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Background: In the emergent situation of COVID-19, off-label therapies and newly developed vaccines may bring the patients more adverse drug event (ADE) risks. Data mining based on spontaneous reporting systems (SRSs) is a promising and efficient way to detect potential ADEs to help health professionals and patients get rid of the risk.
Objective: This pharmacovigilance study aimed to investigate the ADEs of some attractive drugs (i.e., “hot drugs” in this study) in COVID-19 prevention and treatment based on the data from the US Food and Drug Administration (FDA) adverse event reporting system (FAERS).
Methods: The FAERS ADE reports associated with COVID-19 from the 2nd quarter of 2020 to the 2nd quarter of 2022 were retrieved with hot drugs and frequent ADEs were recognized. A combination of support, lower bound of 95% confidence interval (CI) of the proportional reporting ratio (PRR) was applied to detect significant hot drug and ADE signals by the Python programming language on the Jupyter notebook.
Results: A total of 66,879 COVID-19 associated cases were retrieved with 22 hot drugs and 1,109 frequent ADEs on the “preferred term” (PT) level. The algorithm finally produced 992 significant ADE signals on the PT level among which unexpected signals such as “hypofibrinogenemia” of tocilizumab and “disease recurrence” of nirmatrelvir\ritonavir stood out. A picture of signals on the “system organ class” (SOC) level was also provided for a comprehensive understanding of these ADEs.
Conclusion: Data mining is a promising and efficient way to assist pharmacovigilance work, and the result of this study could help timely recognize ADEs in the prevention and treatment of COVID-19.
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1 INTRODUCTION
Since the outbreak of the COVID-19 pandemic around the end of 2019, the world has seen a huge number of infected and death cases (over 497 million confirmed and 6 million death cases when this article was written) (World Health Organization, 2022). This is quite a serious infection disease caused by a newly discovered coronavirus (CoV) whose name was given as “severe acute respiratory syndrome coronavirus 2” (SARS-CoV-2) on 11 February 2020 by the International Committee on Taxonomy of Viruses (ICTV) (World Health Organization, 2021b). CoVs are a group of RNA viruses belonging to the Coronaviridae family discovered in 1960s. Before the COVID-19 pandemic, we have seen two outbreaks of CoV epidemics: SARS-CoV in 2003 and MERS-CoV in 2012 (Umakanthan et al., 2020). In general, most people infected with SARS-CoV-2 may experience mild-to-moderate symptoms including fever, fatigue, cough, and other respiratory illness, and could recover without special treatment. However, for some elderly people and those with underlying health problems such as cardiovascular disease, diabetes, respiratory disease, and cancer, the risk of developing serious situations becomes higher (World Health Organization, 2021a).
In this emergent situation, many unapproved therapies (e.g., antiviral chemical drugs, monoclonal antibodies, and convalescent plasma transfusion) and newly developed vaccines have been tried in the treatment and prevention of this deadly virus disease, which, apart from the efficacy, might raise an unpredictable ADE risk to the patients. In order to help timely identify these ADEs, we performed this pharmacovigilance job.
Pharmacovigilance, also known as drug safety surveillance, plays an important role in ADE research. According to the definition of the World Health Organization (WHO), pharmacovigilance is defined as the science and activities relating to the detection, assessment, understanding, and prevention of drug-related problems. It usually contains two stages: pre-marketing surveillance (data collected from pre-clinical and phase I–III clinical studies) and post-marketing surveillance (data collected after the approval and throughout the market life of a drug). For the former one, there are obviously some inevitable shortcomings such as relatively small sample data, strict enrollment criteria, and large time and money consumption. Post-marketing surveillance, on the other hand, given the rapid development of computer sciences and data mining technologies, may become an even more important and efficient way for pharmacovigilance in the real world (Ibrahim et al., 2016).
There are some prominent spontaneous reporting systems (SRSs) designated for data collection of post-marketing surveillance since 1960s, such as the FAERS of the US Food and Drug Administration and the VigiBase of the World Health Organization (WHO) (US Food and Drug Administration, 2021; World Health Orgarnization, 2021). Annually, these systems receive large numbers of ADE reports and could offer abundant resources for pharmacovigilance research, and in this article, we adopted the reports associated with COVID-19 from the FAERS to perform data mining on the associations between one drug and one ADE.
2 MATERIALS AND METHODS
2.1 Data source
The FAERS is a publicly available computerized relational database for spontaneous reporting of adverse events and medication errors held by the US Food and Drug Administration (FDA) for monitoring the post-marketing safety of drugs and therapeutic biological products. The data structure complies with the international safety reporting guidance issued by the International Conference on Harmonization (ICH), and the adverse events and therapy indications are all coded on the “preferred term” (PT) level of the Medical Dictionary for Regulatory Activities (MedDRA). This database is a descendant of the former adverse event reporting system (also known as Legacy AERS, which was decommissioned in 2012). The FDA issues FAERS data packages to the public quarterly and provides two formats (ASCII/XML) which could be downloaded from its website (US Food and Drug Administration, 2021). In this study, we used the ASCII format, and reports submitted between the 2nd quarter of 2020 and 2nd quarter of 2022 were retrieved.
In each ASCII format data package, there are seven datasets: patient demographic and administrative information (“DEMO”), drug/biologic information (“DRUG”), adverse events (“REAC”), outcomes for the event (“OUTC”), report sources (“RPSR”), drug therapy start dates and end dates (“THER”), and diagnoses (“INDI”). We imported the DEMO, DRUG, REAC, and INDI datasets into a SQL server to create a local database for this study.
2.2 Data preprocessing
The FAERS database is a case/version system in which a new case will be given a “CASEID” (e.g., “17462593”) and a “CASEVERSION” (1 for the first report), and if any follow-up reports of this case are available afterward, new CASEVERSIONs will also be given in a sequentially incremented way (e.g., 2, 3, and 4). According to the FDA’s recommendations for adopting the most recent case version for deduplication, we wrote a program to extract only the most updated reports (i.e., having the max CASEVERSION for a certain case) in which the most complete data were included.
The attribute “PRIMARYID” is a concatenated key of a CASEID and a CASEVERSION which uniquely identifies an FAERS report, and through this key, we could link the four imported datasets together. As our aim was to explore the ADE signals in COVID-19 prevention and treatment, we extracted all reports whose diagnoses in the INDI set matched up with the regular expression “%COVID-19%” or “%SARS-CoV-2%” to form a “COVID-19 case table.” In order to get rid of possible confusions between a cause and a bystander, in the DRUG set, only drugs labeled as “primary suspect” or “secondary suspect” were included.
A program was written to calculate the frequency of drugs and ADEs in this COVID-19 case table. When the frequency was over 200 for a drug or over 20 for an ADE, the drug or the ADE would be marked as frequent.
Since the FAERS permits arbitrary registrations of drugs and this would surely lead to dilutions of some important ADE signals, these frequent drugs we got were all transformed into their generic names in the COVID-19 case table. In addition, ADEs such as “off-label use,” “COVID-19,” “product use in unapproved indication,” and the like were excluded. Then we selected several “hot drugs” (i.e., currently often used or attractive drugs, especially ever recommended by the WHO, in the prevention or treatment of COVID-19) from the frequent drugs to form a list of hot drug and ADE candidates with all the frequent ADEs.
Meanwhile, all the drugs and ADEs of each report in the COVID-19 case table were combined into a transaction to form a transaction set, T.
After this step, the preparation of the data we needed for further analysis was completed.
2.3 Association rule mining
There are different measures to quantify the reporting proportionality of a signal, such as information component (IC), reporting odds ratio −1.96 standard errors (SE), proportional reporting ratio −1.96 SE, Yule’s Q −1.96 SE, the Poisson probability, and the Chi-square test. It is assumed that when four or more cases are reported for a certain “drug and ADE signal”, these methods are broadly comparable (van Puijenbroek et al., 2002).
In this study, we adopted a combination of support, lower bound of 95% confidence interval (CI) of the proportional reporting ratio (PRR) for the recognition of interesting signals.
Support is the frequency of transactions in the T set containing a certain drug and ADE. The proportional reporting ratio (PRR) is the risk ratio of a certain ADE between exposed and comparison groups proposed by S.J.W. Evans et al. (2001) for ADE analyses and has been adopted by regularity agencies (e.g., Eudravigilance—EMEA) in the daily routine pharmacovigilance work (Evans et al., 2001; Ibrahim et al., 2016). To facilitate the discussion of PRR, a 2 × 2 contingency table was created, as shown in Table 1. Here, “Drugi” and “ADEj,” respectively, refer to a specific drug and ADE, and “!Drugi” and “!ADEj” represent those other than Drugi and ADEj. So PRR could be calculated as follows:
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TABLE 1 | 2 × 2 contingency table for computation of PRR.
[image: Table 1]Here, “a,” in fact, is the frequency of transactions containing both Drugi and ADEj, and “c” is the frequency of transactions containing ADEj without Drugi. The 95% confidence interval (CI) of the natural logarithm of PRR is calculated as follows:
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Let the transaction set T = {t1, t2, ... tm} be an itemset. We wrote a program to scan T to calculate the frequencies of transactions in T that contain each specific hot drug, ADE, and the both so as to get “a + b,” “a + c,” and “a” mentioned in Table 1. As “a + b + c + d” equals to the total number of transactions of T, all the parameters “a,” “b,” “c,” and “d” we needed were ready.
2.4 Screening for significant “hot drug and ADE” signals
According to the research studies conducted before, in this article, a significant signal was recognized when its support (i.e., a) ≥ 4, the lower bound of 95% CI of PRR ≥2.00 (Evans et al., 2001; van Puijenbroek et al., 2002; Ibrahim et al., 2016). Referring to the side effect data of Drugs.com (2021) and UpToDate (2021), these significant ADE signals were, respectively, labeled as unexpected (i.e., ADEs not listed in the aforementioned two databases) and expected.
According to the MedDRA, we also made a combination converting these significant ADEs (including the expected and unexpected ones) on the PT level to the system organ class (SOC) level and drew a heatmap to show the number of reported cases for each signal on the SOC level for a more macroscopic view.
2.5 Experiment environment
MySQL (version 5.6.32.0) was used to create a local database from the FAERS quarterly ASCII packages, while Navicat was used for MySQL (version 11.1.13) as a graphic user interface (GUI) tool to process database operations. The proposed data preprocessing, mining algorithm, and graphs were implemented by the Python (version 3.8.0) programming language on the Jupyter Notebook (version 6.3.0). ADEs coded in the preferred term (PT) were transformed into “system organ class” (SOC) through MedDRA (version 24.0). We stored the COVID-19 case table, significant signals, and the other results in Microsoft Office Excel 2017 files.
3 RESULTS
From 2020Q2 to 2022Q2, the FAERS received 70,987 reports whose diagnosis in INDI set matched up with the regular expression %COVID-19% or %SARS-CoV-2%. Table 2 shows some example reports in the COVID-19 case table. After deduplication, the number was reduced to 66,879, with 65 frequent drugs (frequency distributions are shown in Figure 1) and 1,109 frequent ADEs recognized. The age of the patients is 58.41 ± 18.09 (mean ± SD) years, and the proportions of males and females are generally the same (42.70% vs. 48.71%, those without age or sex data excluded). Most reports are from the United States (60.06%). The occupations of reporters are as follows: consumers (24,333, 36.38%), other health professionals (12,546, 18.76%), physicians (10,934, 16.35%), pharmacists (10,817, 16.17%), unknown (8,246, 12.33%), and lawyers (3 cases, <0.01%). The demographic data of COVID-19 cases are shown in Table 3 and Figure 2.
TABLE 2 | Some reports in the COVID-19 case table.
[image: Table 2][image: Figure 1]FIGURE 1 | Frequencies of frequent drugs in the COVID-19 table.
TABLE 3 | Demographic data of COVID-19 cases.
[image: Table 3][image: Figure 2]FIGURE 2 | Age–sex distribution of COVID-19 associated cases.
Among the 65 frequent drugs, 22 hot drugs were selected to form 22 × 1,109 = 24,398 “Drug and ADE” candidates. After scanning the transaction set T with these candidates, PRRs and their 95% CIs of these candidates were calculated. Our mining algorithm finally produced 992 significant signals associated with 22 hot drugs and 603 ADEs on the PT level (the top 3 signals of each hot drug are shown in Table 4, and more details could be found in the Supplementary Appendix).
TABLE 4 | Top ADE signals of hot drugs on the PT level.a
[image: Table 4]After converting the signals from the PT to SOC level, 25 ADEs on the SOC level were recognized, and top signals included “general disorders and administration site conditions” (3,831 cases), “gastrointestinal disorders” (3,327 cases), and “nervous system disorders” (2,068 cases) for nirmatrelvir\ritonavir, and “investigations” (3,148 cases) for remdesivir. The numbers of reported cases of significant signals on the SOC level are shown in Figure 3.
[image: Figure 3]FIGURE 3 | Number of reported cases of significant ADE signals on the SOC level.
A flowchart was drawn to show the complete data mining process (Figure 4).
[image: Figure 4]FIGURE 4 | Flowchart of the data mining algorithm.
4 DISCUSSIONS
From the 2nd quarter of 2020, over 70,000 ADE cases associated with COVID-19 have been reported to the FAERS, and our purpose was set to give an overview on the associations between some hot drugs and ADEs in the treatment and prevention of COVID-19 based on the data the FAERS had accumulated.
Although many of these ADE signals we observed may be regarded as possible complications of COVID-19 per se, those with relatively high PRRs and large reported cases (i.e., a and a + b) should still be paid attention to as they might give additional support or clues for further research.
In our study, a number of expected ADE signals on the PT level were observed such as “creatinine renal clearance decreased” (95% CI of PRR = 137.80 ± 4.17) and “liver function test increased” (95% CI of PRR = 29.84 ± 1.23) of remdesivir, “acute generalized exanthematous pustulosis” (95% CI of PRR = 46.53 ± 1.77) and “torsade de pointes” (95% CI of PRR = 33.68 ± 1.62) of hydroxychloroquine, and “ventricular arrhythmia” (95% CI of PRR = 30.27 ± 2.43) and “cardiovascular insufficiency” (95% CI of PRR = 22.07 ± 2.28) of azithromycin (Drugs.com, 2021). Some of these signals were also consistent to other data mining research studies conducted before (Gérard et al., 2021; Ngai et al., 2022). In addition, for azithromycin and remdesivir, we noticed that all the top 3 signals are associated with the heart and liver. Thus, when prescribing these medicines, we recommend physicians to be particularly careful about these ADE possibilities.
Among the unexpected signals, two strong ones (disease recurrence for nirmatrelvir\ritonavir and “hypofibrinogenemia” for tocilizumab) stood out, and we would make further discussions on them. For the other weaker signals [e.g., “methemoglobinaemia” (95% CI = 31.41 ± 2.20) for hydroxychloroquine and “eosinophilia” for lopinavir\ritonavir (95% CI = 49.62 ± 1.45)], limited by sparse clinical data, we assumed more research might be warranted.
In addition, we would also discuss some ADE signals on the SOC level for an easier understanding of the research result.
4.1 Signals on the PT level
4.1.1 Disease recurrence of nirmatrelvir\ritonavir
Nirmatrelvir/ritonavir is an experimental combination protease inhibitor which blocks the replication of SARS-CoV-2, and the FDA has authorized the emergency use of this medication for the treatment of mild-to-moderate COVID-19 in adults and people over 12 years (weighing ≥40 kg) testing positive for COVID-19, and who are at high risk for progression to severe COVID-19, including hospitalization or death (Takashita and Yamayoshi, 2022).
There have been some case reports on “rebound” COVID-19 (recrudescent symptoms with a return of positive rapid antigen testing) after initial improvement and negative testing following the completion of the 5-day nirmatrelvir/ritonavir treatment (Ranganath et al., 2022).
The signals disease recurrence (a = 3,463, a + b = 9,517, 95% CI of PRR = 302.50 ± 1.27) and “symptom recurrence” (a = 227, a + b = 9,517, 95% CI of PRR = 136.82 ± 1.88) of nirmatrelvir/ritonavir in our study confirmed this possible ADE. We could also see that over 1/3 of the nirmatrelvir/ritonavir-associated FAERS cases ever reported this ADE, which may imply a relatively high frequency of symptom rebound after nirmatrelvir/ritonavir treatment.
4.1.2 Hypofibrinogenemia of tocilizumab
The WHO recently made a strong recommendation to use IL-6 receptor blockers (tocilizumab and sarilumab) in patients with severe or critical COVID-19 (World Health Organization, 2021c).
Common ADEs of IL-6 receptor inhibitors include nasopharyngitis, headache, upper respiratory tract infection, gastritis, rash, arthralgia, extremity pain, fatigue, and nausea. Infections are the most frequent serious adverse events reported. Gastrointestinal perforation can occur in adults. Laboratory abnormalities include neutropenia, thrombocytopenia, dyslipidemia, and elevated liver enzymes (Campbell et al., 2011). In our study, a strong unexpected signal hypofibrinogenemia (95% CI of PRR = 304.98 ± 4.12) was observed for tocilizumab, which means in the cases where hypofibrinogenemia was reported, tocilizumab almost always got involved except only two cases.
Hypofibrinogenemia is defined as unusually low plasma concentrations of fibrinogen below the normal range of 2–4 g/L (especially ≤1.5 g/L). Human fibrinogen (i.e., coagulation factor I, FG, and FBG) is a 340 kD hexameric glycoprotein (GP) which is the precursor to fibrin and produced exclusively by the liver. During clotting, fibrinogen is converted to fibrin and the latter polymerizes and provides a major structure component of the clot. Acquired hypofibrinogenemia can be caused by liver disease, plasma exchange therapy, and consumptive coagulopathies such as DIC. Usually, as an acute phase reactant, fibrinogen could be elevated by 2- to 20-fold in an acute phase response (Green and Humphries, 1989; Rosenson, 1993). A decrease of fibrinogen is a strange phenomenon in COVID-19 patients. Only a few research studies ever reported this ADE of tocilizumab (but not in COVID-19 patients) (Martis et al., 2017; Üsküdar Cansu et al., 2019). Thus, we thought additional attention should be paid to this signal.
4.2 Signals on the SOC level
Figure 3 shows the number of cases for each signal on the SOC level to help readers, in combination with the Supplementary Appendix, get a whole picture of our data mining result. What has to be emphasized is that the interpretation of a signal should be based both on the number of cases and the frequency of the drug. We assumed that the larger these two parameters are, the more meaningful the signal would be. Some examples are given as the following.
“Cardiac disorders” was found strongly associated with casirivimab\imdevimab (1,610/3,414 cases), bamlanivimab (1,392/4,923 cases), and remdesivir (864/6,762 cases). According to Drugs.com, casirivimab\imdevimab and bamlanivimab are both experimental medicines in treating coronavirus. The data on the efficacy and safety of the two remains sparse, and their possible cardiac side effects may include chest pain and arrhythmias. We recommend physicians to be cautious about this ADE risk when prescribing these two medicines. Cardiac risk of remdesivir is a relatively well-confirmed ADE, and the signal of our research also stands behind it (Drugs.com, 2021; Attena et al., 2021).
“Infections and infestations” stood out for the monoclonal antibodies —tocilizumab (1,687/4,595 cases) and sarilumab (99/282 cases). This is consistent with the hypothesis that the use of IL-6 pathway inhibitors may be associated with an increased risk of secondary infections (Guaraldi et al., 2020; Busani et al., 2021).
“Investigations” is also an important SOC signal in Figure 3 with which 72 PTs (seen in the Supplementary Appendix) are associated in total. There are 3,148 cases reporting “investigations” for remdesivir, referring to the Supplementary Appendix, we could see that most of them are liver or kidney injury associated. This also supports the potential hepatoxicity and nephrotoxicity of remdesivir.
4.3 Limitations
Our study gave a brief on the potential ADE risk based on the COVID-19-associated cases of the FAERS in order to give some clues to ADE discovery and, if possible, help health professionals timely recognize ADEs and adjust their therapies. However, there are limitations in our study. First, data mining could only reflect some associations among “items” and does not provide enough evidence on causality. Second, as a spontaneous reporting system (SRS), the FAERS collected suspected ADE reports without requiring concrete evidence to prove the causalities between ADEs and drugs, and is also subject to reporting biases (i.e., reporters tend to report the ADEs which are of interest to them or maybe more confirmed by the public), which inevitably lead to under- or over-reporting. Third, there are significant differences in the frequencies of hot drugs (e.g., 9,517 cases for nirmatrelvir/ritonavir vs. 282 for sarilumab), and it is obvious that the lower the frequency, the less reliable the signal is. Fourth, the PRRs and their 95% CIs in this study were calculated against only the 60,000s COVID-19-associated cases, not the whole FAERS data; limited by the relatively small data amount, the possibility of false signals will increase. Last, for the ADEs of COVID-19 vaccines, the US FDA maintains another ADE reporting system (i.e., Vaccine Adverse Event Reporting System, VAERS), and the FAERS only received a relatively small number of the reports on vaccines. Thus, another ADE data mining work on COVID-19 vaccines based on the VAERS might be needed.
5 CONCLUSION
As one of the primary spontaneous reporting systems, the FAERS has accumulated a lot of ADE data which could be a great resource for data mining. COVID-19 is an emergent situation; many off-label therapies may bring too much ADE risk to the patients. Since the outbreak of COVID-19, the FAERS also has received quite a lot of ADE reports associated with COVID-19. Some data mining works also have been performed trying to figure out some meaningful signals. However, these works focused either only on some certain ADEs or only on some certain kinds of medicines (Ngai et al., 2022; Wu et al., 2022; Zhao et al., 2022). Hence, a work providing a whole picture based on the FAERS might be imperative and more helpful.
As far as we know, our work is the first, most comprehensive, and updated data mining based on the COVID-19 cases of the FAERS for recognitions of ADEs associated with COVID-19 therapies and prophylaxis. The result we offered in this article is a timely and convenient assistance and a panorama for pharmacovigilance in the containment of COVID-19, and may be helpful, if possible, for physicians to timely recognize any ADEs for their patients.
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