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Abstract: Safety signal detection, an integral component of Pharmacovigilance (PhV), aims to identify new or
known adverse events (AEs) resulting from the use of pharmacotherapeutic products. Post-marketing spontaneous
reports from different sources are commonly utilized as a data source for detecting these signals but there are
underlying challenges arising from data complexity. This paper investigates the implementation of the Apriori
algorithm, a popular method in association rule mining, to identify frequently co-occurring drugs and AEs
within safety data. We discuss previous applications of the Apriori algorithm for safety signal detection and
conduct a detailed study of an improved method specifically tailored for this purpose. This enhanced approach
refines the classical Apriori method to effectively reveal potential associations between drugs/vaccines and AEs
from post-marketing safety monitoring datasets, especially when AEs are rare. Detailed comparative simulation
studies across varied settings, coupled with the application of the method to vaccine safety data from the Vaccine
Adverse Event Reporting System (VAERS), demonstrate the efficacy of the improved approach. In conclusion, the
improved Apriori algorithm is shown to be a useful screening tool for detecting rarely occurring potential safety
signals from the use of drugs/vaccines using post-marketing safety data.

Keywords: drug safety; association rule mining; Apriori; safety data; disproportionality measures; pharmacovigilance;

CO-occurrence analysis

1. Introduction

1.1. Safety Data Analysis

Drug safety, also known as Pharmacovigilance, is a field in the pharmaceutical science. Its primary
objective is to collect, detect, assess, monitor, and prevent adverse events (AE, i.e., side effect) that are
caused by medicines, vaccines, and other types of pharmaceutical productions [1]. The history of drug
safety study in US can date back to the Elixir Sulfanilamide Disaster in 1937, in which one hundred and
five patients died from the therapeutic use of sulfanilamide, and as a consequence, the U.S. Congress
passed the 1938 Federal Food, Drug and Cosmetic Act, which required proof of safety before the
release of a new drug [2]. The U.S. Kefauver-Harris Amendment, i.e., Drug Efficacy Amendment, was
also passed by Congress in 1962 as a response to the Thalidomide Tragedy, in which over ten thousand
children were born with defects due to their mothers using thalidomide to treat morning sickness
during pregnancy [3]. Drug safety is a critical component spanning across the entire life cycle of the
drug development from pre-clinical and early phase to post-market stage. It has obtained significant
attentions from both governments and pharmaceutical companies globally, due to the potential for
substantial losses arising from drug safety concerns. For example, the nonsteroidal anti-inflammatory
drug Rofecoxib (Vioxx) was withdrawn from the market in 2004, due to increased cardiovascular risks,
leading to significant financial losses for its manufacturer, Merck, largely from legal expenses [4,5].

However, the analysis of post-market drug safety data is often challenging, because of their
intrinsic nature, specifically:

1. High dimensionality: The number of AEs can be large (hundreds or even thousands), especially
during the post-approval marketing phase when the medicine becomes available for broad
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populations. However, only a few of these AEs are significant for new discoveries about the
product’s clinical safety.

2. Sparsity: Most types of AEs are rare, especially in the stage of post-market surveillance, due to
factors such as selective participant profiles in clinical trials, rare events in large populations,
long-term effects and drug interactions, and so on.

3. Weak signal: Certain AEs may exhibit a low signal strength related to the drug or vaccine under
investigation, which potentially impact the efficacy of the methodologies employed to detect the
association.

4. Complex correlation: AEs may demonstrate complex correlation structure, either positive or
negative, among themselves, which poses significant challenges in identifying drug or vaccine
associated AE signals.

Considering the cruciality of early detection of drug/vaccine-associated AEs, it has been an
ongoing endeavor to establish methods to enhance the analysis of post-market safety data. Some
notable approaches that have been proposed include a Double False Discovery Rate (DFDR) approach
by Mehrotra and Heyse (2012) [6], a two-stage hierarchical testing approach by Tan et al. (2020) [7],
a hierarchical Bayesian mixture model for binary outcomes by Berry and Berry (2004) [8], a Poisson
likelihood-based approach by Xia et al. (2011) [9], and a multivariate Bayesian logistic regression
(MBLR) by DuMouchel (2012) [10].

1.2. Apriori Method

The inherent attributes of post-market safety data also render data mining tools great potential
advantageous in this context. Among various data mining tools, Apriori method exhibits substantial
utility in detecting drug/vaccine-AE associations.

Apriori method, proposed by Agrawal and Srikant (1994) [11], is a foundational algorithm in the
field of data mining. It is known for the application in frequent itemset mining and association rule
learning, especially in the field of marketing analysis. The Apriori algorithm employs an iterative
approach, known as "bottom up" search, where frequent subsets are extended one item at a time, and
groups of candidates are tested against the data. The algorithm terminates when no further successful
extensions are found. Apriori approach is an efficient screening tool as it prunes the search space of
associations in a dataset based on the “Apriori" property of frequency — if certain combinations of
items in a dataset are infrequent, any larger combination built upon those will also be infrequent [12].

In a classical Apriori algorithm, two parameters are employed to measure the strength of the
association rule. The first parameter is called "Support", which measures how often data items in a
rule occur together in a transaction. "Confidence" is the second parameter that measures the reliability
of the inference made by the rule.

Consider a transaction/reports dataset with 7 total transactions out of which n 4 transactions
contain item A, ng transactions contain item B, and 1 4p transactions contain both items A and B. The
Support of the association rule A — B is the joint proportion of A and B transactions [13], i.e.,

Support(A — B) = P(ANB) = pap = n%' (1)

For the Boolean depiction of a transactions dataset,

Support(A — B) = P({A=1}N{B =1}).

The Confidence of the rule is denoted by the conditional probability of B given A, i.e., the proportion
of occurrences of B among the reports containing occurrences of A in the dataset.
_ Support(A — B) nAB

Confidence(A — B) = Support(A) PBlA = A ()
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Itemsets/ Association Rules from the dataset are extracted according to user-defined thresholds
for Support and Confidence, namely minsup and minconf respectively. The algorithm first searches for
rules whose support exceeds minsup as the candidate itemsets. Then, for each rule in the candidate
itemsets, only those rules with Confidence larger than minconf are selected.

Kuo et al. (2009) [14] applied the Apriori method to detect Adverse Drug Reaction (ADR) from
a dataset containing reports on 13 patients, 5 drugs, and 13 AEs. They also proposed that Apriori
can be used to perform association analysis on characteristics of patients, drugs consumed, primary
diagnosis, co-morbid conditions, and ADRs experienced, which can be leveraged further to study
what combination of medications and patient characteristics could lead to Adverse Drug Reactions
(ADRs).

Though the study in Kuo et al. (2009) show the ability of Apriori method in detecting drug/vaccine
associated AEs with efficient searching, it has certain limitations. This study only focused on a small
dataset, in contrast to the expansive nature of an actual post-market safety database, which often
contains thousands of reports on many drugs and hundreds of AEs. Furthermore, the author employed
the methodology merely as an illustrative example, lacking a comprehensive and systematic evaluation
of the validity and efficiency of the Apriori approach, especially when applied to large-scale datasets.
Hence, in this paper, we perform a comprehensive study on the performance of an improved Apriori-
based approach that is capable of identifying potentially important drug/vaccine-AE associations,
particularly when AE frequencies are rare, drug-AE signals are weak, and there are underlying
correlations among AEs. Our study aims to address the challenges posed by these scenarios in
detecting drug-AE associations within large scale datasets and to compare the performance of the
improved Apriori approach with the classical one.

The rest of this article is organized as follows. In Section 2, we first introduce the improvement
to the classical Apriori approach, then present the numerical studies designed to investigate the
performance of the improved Apriori method. The corresponding results from numerical studies,
including both simulations and real data analysis, are summarized in Section 3. This is followed by a
discussion of our inferences and observations from our studies in Section 4. Finally, we present our
concluding remarks in Section 5 of the article.

2. Method

2.1. Improved Apriori Method

Our comprehensive study of Apriori method with disproportionality measures is motivated
by noticing that the use of Confidence in Apriori has been found to be unsuitable. According to
Harpaz et al. (2010) [15], Confidence is not an appropriate parameter for the application of Apriori in
surveillance data, as frequent AEs will have larger Confidence values, while infrequent AEs would
have smaller Confidence even when they are strongly associated with a drug. There have been other
studies aimed at leveraging the efficiency of Apriori in the context of extensive spontaneous reports
databases, by use of modified Apriori-based approaches, involving use of disproportionality measures,
such as Proportional Reporting Ratio (PRR) [16-19], Relative Reporting Ratio (RR) [15,20,21], and
Reporting Odds Ratio (ROR) [21,22], as an alternative to Confidence. Furthermore, different levels of
thresholds have been used for these parameters — [21,23,24] suggest there should be at least 3 reports
for a suspected drug-AE combination, RR threshold of 2 was used in [15,20,21], and the PRR threshold
was set to 2 in [18,25-27].

Disproportionality measures are used to detect safety signals from drugs in spontaneous reporting
databases. For any drug-AE combination, the disproportionality measures quantify the extent of
disproportionality between observed and expected number of reports of an AE to a drug, compared
to the generality of the database. Particularly, PRR, RR, and ROR can be computed from a 2 x 2
contingency table, shown in Table 1. In Table 1, a represents the number of reports containing both the
drug and AE of interest, b signifies reports containing the drug of interest and all other AEs, ¢ denotes
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the number of reports including the AE of interest with all other drugs, and d is the number of reports
containing all other AEs and drugs in the database.

Table 1. Contingency table for Disproportionality Measures

Suspected AE  All other AEs Total

Suspected drug a b a+b

All other drugs c d c+d
Total a+c b+d a+b+c+d

Proportional Reporting Ratio (PRR), defined in Equation (3), is the ratio between the proportion
of a suspected AE (eg. fever) among individuals who consume a particular drug (eg. Drug A)
to the proportion of this AE among subjects that consume other medications (but not Drug A). A
PRR exceeding 1 suggests an elevated prevalence of reports featuring the suspected AE (e.g. fever)
in association with the specified drug (e.g. Drug A), relative to reports of this AE occurring with
alternative medications [22,23].

_a/(a+b) a(c+d)
c/(c+d)  cla+b)
Relative Reporting Ratio (RR) represents the ratio between a rule’s observed frequency to a
baseline expected frequency for all reports in the database [15], and can be used to assess the strength
and significance of that rule. It is denoted as

PRR

©)

_ Pr(AEN Drug) a
~ Pr(AE).Pr(Drug) = (a+c)(a+b)

where N = a4+ b + ¢ + d is the total number of observed records. To illustrate with the association
between the AE of fever and Drug A, for example, the RR quantifies the extent to which occurrences
of Drug A and fever together are more frequent than would be expected under the assumption of
independence between Drug A and fever. Consequently, a RR exceeding 1 indicates that the co-
occurrence of Drug A and fever is more frequent than would be expected if they were independent of
each other. This elevated RR thereby offers compelling evidence for a significant association between
the AE and the drug.

Reporting Odds Ratio (ROR), defined in Equation (5), is the ratio between the reporting odds of a
suspected AE among individuals exposed to a specific drug, and the reporting odds of this AE among
subjects that are not exposed to the specific drug. It measures the likelihood of an AE being reported
in the presence of a certain drug compared to the likelihood of that AE being reported in the absence
of that drug.

(4)

_ (a/b) _ad
ROR = /) ~ e ®)

According to Rothman et al [22], ROR is analogous to relative risk in a case-control study and
can be used for signal detection even with rare AEs. Still considering the example of association
between fever and Drug A, ROR offers a metric for assessing the likelihood of fever being reported in
association with Drug A, as compared to its reporting with other drugs in the database. A larger ROR
value provides a stronger indication of an association between Drug A and the occurrence of fever.

Therefore, in this paper, we call it the improved Apriori approach, when the disproportion-
ality measures, PRR, RR, and ROR, are used to substitute Confidence as the second parameter in
implementing Apriori for safety data.
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2.2. Numerical Study

To examine and compare the performance of our proposed improved Apriori approach to the
classical one, i.e., the Apriori using Confidence as the second parameter, we conduct extensive
simulation studies under various parameter settings and simulation designs. Our simulation studies,
along with an additional analysis for a real world vaccine safety data, aim to assess the best choice of
secondary parameter for the implementation of Apriori approach in detecting drug-AE associations.

2.2.1. Simulation Studies

In the simulation studies, we conduct comparative studies to evaluate the performance of Apriori
across different levels of AE frequencies, potential exhibition of correlations among AEs, and strength
of signals for drug-AE associations.

Particularly, in the simulation studies, AEs are generated as binary random variables from
Bernoulli distribution, with a value of 1 denoting a reported AE and 0 otherwise. In the simulations,
the success probability for the Bernoulli distribution is set to be p = 0.1,0.3, and 0.5, reflecting different
AE frequencies (rare, moderate, and common, respectively). Moreover, to account for potential
correlations among AEs, we generate correlated binary AEs based on the approach described in
Lunn and Davies [28]. Specifically, the levels of correlations between AEs are set to be p = 0 for
linearly independent AEs, and p = +0.3, £0,5, and =+ 0.7 for weak, moderate, and strong correlations,
respectively. A binary indicator variable (D) is used to denote whether a particular drug or vaccine
was taken (D = 1), or not (D = 0), and is generated according to a logistic regression model as
described in Equation 6, where p varies under different simulation scenarios to mimic the strength of
association between a drug and an AE.

logit(D) = ByAE; + - - - + BrAEx 6)

In addition, in the simulation studies, we consider three different scenarios.

In the first scenario, we consider the situation when there are 1 drug and 3 independent AEs,
among which only the first AE is truly associated with drug 1. That is, the indicator variable for drug
is generated as logit(Dq) = BAE;, where B is set to be 1, 10, 50, and 100. The purpose of this setting
is to study the effect of signal strength and AE frequency on the ability of each of the four second
parameters, Confidence, PRR, RR, and ROR, to correctly identify the associated drug-AE pairs.

The second setting comprises 3 drugs and 5 AEs with drug 1 associated with both AE 1 and AE
2. That s, logit(D1) = B1AE; + B2AEy, where 1 = B2 = 1,10,50, and 100. The indicator variables
(D7 and Dj3) for drug 2 and drug 3 are generated from Bernoulli distribution with success probability
as p = 0.1,0.3,and 0.5. In this setting, we consider AE 1 and AE 2 are correlated with a positive
correlation p as described above. It is used to study performance of the method for each of the four
second parameters in the presence of AE correlations.

Finally, in scenario 3, we setup 5 drugs and 10 AEs, where drug 1 is associated with AE 1 to AE
5, drug 2 is associated with AE 1 to AE 3, and drug 3 is associated with AE 1. That is, the indicator
variables for drugs 1 to 3 are generated from models logit(D,) = BAE; + BAE; + BAE3 + BAE, +
BAEs, logit(D,) = BAEy + BAE; + BAE3, and logit(D3) = BAE;, respectively. The other two drug
variables are generated from Bernoulli (p = 0.1,0.3,and 0.5). In setting 3, multiple AE correlation
scenarios were considered. We first set AE 1 to AE 5 to be correlated at positive p values described
above, referred to as positive correlation setting in the results section. For the scenario referred to as
negative correlation setting in the results section, we let AE 1 to AE 3 to be positive correlated, AE 4
and AE 5 to be negatively correlated, both having absolute correlation values |p| as before. In both
cases, the remaining AE 6 to AE 10 are set to be independent. This negative correlation scenario takes
into account the direction of correlation, in addition to the magnitude of correlation.

In the Apriori searching process, we first search drug-AE pairs that pass the minimum support
threshold, then search pairs from the previous step that pass the threshold of second parameter, and
the selected "frequent 2-itemsets", i.e., drug-AE pairs, are the ones that we believe are associated with
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each other. Since, in this paper, the focus is to detect 2-item association rules that include one drug and
one AE, we do not search all 2-item rules when applying Apriori method. As a result, in the simulation
studies, we only search 3 out of 6, 15 out of 28, and 50 out of 105 2-items rules in three simulation
scenarios, respectively, which results a pruning of 50%, 46.43%, and 52.38%, respectively.

Moreover, when applying the Apriori method to the simulated data sets, the threshold values for
the first parameter, support, are set to be 0.05 for rare AEs, 0.15 for moderately frequent AEs, and 0.30
for common AEs. We also compare the disproportionality measures, PRR, RR, and ROR, along with
Confidence, for detecting frequent itemsets. The threshold values for these secondary parameters are
0.4, 0.5, 0.6, and 0.7 (for Confidence), and 1, 1.2, 1.5, and 2 (for PRR, RR, and ROR).

Finally, for each of the above three simulation scenarios, we generate N = 500 reports for a
simulated data set with 1000 replications.

2.2.2. VAERS Data

To further illustrate the implementation of the improved Apriori algorithm, we also apply it to a
real spontaneous reports data, the Vaccine Adverse Event Reporting System (VAERS) [29]. The Vaccine
Adverse Event Reporting System (VAERS), jointly overseen by the Centers for Disease Control and
Prevention (CDC) and the U.S. Food and Drug Administration (FDA), is designed to identify potential
safety issues related to vaccines licensed in the United States. VAERS operates by receiving and
examining reports detailing adverse events that occur subsequent to a person receiving a vaccination.

We used the reports between years 2010 to 2019 in VAERS database as an example, which include
746 patient reports on 1094 AEs for a total of 47 vaccines. In addition to the information on vaccines
administered and AEs reported, VAERS data also includes other variables, such as the sex and age of
the patient and so on. In Table 2, we display a subset of data from the VAERS data set from January
2010 as an example.
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Table 2. Subset of VAERS data from January 2010
VAERS ID VAERS ID Code Vaccine Type Vaccine Type Code Symptoms Symptoms Code
0376710-1 0376710-1 DIPHTHERIA AND TETANUS TOXOIDS AND ACEL- DTAPIPVHIB DEATH 10011906
LULAR PERTUSSIS VACCINE + INACTIVATED PO-
LIOVIRUS VACCINE + HAEMOPHILUS B CONJU-
GATE VACCINE
0376710-1 0376710-1 DIPHTHERIA AND TETANUS TOXOIDS AND ACEL- DTAPIPVHIB UNRESPONSIVE TO 10045555
LULAR PERTUSSIS VACCINE + INACTIVATED PO- STIMULI
LIOVIRUS VACCINE + HAEMOPHILUS B CONJU-
GATE VACCINE
0376710-1 0376710-1 INFLUENZA VIRUS VACCINE, TRIVALENT (IN- FLU3(SEASONAL) DEATH 10011906
JECTED)
0376710-1 0376710-1 INFLUENZA VIRUS VACCINE, TRIVALENT (IN- FLU3(SEASONAL) UNRESPONSIVE TO 10045555
JECTED) STIMULI
0376710-1 0376710-1 PNEUMOCOCCAL, 7-VALENT VACCINE (PREVNAR) PNC DEATH 10011906
0376710-1 0376710-1 PNEUMOCOCCAL, 7-VALENT VACCINE (PREVNAR) PNC UNRESPONSIVE TO 10045555
STIMULI
0376969-1 0376969-1 INFLUENZA (HIN1) MONOVALENT (INJECTED) FLU(H1INT1) COAGULOPATHY 10009802
0376969-1 0376969-1 INFLUENZA (H1IN1) MONOVALENT (INJECTED) FLU(H1NT1) DEATH 10011906
0376969-1 0376969-1 INFLUENZA (HIN1) MONOVALENT (INJECTED) FLU(HINT1) DRUG INTERACTION 10013710
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3. Results

In this section, we report the results from our numerical study, separated by simulations and
VAERS data analysis.

3.1. Simulation Study

To evaluate and compare the performances between the proposed improved Apriori and classical
Apriori approaches, we use Sensitivity (S;), Specificity (Sp), and Overall Accuracy (OA) [30,31] as the
criteria. These measures can be calculated based the below 2 x 2 contingency table (Table 3), in which
the columns represent the truly associated and non-associated pairs, while rows indicate the pairs
selected and not selected by the method. In the table, TP signifies true positives, FP stands for false
positives, FEN represents false negatives, and TN denotes true negatives.

Table 3. Contingency table for validity measurement of binary classification. TP: true positive; FP: false
positive; FN: false negative; and TN: true negative.

Associated pairs Non-associated pairs Total

Selected a (TP) b (FP) a+b

Not selected ¢ (FN) d (TN) c+d
Total a+c b+d a+b+c+d

Sensitivity, also known as true positive rate, is defined as

a TP
a+c¢ TP+FN’

Sn:

Specificity, that is true negative rate, is calculated as

~d TN
" b+d FP+TN’

SP
The overall accuracy is then defined as

a+d TP+ TN

A = = .
© a+b+c+d TP+FP+FN+TN

3.1.1. Setting 1: 1 Drug and 3 AEs

In Setting 1, we consider the scenario of 1 drug and 3 AEs, where only one AE is associated with
the drug. The purpose of this setting is to examine the impact of AE frequency, p, and the signal
strength .

Figure 1 shows the comparison of sensitivity among four choices of second parameter when g is
fixed at 1. Overall speaking, ROR shows the most robust sensitivity results, while the sensitivity for
the other three parameter choices all decrease sharply when threshold increased. In addition, when
considering rare AEs, i.e., the AE frequency p = 0.1, Confidence provides very low sensitivity, which
is consistent to the finding in Harpaz et al. [15,20], while PRR and ROR perform much better under
this situation. PRR shows the ability to have higher sensitivity when AE is rare and threshold is high.
Though the sensitivity for ROR decreases when AE is rare and threshold is high, the decline is slow, so
ROR can still provide high sensitivity for rare AE scenarios.
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Sensitivity plots for Setting 1 (B =1)
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Figure 1. Sensitivity plots for Setting 1: 1 drug and 3 AEs when = 1 and AE frequency p = 0.1,0.3,0.5.

Regarding specificity, Figure 2 shows all four choices of second parameter have higher specificity
when threshold increase, which is as expected because when threshold increases, fewer drug-AE pairs
would be detected and hence the S;, would decrease while S, increases. Besides, rare AEs tend to have
lower specificity when compared with the scenarios of more frequent AEs.

Specificity plots for Setting 1 (B = 1)
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Figure 2. Specificity plots for Setting 1: 1 drug and 3 AEs when B = 1, and AE frequency p = 0.1,0.3,0.5.

The performance of overall accuracy is illustrated by Figure 3. It shows the combined performance
of sensitivity and specificity, and both PRR and ROR demonstrate better overall accuracy compared
with the Confidence and RR.
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Overall Accuracy plots for Setting 1 (B = 1)
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Figure 3. Overall Accuracy plots for Setting 1: 1 drug and 3 AEs when B = 1, and AE frequency
p=20.1,0.3,05.

It is not surprising to see that when signal strength f increases, both sensitivity and specificity
for all four choices increases. Since the simulations show similar trends at other § values, to save the
space, the corresponding figures for the remaining j values are listed in the Supplementary Material.

3.1.2. Setting 2: 3 Drugs and 5 AEs

There are 3 drugs and 5 AEs in the second simulation setting, where Drug 1 is associated with AE
1 and AE 2. To explore the impact of correlations among AEs, in this setting, we also set AE 1 and AE 2
to be correlated with a correlation of p=0.3, 0.5, 0.7. With signal strength, B, fixed at 1, the results of
simulations are shown below.

Figures 4 and 5 show the sensitivity under Setting 2 when 8 = 1, and AE frequency p = 0.1
and 0.5, respectively. Both figures illustrate that sensitivity would be improved when correlation
between AEs increases. This is as per expectation, as stronger positive correlation leads to increased
co-occurrences of the correlated AEs, and as a results, more drug-AE pairs are identified. Additionally,
similar as in Setting 1, PRR and ROR perform better by showing stable high sensitivities. However,
the sensitivities for both the Confidence and RR decrease quickly when threshold increase. Moreover,
comparing Figure 4 and Figure 5, we can see that when AE frequency p, increases, the sensitivity for
PRR decreases more than that for ROR at high threshold level, which demonstrates that ROR performs
best in terms of sensitivity under this setting.
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Sensitivity plots for Setting2 (3 =1, p=0.1)
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Figure 4. Sensitivity plots for Setting 2: 3 drugs and 5 AEs when 8 =1, p =0.1.

Sensitivity plots for Setting2 (3 =1, p=0.5)
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Figure 5. Sensitivity plots for Setting 2: 3 drugs and 5 AEs when =1, p =0.5.

For specificity (Figure 6), similar as in setting 1, the high threshold values result in better specificity.
Besides, when correlation increases, the specificity decreases. As the magnitude of correlation increases,
the co-occurrences of positively correlated AEs increase, thereby increasing the chance of false positive
findings, compared to zero correlated AEs.
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Specificity plots for Setting2 (8 =1, p=0.1)
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Figure 6. Specificity plots for Setting 2: 3 drugs and 5 AEs when p =1, p =0.1.

Since as expected, the overall accuracy shows dual effects of sensitivity and specificity, similar as
the one in setting 1, the corresponding figures can be found in the Supplementary Material. Similar
trends are also observed for other combinations of f and p values, and the corresponding simulation
results are listed in the Supplementary Material as well.

3.1.3. Setting 3: 5 Drugs and 10 AEs

Setting 3 includes 5 drugs and 10 AEs, where 5 AEs are associated with drugs. To evaluate the
effect of the direction (positive or negative) of AE correlations, in addition to the magnitude of p, we
also consider both positive and negative correlations among the associated drug-AE pairs.

Figure 7 shows the sensitivity results when 8 = 1, AE frequency, p = 0.5, and absolution correlation
among AEs, |p| = 0.3, where we use notations -, +, and 0 to indicate negative p, positive p, and p =0,
respectively. Again, both PRR and ROR show better performance than Confidence and RR, and ROR is
the most robust one, due to its slowly declined sensitivity when threshold value increases. In addition,
we can also see from Figure 7 that for all three disproportionality measures, both positive and negative
correlation increase sensitivity compared with when AEs are uncorrelated, but positive correlation
increases sensitivity more than negative correlation. As we discussed before, when AEs are positively
correlated, the co-occurrence counts of correlated AEs increase which results in more associated drug-
AE pairs to be selected, but in the presence of negatively correlated AEs, the co-occurrence counts of
correlated AEs decrease, hence less drug-AE pairs might be detected.
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Sensitivity plots for Setting 3 (3 =1, p=0.5, Ipl =0.3)
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Figure 7. Sensitivity plots for Setting 3: 5 drugs and 10 AEswhen f=1, p =0.5,and lp| =0.3.

For the specificity in Figure 8, similar as the other two settings, all four choices of second parameter
show increased specificity when threshold values increase. In addition, compared with uncorrelated
AEs, both positive and negative correlations among AEs would result the decline of specificity. Since
negative AE correlations will not have an incremental effect on AE co-occurrence counts compared
to when AEs are positively correlated, the chance of false positives (1 - specificity) in the presence of
negatively correlated AEs is lower.

Specificity plots for Setting 3 (3 =1, p=0.5, Ipl =0.3)
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Figure 8. Specificity plots for Setting 3: 5 drugs and 10 AEs when B =1, p=0.5,and lp| =0.3.

The remaining combinations of AE frequencies/signal strengths/AE correlations for settings 1, 2,
and 3 typically demonstrate trends similar to what has been already shown above. The corresponding
plots have been provided as Supplementary Material.

3.2. VAERS Data

In a total of 746 reports between years 2010 to 2019, that are retrieved from VAERS database, there
are 1094 AEs reported for 47 vaccines. The most frequently reported AE is Death with a prevalence
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rate [32] of 0.764 (570 reports). Some of the least frequently reported AEs are Eyelid Function Disorder,
Blood Fibrinogen Increased, Biopsy Soft Tissue, with a prevalence rate of 0.0013 (1 report). This is inline
with over-reporting of severe AEs compared to AEs that are more moderate in severity in surveillance
monitoring datasets. In addition, the most frequently reported vaccine administered is Prneumococcal,
13-Valent Vaccine (PREVNAR13) with 280 cases reported (prevalence rate of 0.375), while the most
infrequently reported vaccines include BCG, Meningococcal B, and Japanese Encephalitis Virus Vaccine,
Inactivated, Adsorbed with only 1 reported case. Some of the AEs reported in the VAERS dataset have
strong positive correlations such as (Ammonia Decreased, Alpha 1 Foetoprotein Normal) and (Lymphocyte
Percentage Decreased, Blood Calcium Decreased), while some AEs have weak negative correlations such as
(Encephalopathy, Death).

To implement the Apriori approach, for each unique report, we use binary code 1 and 0 to
represent whether a particular vaccine was administered, and whether a specific AE was reported
in this report. The threshold for the first parameter, support, is set to be minsup = 3, as the overall
mean of all AE frequencies in the data was 3. The levels of threshold for the four second parameters,
Confidence, PRR, RR, and ROR, are the same as the ones used in the simulation studies (Section 2.2.1).

In this analysis, there are 51,418 out of 650, 370 total possible 2-item rules that contain one vaccine
and one AE for further investigation, which results a pruning rate of 92.09%.

In Table 4, we list the number of associated vaccine-AE pairs identified by using the Apriori
approach under different four choices of the second parameter across varying thresholds. Notably,
when using the Confidence as the second parameter, the classical Apriori approach detects much fewer
number of vaccine-AE pairs than the other choices of second parameter, even at a low threshold of 0.4.
This underscores a limitation highlighted by Harpaz et al. [15,20], revealing the propensity to overlook
rare yet strongly associated AEs when employing Confidence in the Apriori algorithm.

Table 4. Counts of selected vaccine-AE association pairs from VAERS data.

Parameter Threshold Selected pairs

0.4 33

. 0.5 30
Confidence 0.6 28
0.7 26

1 341

1.2 308

PRR 1.5 272
2 214

1 341

1.2 300

RR 1.5 246
2 153

1 341

1.2 321

ROR 1.5 282
2 232

Using PRR, RR, and ROR as the second parameter, the improved Apriori approach identifies the
same 341 vaccine-AE pairs when threshold is 1. However, as the threshold value increases, the number
of association pairs detected by RR declines the most steeply, followed by PRR and then ROR.

Table 5 displays 10 out of 232 vaccine-adverse event (AE) pairs that were identified to be frequent
using ROR at a threshold of 2, which involve 7 unique vaccines and 9 unique AEs. The rows in
the table denote the first 10 pairs from the list of all 232 selected pairs sorted in increasing order of
their respective ROR values. The corresponding values of PRR, RR, and Confidence for each of these
vaccine-AE pairs are also shown in the table.
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Table 5. Ten vaccine-AE pairs selected using Apriori with ROR at the threshold of 2, along with their corresponding values of ROR, PRR, RR, and Confidence.

Vaccine Code Vaccine Name AE/Symptom Name Support ROR PRR RR Confidence

DTAPIPVHIB DIPHTHERIA AND TETANUS TOXOIDS AND ACEL- UNRESPONSIVE TO STIM- 25 2.059 1.867 1.609 0.181
LULAR PERTUSSIS VACCINE + INACTIVATED PO- ULI
LIOVIRUS VACCINE + HAEMOPHILUS B CON]JU-

GATE VACCINE
FLU3(SEASONAL)  INFLUENZA VIRUS VACCINE, TRIVALENT (IN- NAUSEA 8 2.061 2002 1681  0.056
JECTED)
DTAPHEPBIP DIPHTHERIA AND TETANUS TOXOIDS AND ACEL- RESPIRATORY ARREST 15 2.063 1939 1668  0.116

LULAR PERTUSSIS VACCINE + HEPATITIS B + IN-
ACTIVATED POLIOVIRUS VACCINE

RV5 ROTAVIRUS VACCINE, LIVE, ORAL, PENTAVALENT RESUSCITATION 35 2.074 1.853 1.551 0.206
HEPA HEPATITIS A INTENSIVE CARE 4 2.074 1.972 1.870 0.095
HIBV HAEMOPHILUS B CONJUGATE VACCINE PALLOR 3 2.077 2.055 1.703 0.020
HIBV HAEMOPHILUS B CONJUGATE VACCINE DEHYDRATION 3 2.077 2.055 1.703 0.020
HIBV HAEMOPHILUS B CONJUGATE VACCINE RHINORRHOEA 3 2.077 2.055 1.703 0.020
PPV PNEUMOCOCCAL VACCINE, POLYVALENT INTENSIVE CARE 3 2.082 1.977 1.900 0.097
HIBV HAEMOPHILUS B CONJUGATE VACCINE APNOEA 4 2.084 2.055 1.703 0.027
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From Table 5, we can see that some of the pairs, such as such as Haemophilus B Conjugate Vaccine
(HIBV) — Pallor, have support as low as the minimum threshold of 3. In addition, for these pairs, PRR
shows closed values to ROR, and RR values are also not far from ROR and PRR. This further illustrates
the benefits of using disproportionality measures as the second parameter in the Apriori approach,
especially when the association is rare or not frequent. On the contrary, 29 out of 33 selected pairs
by using Confidence (with a threshold 0.4) as the second parameter contain Death as AE, the most
frequently reported AE in this data set, which again confirms the limitation of using Confidence as
the second parameter. Within these 33 pairs, 20 are also identified by using PRR or ROR at threshold
value 1 (see Table S1 in the Supplementary Material for more detail). We also notice that the rules
DTAPIPVHIB — Unresponsive to Stimuli, FLU3 (SEASONAL) — Nausea, DTAPHEPBIP — Respiratory
Arrest, RV5 — Resuscitation, HIBV — Pallor, and HIBV — Apnoea have been studied before [33—44],
which confirms the validity of our proposed improved Apriori approach.

4. Discussion

This paper involves detailed study of an improved Apriori approach, wherein disproportionality
measures, PRR, RR, and ROR, are used to substitute Confidence as the second parameter in implement-
ing Apriori for safety data. This method incorporates the advantages of disproportionality measures
to detect rare safety signals that may be associated with a drug/vaccine. Our comprehensive studies
have also taken into account challenges that are specific to safety data, such as rarely occurring AEs,
underlying AE correlations, and varying levels of safety signal strength. We have also investigated the
performance of each parameter choice at different thresholds to understand how it affects the accuracy
of association identification.

Our numerical studies have shown that using Confidence in Apriori implementation for safety
data results in infrequent AEs having smaller Confidence even when they are strongly associated
with a drug. Relative Reporting Ratio (RR), which has also been suggested in some literature, has
high sensitivity at a threshold of 1 but demonstrates decreased sensitivity at higher thresholds. In
our simulation studies, PRR and ROR have been compared extensively in different settings, revealing
that PRR tends to have a sharply declining sensitivity at higher thresholds compared to ROR when
signal strength between an AE and a drug/vaccine is weak, even when AE frequencies are high. The
stability in the performance of ROR in identifying drug/vaccine-AE pairs is particularly useful in
identifying rare associations that are not observed during pre-clinical studies, but are reported during
the post-market stage when there are more data due to the drug or vaccine being available for a larger
population.

Furthermore, from the real data studies, it is observed that using Confidence as a parameter for
screening vaccine-AE pairs leads to selection of pairs majorly containing Death as the AE. Though
the usage of disproportionality measures leads to identification of only some of the rules that contain
Death as the AE, in practice, we suggest that the severe adverse events, such as death should always be
added manually for further investigation, regardless of screening analysis results.

Conclusions based on disproportionality measures implemented in post-marketing surveillance
reports can only be made about the risk of AE reporting and not the risk of the AE itself. Additionally,
disproportionality measures do not establish association or causation and results therefrom should be
strictly considered exploratory for further investigation.

Future work in this area includes statistical hypothesis testing of the important pairs screened by
the improved Apriori technique to determine whether a vaccine/drug is associated with the reporting
of an AE. In addition, extending the current Apriori search from two-item, i.e., one-drug-one-AE
association, to K-item for K>2, could assist further accounting for the interactions between drugs or
AEs.
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5. Conclusion

Our comprehensive study shows the benefit of using disproportionality measures as the second
parameter in the Apriori method for screening of important associations between drugs/vaccines
and AEs in post-marketing safety data, particularly when the goal is to identify AEs that are rarely
co-occurring with a drug or a vaccine. However, due to its screening nature, the improved Apriori
should be used in conjunction with conventional Apriori (using Confidence as second parameter)
and/or manual investigation. It is also important to note that the generated rules do not imply genuine
association or causality. Further studies and clinical assessment are needed to ascertain whether
association/causality exists between a drug/vaccine and an AE.
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