estimated the false 
discovery rate (FDR) for mining all newer drugs and ADEs 
[10].

2.4 � Performance Evaluation

We constructed a benchmark including 170,386 drug-
labeled drug-ADE pairs according to SIDER and Demner-
Fushman et al. [33, 34], where PT terms were available as 
ADE names. In real-world data-based performance evalua-
tion, we used benchmark drug-ADE pairs as true positives, 
and non-benchmark drug-ADE pairs as true negatives. We 
summarize the performance evaluation analyses in the rest 
of this section, and present details (e.g., reference methods, 
an additional real-world dataset, and simulation procedures) 
in the Online Supplemental Material, S1.

First, we analyzed the processed FAERS data. The tested 
method was drug similarity-based posterior probability of 
the null hypothesis (equation 3) derived from top-25 similar 
drugs. The reference methods (Online Supplemental Mate-
rial, S1.1) included empirical Bayes geometrical mean under 
multi-item gamma Poisson shrinker (EBGM(MGPS)) [6], 
the information component under a Bayesian confidence 
propagation neural network (IC(BCPNN)) [7], positive 
false discovery rate under MGPS (pFDR(MGPS)) [35], 
and posterior probability of the null hypothesis under 
MGPS (PP(MGPS)) [10]. As only the tested method, 
pFDR(MGPS), and PP(MGPS) provided false-positive 
control [10, 35], we detected ADE signals with FDR < 0.05 
using these methods, and computed times to detection. We 
compared the tested method, pFDR(MGPS) and PP(MGPS) 
on time-to-detection. We also compared all methods on pri-
oritizing the benchmark ADEs (i.e., area under the curve 
(AUC)).

Second, we analyzed ~1.5 million potential ADE cases 
derived from Optum’s de-identified Clinformatics® Data 
Mart Database (Online Supplemental Material, S1.2) [36]. 
The data included four types of ADEs (e.g., acute myocar-
dial infarction, acute kidney injury, fall, and hypoglycemia) 
and 358 relative newer drugs in January 2008. The tested 
method was drug similarity-based posterior probability of 
the null hypothesis (equation 3) derived from the top-25 
similar drugs. The reference methods (Online Supplemental 
Material, S1.2) included the positive false discovery rate 
under the precision mixture risk model (pFDR(PMRM)) 
[35], and posterior probability of null hypothesis under 
PMRM (PP(PMRM)) [36]. We detected ADE signals with 
FDR < 0.05 under all approaches, and computed times to 
detection. We compared the tested method with the reference 
methods on time-to-detection and prioritizing the bench-
mark ADEs (i.e., area under the curve (AUC)).
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Third, we conducted simulation studies. The simulation 
procedures are described in Online Supplemental Material 
S1.3. In short, we used the estimated prior distributions of 
ADE probabilities and the marginal reporting frequencies in 
FAERS data analysis for simulation probabilities of ADEs 
(i.e., �ij(k) ~ Beta

(
�ij(k);�̂ij(k), �̂ij(k)

)
 and frequencies of drug-

ADE pairs Xij(k) ∼ Bin
(
Xij(k),Nij(k);�ij(k)

)
 ). We determined 

condition positives and negatives by comparing the simu-
lated ADE probabilities with the corresponding ADE report-
ing rates in FAERS data (i.e., the null hypothesis). As sim-
ilarity-based prior risk distributions could be mis-specified, 
we further assumed 20% of the prior risk distributions could 
be mis-specified. For the tested method, we used true param-
eters (i.e., correctly specified prior risk distributions) and 
randomly selected parameters (e.g., mis-specified prior risk 
distributions) to compute the drug similarity-based posterior 
probability of the null hypothesis depending on randomly 
simulated binary indicators with a probability of success = 
0.8. For reference methods, we computed pFDR(MGPS) and 
PP(MGPS). We detected signals with FDR < 0.05 with all 
methods (i.e., predicted positives). We conducted 10,000 
simulations. We computed the averages of FDR, false omis-
sion rate, probability of detection, specificity, and AUC.

3 � Results

3.1 � FAERS Data

The FAERS dataset included 445 relatively newer drugs. 
For these drugs, the medians and interquartile ranges (IQRs) 
were: (1) 2363 (1028–4614) for the total number of reports 
at the end of follow-up, and (2) 40% (6–62%) for reports 
including only one drug. For reports including new drugs 
and comedication(s), the median of matched concomitant 
medications in the matched dataset was 33% (IQR: 22–40%). 
The tested chemical substructure-based posterior probabil-
ity of the null hypothesis (PP_Chem) identified 3.7% of 
all investigated drug-ADE pairs as signals. For reference 
methods, the MGPS-based posterior probability of the 
null hypothesis (PP(MGPS)) and the positive false discov-
ery rate (pFDR(MGPS)) identified 1.5% and 0.6% of all 
investigated drug-ADE pairs as signals, respectively. The 
expected prior ADE probability based on chemical similar-
ity to the observed ADE probability in FAERS dataset ratio 
had medians = 1.5 (IQR: 0.9–2.4) and 0.8 (IQR: 0.2–2.7) 
for benchmark and non-benchmark drug-ADE pairs, respec-
tively (Mann-Whitney test p < 0.01). For other tested types 
of drug similarity scores, the percentages of signals among 
all investigated drug-ADE pairs were 3.8–4.0% for the 
posterior probability of the null hypothesis based on pro-
tein sequences (PP_Seq), biological processes (PP_Seq), 

molecular functions (PP_BP), and cellular components 
(PP_MF). Full results of ADE signals and their detection 
times for all methods are presented in Table S1 (Online Sup-
plemental Material).

3.2 � Time to ADE Detection

We evaluated the time-to-detection for ADEs defined by 
drug labels [33, 34]. Figure 1 shows the cumulative inci-
dence of detection following initial drug reporting in the 
FAERS data analysis. We identified the tested PP_Chem had 
a faster time-to-detection compared with reference methods 
[e.g., PP(MGPS) and pFDR(MGPS)] (Fig. 1). For instance, 
the tested PP_Chem and the reference PP(MGPS) used 5 
and 7 years to achieve the same probability of detection for 
drug-labeled ADEs (e.g., a 2-year reduction; Fig. 1). We 
used two drug-labeled ADEs (e.g., cabazitaxel-induced 
leukopenia and iloperidone-induced urinary incontinence) 
to illustrate the use of the drug similarity-based Bayesian 
posterior probability of the null hypothesis for monitoring 
signals of ADE sequentially in FAERS data [37, 38]. The 
tested PP_Chem identified cabazitaxel-induced leukopenia 
and iloperidone-induced urinary incontinence at 12 and 3 
quarters after initial drug reporting (Fig. 2), respectively. 
The reference methods (e.g., PP(MGPS) and LFDR(MGPS)) 
compared with the tested approach used ≥ 3 quarters to 
identify these ADEs (Fig. 2). In Clinformatics® data analy-
sis, the tested PP_Chem compared with reference methods 
also used a shorter time to achieve the same probability of 
detection for drug-labeled ADEs (Fig. S2A).

Fig. 1   Cumulative incidence from initial drug reporting to detection 
for adverse drug events defined by drug labels (PP_Chem chemical 
similarity-based posterior probability of null hypothesis, PP(MGPS) 
posterior probability of null hypothesis under multi-item gamma 
Poisson shrinker, pFDR(MGPS) positive false discovery rate under 
multi-item gamma Poisson shrinker)
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3.3 � Additional Performance Evaluation Analyses

In FAERS analysis, the tested PP_Chem had higher AUC 
values compared with reference methods (e.g., AUC: 
0.57–0.79 vs. 0.32–0.71; Fig. 3A), especially in the first 
3 years following initial reporting. All types of drug sim-
ilarity-based posterior probabilities had comparable AUC 
values over time (Fig. 3B). In Clinformatics® data analysis, 
the tested PP_Chem also had higher AUC values compared 
with reference methods (Fig. S2B (Online Supplemental 
Material)).

In the simulation study, the tested similarity-based PP 
(PP_sim), and the reference methods (e.g., PP(MGPS) and 
pFDR(MGPS)) were all able to control the FDR (Fig. 4A). 
Specifically, the empirical values of FDR for PP_sim were 
0.01% for an average model-based FDR = 0.05% (e.g., 
model-based FDR < 0.1%), 0.4% for an average model-
based FDR = 0.6% (e.g., model-based FDR in 0.1–1%), and 
2.4% for an average model-based FDR = 3% (e.g., model-
based FDR in 1–5%). Additionally, the tested method com-
pared to reference methods had better values on the prob-
ability of detection (0.31–0.60 vs. 0.11–0.41), false omission 
rate FOR; 0.08–0.11 vs. 0.12–0.15) and AUC [0.88–0.95 vs. 
0.69–0.86 (Fig. 4B–D)]. All methods had specificity ≥ 0.99.

4 � Discussion

In this work, we tested a drug similarity-based Bayesian 
method for early ADE detection. Under the tested method, 
prior distribution of ADE probability of a less frequently 
used drug could be derived from biochemically similar and 
more frequently used drugs, and the posterior probability of 
the null hypothesis (PP) could be used for detecting ADEs 
and controlling for false-positive rate. We analyzed relatively 
newer drugs in real-world data (e.g., FAERS data), as well 
as conducted performance evaluation analyses. The tested 
drug similarity-based PP might be able to accelerate ADE 
detection with false-positive control.

We identified signals of ADEs for newer drugs with a 
lower frequency in FAERS data. Similarity-based PP detects 
more ADE signals with false-positive control [10, 31, 32]. 
Additionally, similarity-based PP can accelerate ADE detec-
tion (Figs. 1 and 2). For instance, the similarity-based PP 
might be able to detect cabazitaxel-induced leukopenia and 
iloperidone-induced urinary incontinence (e.g., drug-labeled 
ADEs) within 3 years after initial drug reporting [37, 38], 
while the non-drug-similarity-based methods compared with 
a similarity-based method uses ≥ 3 quarters to identify these 
ADEs (Fig. 2).

Fig. 2   Case studies: A Cabazi-
taxel and leukopenia. B Iloperi-
done and urinary incontinence
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Our performance evaluation analysis shows that similar-
ity-based PP has better AUC values, especially in the first 
few years after initial drug reporting in FAERS (Figs. 3A), 
as well as proper false-positive control (Fig. 4A). Thus, sim-
ilarity-based PP has better performance in mining all newer 
drugs and all ADEs while controlling the false-positive rate. 
Similarity-based PP has a better performance for a lower 
drug reporting frequency, as it leverages drug similarity-
based prior distributions. Our findings agree with the exist-
ing literature that drug similarity-enhanced signals have an 
improved performance [15, 16]. However, drug similarity-
based PP compared with drug similarity-enhanced signal 
provides the much-desired false-positive control [10, 31, 
32]. Both drug similarity-based PP and non-drug similar-
ity-based PP (e.g., PP under multi-item gamma Poisson 
shrinker) provide theoretical false-positive control under the 
Bayesian framework, and can reduce potential false positives 
by penalizing signals with a lower frequency [10]. However, 
drug similarity-informed prior distribution might be able 
to accelerate ADE detection, as drug similarity contributes 
relevant information to ADE detection [15, 16]. In addition, 
compared with fiscal year-based evaluation in existing litera-
ture [15, 16], our time-to-event-based evaluation provides a 
more comprehensive and explicit longitudinal relationship 
between time after initial observation and performance of 
ADE detection (Figs. 1 and 2). Moreover, similarity-based 
PP has a better probability of detection (Fig. 4B), which 
provides reassurance that similarity-based PP identifies more 
signals than reference methods (Fig. 1). We also find that 

Fig. 3   Area under the ROC curve (AUC). A Evaluation of chemical 
similarity-based posterior probability (PP_Chem); multi-item gamma 
Poisson-based (MGPS-based) posterior probabilities (PP(MGPS)), 
positive false discovery rate (pFDR(MGPS)) and empirical Bayes 
geometric mean (EBGM(MGPS)); and Bayesian confidence propaga-
tion neural network-based (BCPNN-based) information component 
(IC(BCPNN)). B Evaluation of PP_Chem, protein sequences-based 
PP (PP_Seq), biological processes-based PP (PP_BP), molecular 
functions-based PP (PP_MF), and cellular components-based PP 
(PP_CC)

Fig. 4   Simulation results for 
similarity-based posterior prob-
ability (PP_Sim), and multi-
item gamma Poisson shrinker-
based (MGPS-based) posterior 
probabilities (PP(MGPS)) 
and positive false discovery 
rate (pFDR(MGPS)). A False 
discovery rate. B False omission 
rate. C Probability of detection. 
D Area under the curve
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different types of drug similarities have a comparable per-
formance (Fig. 3C), which implies drug-related chemical 
structures, proteins, and genes may have a similar power for 
predicting ADEs in a high-throughput setting.

The drug similarity-based Bayesian method for ADE detec-
tion has limitations and challenges. First, our FAERS analysis 
is subject to biases due to under-reporting, selective report-
ing, and unfair sampling. As administrative claims data and 
electronic health records (EHR) data are less subject to report-
ing bias, mining of these data sources promises generation of 
high-confidence signals. While the drug similarity-based ADE 
detection approach can be used to mine claims and EHR data, 
ADE phenotypes are not well defined in these data sources 
compared with FAERS data. We expect more claim- and EHR-
based ADE phenotyping algorithms to be developed. Second, 
our FAERS analysis is based on MedDRA® PT terms. Using 
PT compared with High Level Terms (HLTs) provides a higher 
resolution, but may compromise the clinical relevance and/or 
statistical power for ADE detection. Third, suboptimal prior 
distributions and comparisons and prior-data conflicts could 
occur in automatic high-throughput mining of large-scale 
real-world data. Reasons for these challenges include lack 
of similarity, imperfect selections of similar drugs and null 
hypotheses, and model underfitting and overfitting. Unlike 
automatic high-throughput data mining, the second and third 
limitations can be addressed in carefully designed clinical 
and real-world data-based studies with a reasonable number 
of hypotheses (e.g., testing drug-ADE pairs), in which all of 
the prior distributions, ADE outcomes, and comparisons can 
be delicately derived and rigorously adjudicated [39–42]. 
Additionally, we anticipate that new research will refine ADE 
outcomes, comparisons, and drug similarity-based prior dis-
tributions and their relationships between observed data in a 
high-throughput mining setting. Fourth, the ADE benchmark 
derived from SIDER and Demner-Fushman et al. might not be 
comprehensive [33, 34]. We use SIDER and Demner-Fushman 
et al. as these databases include a significant number of drug-
ADE pairs [33, 34], and have been previously used to evalu-
ate drug similarity-enhanced signals [15, 16]. Alternatively, 
other gold standards either only include a small number of 
drug-ADE pairs and/or are subject to mislabel [43, 44], espe-
cially for relative newer drugs. We hope more comprehensive 
benchmarking for pharmacovigilance studies to be generated 
in future. Fifth, our simulation settings could deviate from real 
clinical scenarios. Given these limitations, the signals gener-
ated in our study should be further validated and adjudicated, 
and should not be considered as true adverse drug reactions. 
Finally, we would like to point out that integrated mining of 
non-clinical drug features, food features, and clinical outcomes 
is an important direction for future research, as recent works 
demonstrate machine learning of non-clinical drug and food 
features can identify adverse drug-drug and drug-food interac-
tions [12, 13].

5 � Conclusion

A drug-similarity based Bayesian method might be able to 
accelerate ADE detection while controlling the false-positive 
rate.
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