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Abstract: Individual differences in required drug dosages exist based on the pharmacogenomic
(PGx) profiles. This study aimed to assess associations between PGx profiles and adverse drug reactions
(ADR) that lead to admissions to the emergency department (ED). ADR cases of the prospective
multi-center observational trial in EDs (ADRED study) were analyzed (n = 776) together with the
relevant PGx phenotypes of the enzymes CYP2D6, CYP2C19, CYP2C9, and VKORC1. Overall, the allele
frequency distribution in this cohort did not differ from the population frequencies. We compared
the frequencies of phenotypes in the subgroups with the drugs suspected of certain ADR, in the
remaining cases. The frequency distribution of CYP2C19 differed for the ADR bleeding cases suspected
of clopidogrel (p = 0.020). In a logistic regression analysis, higher CYP2C19 activity (OR (95% CI): 4.97
(1.73−14.27)), together with age (1.05 (1.02−1.08)), showed an impact on the clopidogrel-suspecting ADRs,
when adjusting for the clinical parameters. There was a trend for an association of phenprocoumon-risk
profiles (low VKORC1 or CYP2C9 activity) with phenprocoumon-suspecting ADRs (p = 0.052). The PGx
impact on serious ADRs might be highest in drugs that cannot be easily monitored or those that do not
provoke mild ADR symptoms very quickly. Therefore, patients that require the intake of those drugs
with PGx variability such as clopidogrel, might benefit from PGx testing.
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1. Introduction

Adverse drug reactions (ADRs) are common phenomena that impact our health system. Around 6.5%
of all consultations in the hospital emergency department (ED) are caused by serious ADRs [1–3] that
mainly affect older, multi-medicated patients [4]. The majority of ADRs is expected to be dose-related,
thereby underlining the importance of choosing the right dose for a patient [5].

Pharmacogenomics (PGx) is the study of the inherited variability affecting individuals’ responses
to drug treatment [6]. PGx was described to smoothen the way for personalized medicine, improving
the efficacy and safety of drug treatment [7], as well as offering a probable cost-effective solution by
preventing serious ADRs [8]. In systematic reviews, those drugs that commonly cause ADRs are shown to
be metabolized by polymorphic enzymes [9], which might have a clinical impact on required dosages.
Especially, the pharmacogenomic variance in the phase-I enzymes of the cytochrome P450 (CYP) system,
which reduces or increases the rate of drug metabolism, is of clinical importance for choosing the
right drug dosage [6]. Effective drug dosages can vary up to 10-fold between patients, based on
individual pharmacogenomic profiles [10]. Therefore, individuals might be easily overdosed with standard
drug dosages, potentially leading to ADRs. Often affected is the metabolism of drugs acting on the central
nervous system, such as antidepressants or antipsychotics. Interestingly, those substance classes might
play a role for ADRs presenting to the ED [11]. However, a lack of clinical trials that aim to demonstrate
the advantages associated with pharmacogenomic testing was often pointed out [12].

So far, the evidence for a clinical PGx effect on ADRs is probably best for non-dose-related
hypersensitivity reactions, such as carbamazepine induced Stevens-Johnson syndrome in the carriers
of the HLA-B*1502 allele [13], or abacavir-related hypersensitivity in the carriers of the HLA-B*5701
allele [14]. However, there is also increasing evidence that the clinical outcome of patients is better when
pharmacogenomic testing results in treatment modifications and adjustments of dosages, which can reduce
ED visits and hospitalizations [15]. Apart from this, many dosing guidelines exist for recommending
dose modifications in special PGx phenotypes, such as for the vitamin K antagonist warfarin, or the
opioid codeine [16,17]. Currently, a large European prospective randomized controlled trial is testing the
hypothesis to prevent ADRs with preemptive pharmacogenomic testing [18].

We aimed to assess the importance of pharmacogenomic profiles with regards to the occurrence of
serious ADR, in the cases with pharmacogenetic biosamples from our ADRED study.

1.1. Study Population

A subset of the multi-center observational study on ‘Adverse Drug Reactions in Emergency
Departments’ (ADRED; trial registration: DRKS-ID: DRKS00008979) was analyzed. In brief, the ADRED
study collects cases of ADRs in four large emergency departments of tertiary care and academic teaching
hospitals in Germany, thereby, presenting 6.5% of all ED admissions [1]. More information on study design
and enrolment is published elsewhere [1,11].

Inclusion criteria were adult patients, presenting with symptoms, which according to the
WHO-Uppsala Monitoring Centre (UMC) system for causality assessment were seen in a possible,
probable, or certain relation to a drug (definition of an ADR). This causality assessment was done by
study personnel that consisted of trained physicians and pharmacists, respectively. All patients agreed to
participate in the study and provided written informed consent. All cases derived from the first funding
phase of the ADRED study (from December 2015 to December 2018) with available biosample were
included in the analyses. The study was approved by the responsible ethical committee of the University
of Bonn (202/15; 3 November 2015).
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1.2. Data Collection

Demographical and clinical data were collected. The current drug intake was documented, and a
causality assessment on each drug taken was performed by our study personnel. All symptoms that were
seen in the context of the ADR were documented on ED arrival. Symptoms were classified according to the
medical terminology for drug regulatory authorities (MedDRA) [19] and were documented as low-level
terms (LLT). According to MedDRA, every LLT was connected to a higher-level preferred term (PT),
which was again connected to the highest level, to system organ classes (SOC). We analyzed symptoms on
the PT level, according to the regulatory approach. Comorbidities as diagnoses and admission diagnoses
were coded according to the International Classification of Diseases (ICD) version 10 [20]. Diagnoses were
evaluated at the second level of the ICD-10 coding system.

Patients’ glomerular filtration rate (GFR) was calculated, based on the serum creatinine level at the
time of ED admission, using the formula of the Chronic Kidney Disease Epidemiology Collaboration
(CKD-EPI) for those patients with available information of serum creatinine on ED presentation [21].
Therefore, the patients with missing information about ethnicity were assumed as being white, as this was
the majority in our population.

1.3. Laboratory Methods and Assessment of Metabolic Profiles

Upon enrollment, biosamples which consisted of either blood or buccal swab were collected from
each participant who agreed and consented to the study. DNA extraction was done directly after receipt of
the samples in the research department of the German Federal Institute for Drugs and Medical Devices.
Genomic DNA was isolated using magnetic beads with the MagNA Pure LC DNA Isolation Kit—Large
Volume (Roche Diagnostics GmbH., Mannheim, Germany).

Pharmacogenomic testing was carried out using Agena Bioscience’s MassARRAY technology.
Genotyping of the pharmacogenes was done using the iPLEX® PGx 74 Panel, together with the VeriDose™
CYP2D6 CNV Panel (both Agena Bioscience, Inc., San Diego, CA, USA). The latter assay detects copy
number variations (CNVs) for CYP2D6, even in the presence of non-functional hybrid alleles, including *36,
*13, and *68. Based on the called genotype haplotypes, respective star-alleles were automatically generated
from the single markers, according to the Clinical Pharmacogenetics Implementation Consortium (CPIC)
star-allele nomenclature. Haplotype determination was always performed, even if a single marker was
missing for a gene. The individual haplotypes, in turn, form diplotypes that can be directly translated to
metabolic profiles, either by looking up in the translation tables of the Human Cytochrome P450 Allele
Nomenclature Database, if available, or according to the literature. In the study presented, we assessed
phenotypes extrapolated from the genotypes of CYP2D6, CYP2C9, CYP2C19, and VKORC1, based on
involvement in the metabolism of the most frequent suspected drugs that caused ADRs in our sample.
Diplotypes for CYP2D6 were interpreted by taking the copy number and the hybrid alleles into account,
in order to assess the number of functional alleles and to determine the activity score. Based on the
activity score, diplotypes were classified into metabolic phenotype groups, according to a recent consensus
recommendation by CPIC and the Dutch Pharmacogenetics Working Group [22].

1.4. Statistical Analysis

All continuous variables were tested for normal distribution using the Kolmogorov–Smirnov test.
As all continuous variables were not normally distributed, population characteristics were described by
the medians and interquartile ranges for continuous variables. The categorical variables were shown in
absolute numbers and percentages. We assessed the five most frequent admission diagnoses as ICD codes
and symptoms at a PT level, respectively. Further, we determined the ten drug substances most often
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suspected to cause the ADR. For each of the suspected drugs assessed, we calculated the frequencies and
analyzed the most common admission diagnoses and symptoms and their respective frequencies.

We calculated frequencies of metabolic profiles of relevant polymorphic pharmacogenes that alter
dose requirements (CYP2D6, CYP2C9, CYP2C19, and VKORC1) and compared their frequency distribution
with the distribution in the European population, according to the freely available frequency tables on the
website of PharmGKB, based on the work of the Clinical Pharmacogenetics Implementation Consortium
(CPIC®) [23]. The tables that gave the relative frequencies of phenotypes were assessed in May 2020. Thus,
we calculated the significance of differences using the browser-based tool QuickCalc of the GraphPad
website, for comparing the observed and expected frequency distribution using chi-square test [24].

Furthermore, metabolic profiles were compared with the initial triage in the ED, the seriousness of
the ADR on ED arrival and the condition at discharge, respectively. In the next step, all frequent admission
diagnoses and symptoms of ADRs were compared with the metabolic phenotypes. Finally, we compared
the frequency of the metabolic phenotypes with the frequency of often-suspected substances, with the
known pharmacogenomic variance. Thereby, we assessed the ten most frequent suspected substances for
their metabolic pathways.

We defined a drug as a substrate of a polymorphic pharmacogene, according to high evidence
information, such as available clinical guidelines on the database of PharmGKB [25], and compared the
frequency distribution of the respective metabolic phenotypes with the suspicion of this drug to cause ADR.

To assess the influence of metabolic phenotypes on the frequent given anticoagulant phenprocoumon,
we combined the CYP2C9 and VKORC1 results in an anticoagulant activity risk profile. Patients that
were CYP2C9 normal metabolizer (NM) and VKORC1 normal clotter (NC) were defined as low risk.
Patients with either CYP2C9 IM or PM status or VKORC1 intermediate clotter (IC) or poor clotter (PC)
were defined as intermediate risk. Patients with low activity of CYP2C9 (intermediate metabolizer (IM) or
poor metabolizer (PM)) and low activity of VKORC1 (IC or PC) were defined as high-risk patients for
anticoagulant activity.

For each comparison, we used a chi-square test to assess statistically significant differences for
the phenotype distribution and a Mantel–Haenszel test testing for a linear trend in the anticoagulant
activity risk-profile. A z-test calculated significance levels between single phenotype groups, adjusting
for multiple testing using Bonferroni correction. For the suspected substances with a significant impact
of the pharmacogenomic profile, we further conducted logistic binary regression analyses. Therefore,
we transformed the phenotype in a binary parameter. Those phenotypes that showed a reduced
enzyme activity (IM and PM) were combined, and likewise those, with normal and high enzyme activity
(normal metabolizer (NM), rapid metabolizer (RM), and ultra-rapid metabolizer (UM)) were summarized.
This parameter was presented as CYPsum. Likewise, the anticoagulant activity profile was summarized
by combining high and intermediate risk versus low risk. We calculated two logistic regression models,
including the summarized parameter, first, adjusting for age and sex, and second, adding the number
of comorbidities and the number of all drugs taken to adjust for clinical multi-morbidity. Thereby,
we calculated the odds ratios (OR) and the corresponding 95% confidence intervals (CI). The statistical
analyses were conducted with the IBM® SPSS®Statistics (Version 25, IBM Inc., Armonk, NY, USA).

2. Results

In total, 776 patients were presented to one of the four EDs due to an ADR and provided biomaterial
for genotyping. All genotyped markers included in the iPLEX® PGx 74 Panel to derive the metabolic
profiles of the genes CYP2C9 (#10 markers), CYP2C19 (#8), VKORC1 (#1) were in a Hardy–Weinberg
Equilibrium (HWE). Derivation of the metabolic profiles for CYP2D6 were also based on all available
markers (#15) in the panel, although four markers (rs16947, rs28371725, rs3892097, and rs5030655) showed
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significant (p < 0.05) deviations from HWE in our sample. The overall call rate after quality control
was 91.2%. A list of all corresponding diplotypes of the genes CYP2D6, CYP2C9, CYP2C19, and VKORC1,
together with their respective phenotypes can be found in the supplement (Table S1).

The 776 patients were mainly older (median 70 years), multi-morbid (median 6 diseases),
multi-medicated (median intake of 8 concomitant drugs), and presented with mostly serious and urgent
ADRs to the ED. Characteristics of the study population are presented in Table 1.

Table 1. Characteristics of the study population. Continuous variables are presented as median (interquartile
range). Categorical variables are presented in absolute numbers (percentages).

Missing (n) Cases, n = 776

Age (Years) - 70 (56; 79)
Sex (Male) - 445 (57.3%)

Ethnicity (Caucasian) 20 (2.6%) 752 (96.9%)
Drugs taken (Number) - 8 (5; 11)

Drugs Suspected - 1 (1; 2)
Comorbidities (Number) - 6 (4; 10)
GFR (mL/min/1.73 m2) 356 (45.9%) 66.4 (44.1; 89.2)

Hospitalized - 746 (96.1%)
Length of Stay (Days) 30 (3.9%) 7 (4; 10)

Triage in the ED 7 (0.9%)
Red 104 (13.4%)

Orange 300 (38.7%)
Yellow 290 (37.4%)

Green/Blue 75 (9.7%)
Admission diagnoses

(Number) - 2 (1; 2)

K92 134 (17.3%)
N17 62 (8.0%)
E87 53 (6.8%)
D62 57 (7.3%)
R55 43 (5.5%)

Symptoms (PT, Number) - 3 (2; 5)
General Physical Health

Deterioration 178 (22.9%)

Dyspnea 144 (18.6%)
Dizziness 123 (15.9%)
Nausea 111 (14.3%)

Blood Stool 110 (14.2%)
Seriousness on ED

Arrival -

Non serious harm 33 (4.3%)
Hospitalization required 669 (86.2%)

Life-threatening 74 (9.5%)
Condition at Discharge 14 (1.8%)

Recovered 38 (4.9%)
Not Recovered 65 (8.4%)

Condition Improved 638 (82.2%)
Persistent Harm 3 (0.4%)

Death 18 (2.3%)
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Table 1. Cont.

Missing (n) Cases, n = 776

CYP2D6 Phenotype 36 (4.6%)
UM 25 (3.2%)
NM 394 (50.8%)
IM 272 (35.1%)
PM 49 (6.3%)

CYP2C19 Phenotype 18 (2.3%)
UM 30 (3.9%)
RM 192 (24.7%)
NM 307 (39.6%)
IM 201 (25.9%)
PM 28 (3.6%)

CYP2C9 Phenotype 14 (1.8%)
NM 496 (63.9%)
IM 239 (30.8%)
PM 27 (3.5%)

VKORC1 Phenotype 51 (6.6%)
NC 259 (33.4%)
IC 342 (44.1%)
PC 124 (16.0%)

Bold text presents subheadings; GFR: glomerular filtration rate; Triage in ED: red: resuscitation; orange: emergency;
yellow: urgent; green/blue: semi-urgent/nonurgent; K92: Other diseases of digestive system; N17: Acute renal failure;
E87: Other disorders of fluid, electrolyte and acid-base balance; D62: Acute post-hemorrhagic anemia; R55: syncope and
collapse; PT: preferred term according to MedDRA; UM: ultra-rapid metabolizer; RM: rapid metabolizer; NM: normal
metabolizer; IM: intermediate metabolizer; PM: poor metabolizer; NC: normal clotter; IC: intermediate clotter; and PC:
poor clotter.

Patients were admitted to the ED with a median of two different admission diagnoses. In general,
256 different admission diagnoses were given to our study population on ED admission. A large part of the
patients were admitted due to a drug-associated gastrointestinal bleeding presented by the most frequent
admission diagnosis (17.3% K92: Other diseases of the digestive system—melena and hematemesis) and
other bleeding events, such as acute post-hemorrhagic anemia (7.3% D62). Patients presented with a
symptom complex of a median of three different symptoms forming the clinical appearance of the ADR.
In total, patients complained about 357 different symptoms on ED arrival. The most common symptom was
a rather unspecific general physical health deterioration that was seen in 22.9% of our study population.

In total, 324 different drugs were suspected for causing the symptoms leading to ED presentation in
our cohort. Antithrombotic agents were prominent in those suspected drugs that presented half of the ten
most frequently suspected drugs. More precise information on the most common admission diagnosis and
symptom per patients with suspected drug can be found in Table 2. Table 2 shows the 10 most frequently
suspected drugs for causing the ADR, leading to ED presentation and their respective admission diagnoses
on an ICD level 2, and symptoms on a PT level per patient with suspected drug use (Table 2).

The ten drugs most often suspected for causing the ADR on ED presentation led mainly to
bleeding events, such as gastrointestinal bleedings. Of the ten substances, we further analyzed those
that were known to be affected by the polymorphic enzyme metabolism to a significant degree (major
enzyme involvement). Five substances used for further analyses were—phenprocoumon and the effect of
the CYP2C9 and VKORC1 phenotypes, clopidogrel and the effect of the CYP2C19 phenotype, metoprolol
and bisoprolol and the effect of the CYP2D6 phenotype, and finally ibuprofen and the effect of the
CYP2C9 phenotype.
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In the overall study population, the frequency distribution of phenotypes did not differ significantly
from the phenotype distribution of the European population given in the CPIC frequency tables provided
by PharmGKB.

Table 2. Frequent admission diagnoses and symptoms per patients with suspected substance use.

Drug Frequency Suspected, n (%) Admission Diagnosis, n (%) Symptom, n (%)

Acetylsalicylic Acid 96 (12.4) K92, 60 (62.5) Blood stool, 48 (50.0)
Phenprocoumon 60 (7.7) K92, 21 (35.0) Blood stool, 19 (31.7)

Prednisolone 53 (6.8) K92, 8 (15.1) Fever, 14 (26.4)
Clopidogrel 45 (5.8) K92, 27 (60.0) Blood stool, 23 (51.1)
Rivaroxaban 45 (5.8) K92, 21 (46.7) Blood stool, 17 (37.8)
Metoprolol 40 (4.1) R55, 12 (30.0) Dizziness, 16 (40.0)
Ibuprofen 38 (4.9) K92, 10 (26.3) Nausea, 9 (23.7)
Bisoprolol 32 (4.1) I48, 9 (28.1) Bradycardia, 9 (28.1)

Torasemide 30 (3.9) E87, 12 (40.0) Dizziness, 10 (33.3)
Apixaban 30 (3.9) K92, 22 (73.3) Blood stool, 16 (53.3)

K92: Other diseases of digestive system; R55: syncope and collapse; I48: atrial fibrillation and flutter; E87: Other disorders
of fluid, electrolyte, and acid–base balance.

We tested whether the frequency in the metabolic profiles differed in the subgroups of
clinical conditions, such as the triage group, seriousness on ED arrival, or condition at discharge.
No difference in phenotype frequency was detected in any of these conditions. Comparisons of triage
degree, seriousness, and discharge condition can be found in the Supplementary Material (Table S2).

When comparing frequent admission diagnoses and symptoms with phenotype frequencies,
we found an association of the CYP2C19 phenotype distribution with the admission diagnosis D62
(acute post-hemorrhagic anemia, p = 0.028), with a higher CYP2C19 activity (more RM and less NM,
both p < 0.05) associated with that diagnosis. Comparisons of frequent admission diagnoses and symptoms
with metabolic phenotypes can be found in the Supplementary Material (Table S3).

Overall, suspecting clopidogrel for causing the ADR was associated with the CYP2C19 phenotype
(p = 0.020). A higher activity of CYP2C19 with more clopidogrel-suspecting ADR cases was observed.
The single difference for the phenotype groups differed significantly for IM (p < 0.05), but not for the
other single phenotype groups, due to the small sample sizes. Those patients where clopidogrel was not
suspected were 3.9% (n = 28) UM, 24.9% (n = 178) RM, 39.6% (n = 283) NM, 27.9% (n = 199) IM, and
3.6% (n = 26) PM. In contrast, those patients where clopidogrel was suspected were 4.5% (n = 2) UM,
31.8% (n = 14) RM, 54.5% (n = 24) NM, 4.5% (n = 2) IM, and 4.5% (n = 2) PM. Figure 1 shows the different
frequencies of the CYP2C19 phenotypes and the suspected clopidogrel.

As the CYP2C19 phenotype was associated with suspecting clopidogrel ADRs, we included the
CYP2C19sum phenotype in two logistic regression models, to assess its influence together with the clinical
factors to control for the effects of age and sex, and for the clinical multi-morbidity presented by the number
of comorbidities and the number of drugs taken. The CYP2C19sum phenotype summarizes low enzyme
activity (IM and PM) and high enzyme activity (NM, RM, and UM). The results of the two models are
pictured in Table 3.

In the logistic regression analysis, higher CYP2C19 activity (NM, RM, and UM) as presented by the
CYP2C19sum phenotype, together with age, showed an impact on suspecting clopidogrel for an ADR,
leading to ED presentation in both models. The effect of the CYP2C19sum phenotype was higher than
the age effect and even increased slightly when including other clinical factors in the model (OR1 4.85
(1.70–13.87) and OR2 4.97 (1.73–14.27)).
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Figure 1. Differences in the metabolic phenotypes of CYP2C19 (p = 0.020) for not suspecting clopidogrel
(blue columns) and suspecting clopidogrel (orange columns). UM: ultra-rapid metabolizer; RM: rapid
metabolizer; NM: normal metabolizer; IM: intermediate metabolizer; PM: poor metabolizer.

Table 3. Results of regression analyses for suspecting clopidogrel, based on the CYP2C19 enzyme activity.

Age-Sex Adjusted OR (95% CI) 1 Multi-Adjusted OR (95% CI) 2

CYP2C19sum (NM, RM, UM) 4.85 (1.70–13.87) 4.97 (1.73–14.27)
Age (Years) 1.05 (1.02–1.08) 1.05 (1.02–1.08)
Sex (Male) 1.05 (0.55–2.00) 1.13 (0.59–2.16)

Comorbidities (Number) - 1.05 (0.98–1.12)
Drugs taken (Number) - 1.06 (0.98–1.15)

1 Model including the CYP2C19sum phenotype, age, and sex (R2 = 0.08). 2 Model including the CYP2C19sum phenotype,
age, sex, number of comorbidities, and number of drugs taken (R2 = 0.11).

Of those 45 ADR cases that were suspected to be caused by clopidogrel, 30 ADR (66.7%) were assessed
as possible and 15 (33.3%) as probable relation to clopidogrel intake. Nearly all cases (44, 97.8% (1 case
with missing information)) took a dose of 75 mg once daily. Information about indication for the intake
of clopidogrel was available for 34 patients (75.6%), with chronic ischemic heart disease (I25: 22 (48.8%))
being the most common indication for treatment with clopidogrel. Of those 45 clopidogrel-suspecting ADR
cases, 30 (66.7%) took additional acetylsalicylic acid (ASA), 8 (17.8%) took phenprocoumon, 6 (13.3%) took
rivaroxaban, 3 (6.7%) took apixaban, 3 (6.7%) took ibuprofen, and 3 (6.7%) took prednisolone. None of those
additional drugs was suspected to cause bleeding events. Of all clopidogrel-suspecting cases, 35 (77.8%)
patients took a proton pump inhibitor (PPI), of which 4 (8.9%) took a PPI with strong inhibiting properties
on CYP2C19 (esomeprazole, omeprazole). No other drug known as a CYP2C19 inhibitor (fluconazole,
fluoxetine, fluvoxamine, ticlopedine, felbamate, voriconazole) was taken by the patients with suspected
clopidogrel ADRs [26]. In contrast, one patient (2.2%) who was a CYP2C19 NM took a strong CYP2C19
inducer (rifampicin).

The frequency distribution of the CYP2C9 phenotype did not differ significantly in the subgroup of the
phenprocoumon-suspecting ADRs, compared to the rest. The same was true for the VKORC1 phenotypes.
When combining the CYP2C9 and VKORC1 phenotypes into groups predicting anticoagulant activity, there
was a trend for a higher frequency of the genotype groups predicting high anticoagulant activity in the ADR
subgroup with a suspected phenprocoumon causative agent (p = 0.052), with no suspected phenprocoumon
versus suspected phenprocoumon in low risk 24.0% (n = 161) versus 13.0% (n = 7), in intermediate risk
53.9% (n = 362) versus 57.4% (n = 31), and high risk profiles 22.1% (n = 148) versus 29.6% (n = 16),
respectively. Figure 2 shows the frequency of the combined VCORC1 and CYP2C9 phenotype groups,
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sorted according to the anticoagulant activity, in comparison between the two groups—ADR cases without
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Figure 2. Differences in pharmacogenetic anticoagulant activity risk profiles for no suspected
phenprocoumon (blue columns) and suspected phenprocoumon (orange columns), p = 0.052. Low risk
was defined as being CYP2C9 NM and VKORC1 NC. Intermediate risk was defined as having either
low CYP2C9 activity (intermediate metabolizer (IM) or poor metabolizer (PM)) or low VKORC1 activity
(intermediate clotter (IC) or poor clotter (PC)). High-risk patients were those with a low CYP2C9 activity
and a low VKORC1 activity.

Even though only a statistical trend towards significance was observed, we included the summarized
anticoagulant activity phenotype (anticoagulant activitysum) in two logistic regression models to assess
its influence together with the clinical factors, to control for the effects of age and sex, and for the
clinical multi-morbidity presented by the number of comorbidities and the number of drugs taken.
The anticoagulant activitysum phenotype summarizes the high and intermediate risk (low CYP2C9 activity
(IM or PM) or/and low VKORC1 activity (IC or PC)) versus low risk (CYP2C9 NM and VKORC1 NC).
The results of the two models are pictured in Table 4.

Table 4. Results of the regression analyses for suspected phenprocoumon based on the pharmacogenomic
anticoagulant activity-profile.

Age-Sex Adjusted
OR (95% CI) 1

Multi-Adjusted
OR (95% CI) 2

Anticoagulant Activitysum (Intermediate/High Risk) 1.90 (0.83–4.33) 1.90 (0.83–4.34)
Age (Years) 1.03(1.01–1.05) 1.03 (1.01–1.05)
Sex (Male) 0.71 (0.39–1.31) 0.71 (0.39–1.32)

Comorbidities (Number) - 1.00 (0.92–1.08)
Drugs Taken (Number) - 1.00 (0.93–1.08)

1 Model including anticoagulant activitysum phenotype, age, and sex (R2 = 0.04). 2 Model including anticoagulant
activitysum phenotype, age, sex, number of comorbidities, and number of drugs taken (R2 = 0.04).

In the logistic regression analysis, the pharmacogenomic anticoagulant activity profile (intermediate
and high risk) showed no effect on the suspected phenprocoumon for an ADR, when adjusting for clinical
parameters, but age showed an effect in both models (OR1 and OR2, both 1.03 [1.01–1.05]).
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Neither suspected metoprolol nor bisoprolol were found to be associated with CYP2D6 phenotype,
when considered separately or when taken together. Likewise, suspected ibuprofen was not associated
with the CYP2C9 phenotype.

3. Discussion

This study showed, for the first time, a clinical effect of the pharmacogenomic profiles for a large cohort
of ADR cases treated in EDs. The PGx effect on the ADR cases was prominent at higher activity of CYP2C19,
presenting with an ADR that was caused by the CYP2C19 substrate clopidogrel, but anticoagulant activity
determined by the pharmacogenomics risk profiles of CYP2C9 combined with VKORC1 also showed an
impact on the phenprocoumon-suspecting ADRs.

The finding that a higher activity of CYP2C19 was associated with a clopidogrel-suspecting ADR case
causing the observed symptoms, was in line with other data. The oral antiplatelet agent clopidogrel was a
prodrug, which was extensively metabolized into its active metabolite. Therefore, two sequential oxidative
steps were needed, which were both performed by the polymorphic CYP2C19 [27]. Another study showed
an increased risk of the bleeding events in the carriers of the CYP2C19*17 allele within 30 days after
percutaneous coronary intervention (PCI) and concomitant intake of ASA [28]. A second study found
an association of CYP2C19*17 on the bleeding events, up to one month after PCI [29]. Interestingly, in
our study sample, nearly a quarter was at least heterozygous for the *17 allele (24.7% RM and 3.9% UM
(homozygous)). Frequency distribution of the CYP2C19 phenotypes did not differ from an expected
distribution in the European population, underlining that this population was not a special selection
and pointing towards a general risk for patients that receive treatment with clopidogrel. Strikingly,
the admission diagnosis of acute post-hemorrhagic anemia was likewise associated with a higher CYP2C19
enzyme activity, pointing to occult bleedings. However, sample sizes per suspected drug were too small for
further analyses and the collection of more ADR cases together with biomaterial for genotyping is needed.

We do not know for how long the patients took clopidogrel prior to ED presentation in our dataset.
However, most patients took clopidogrel for a chronic condition and in a third without any concomitant
intake of ASA. This might be explained by an intolerance of ASA or more likely by a history of bleeding.
It is often recommended to discontinue dual antiplatelet treatment (DAPT) with ASA and a P2Y12 inhibitor
such as clopidogrel, after recurrent bleeding events [30]. Especially, discontinuation of clopidogrel was
shown to be associated with coronary stent thrombosis leading to a discontinuation of ASA in the case of
recurrent bleedings [31,32]. However, recurrent gastric ulcer bleeding was more common with clopidogrel
compared to ASA single antiplatelet treatment (SAPT), in combination with a proton pump inhibitor [33].
Treatment decision about discontinuation of DAPT and the choice for a specific drug for SAPT remains a
challenge in clinical reality. It might be that higher risk patients tend to be treated with clopidogrel more
frequently, however outcomes seem comparable for SAPT with clopidogrel or ASA [34]. Something crucial
to add is that PPIs that are usually given to prevent gastro intestinal bleeding can become ineffective
on regular doses, due to reduced PPI plasma concentrations in CYP2C19 UM or RM [35]. Moreover,
not only the genotype but also the drug–drug interactions can have an impact on the resulting phenotypes.
Through CYP-enzyme inhibition, genotypic NM might eventually present phenotypically as PM [36].
The same way could lead to less UM with CYP-inhibiting co-medication than when extrapolated from
a genotype. As in this study the presented patients were mainly multi-medicated, it is likely that the
phenotypes would appear with less activity than expected, based on the genotype. However, in the case of
clopidogrel PPIs, mostly known mild CYP2C19 inhibitors were taken by our population. In our dataset,
clopidogrel was the most frequent P2Y12 inhibitor taken. Prasugrel, which is meant to be metabolized via
alternative pathways and not via CYP2C19, was rarely taken by our population (n = 3) and was never
suspected to cause an ADR. The prominent use of clopidogrel, compared to prasugrel, was in line with
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German prescription data [37]. Our results suggested that the decision about the right SAPT drug or
the decision about the benefit–risk ratio of DAPT might differ, based on the pharmacogenomic profile.
Interestingly, high CYP2C19 activity was associated with a clopidogrel-suspecting ADR, together with age,
even when adjusting for other clinical parameters. Further studies on the benefit and risks of clopidogrel
in SAPT or DAPT in the carriers of the CYP2C19*17 allele are needed, especially in the context of aging.

In our study, there was a statistical trend of pharmacogenomic high-risk profiles with anticoagulant
activity being associated with phenprocoumon-suspecting ADRs. However, this effect was not present
when adjusting for clinical parameters, while age reached significance. Although the sample size was
too small to reach statistical significance, the finding was in line with the current knowledge of the
PGx risk. The vitamin K antagonist (VKA) phenprocoumon is known to be metabolized by CYP2C9,
amongst others, and decreasing function variants such as *2 or *3 were described to lead to a decreased
metabolic capacity [38]. VKA such as phenprocoumon or warfarin, block a subunit of the enzyme
vitamin K epoxidase reductase (VKOR), which leads to a lesser reactivation of vitamin K, resulting to a
decrease in blood clotting activity. A polymorphism in this subunit of VKORC1 was known to lead to a
higher sensitivity for VKA [39]. The CYP2C9 and the VKORC1 polymorphism might both influence dose
stability and anticoagulation quality in phenprocoumon users [40]. While CYP2C9 is the major enzyme
for the metabolism of warfarin, the VKA phenprocoumon used here was also metabolized by CYP3A4,
which exposed it to many potential drug–drug or drug–food interactions. In this study sample, we did not
control for food interactions or for drug–drug interactions that affected the phenprocoumon metabolism.
Other studies showed that one or more genetic polymorphisms in those genes affect the occurrence of
VKA-associated ADRs, such as phenprocoumon-associated bleeding [41–43]. However, anticoagulation
with VKA was usually monitored by regular measurement of the international normalized ratio (INR),
thereby providing a pharmacodynamic drug monitoring that offers the possibility for adjusting doses,
based on an INR therapeutic range. This might explain why PGx-associated phenprocoumon-suspecting
ADRs were not that prominent in our dataset. In comparison, the above-mentioned drug clopidogrel did
not lead to symptoms and did not show any effect that can be easily measured.

The same explanation might be true for beta-blockers and ibuprofen. These drugs would usually
lead to symptoms such as bradycardia and dizziness in the case of beta-blockers or nausea, and gastric
pain in the case of ibuprofen, when extremely high individual doses are given. It is expected that these
mild ADRs would lead to a discontinuation of treatment or a treatment modification [44]. Therefore,
the pharmacogenomic variance would impact mostly those drugs that do not present with mild ADR,
such as clopidogrel or phenprocoumon. In those drugs, we expect an individual difference in drug
exposure, based on the pharmacogenomic profile and the altered drug metabolism that leads to occurrence
of serious ADRs.

We assume our study population to be at least partially generalizable, as this was an older, multi-morbid,
and multi-medicated cohort, which was in line with other studies of ADR in EDs [11,45]. Antipsychotics
and antidepressants were not among the drugs most frequently suspected in absolute number in the
present study. This might be due to the fact that no hospitals that enrolled these patients had a
psychiatric ward. However, when analyzing the numbers of the suspected drugs in relation to its intake
frequency, those drugs acting on the central nervous system, such as antipsychotics and antidepressants,
were prominently associated with suspected ADRs, as shown in the larger dataset of the ADRED
study [11]. There might be some limitations to the generalizability, as nearly all patients in our study
sample were hospitalized. As the genetic testing needed informed consent, enrollment of patients was
probably easier in hospitalized patients and those that stayed longer in hospital. Further, we expect the
number of patients that died or became unconscious due to a serious ADR to be underrepresented in
our study sample, due to the enrollment strategy for getting informed consent. Some findings need a
more precise analysis that would need larger sample sizes, such as those comparisons of single metabolic
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phenotypes, single symptoms, and admission diagnoses. In addition, there might be another limitation in
the interpretation of genotype results, as this is a constantly developing field and new findings always need
to be considered. Therefore, the extrapolation of phenotypes from genotypes has limitations. Besides the
above-mentioned phenoconversion due to drug–drug interactions, extrapolation of phenotypes from
genotypes is challenging, especially in the case of CYP2D6. Discrepancies between phenotypes and
genotypes exist [46] and multiplicated active CYP2D6 alleles only explain a fraction of the UM phenotype
observed in Caucasian populations [47–50]. Additionally, the attribution of a CYP2D6 IM is based on
a genotype composed normally of one reduced and one null allele [51–53], while the kinetic profiles in
some IMs can be similar to those observed for PMs for some drugs [52]. Meanwhile, NMs cover large
metabolic ratios and are presented by a variety of functional, reduced, or non-functional alleles. In the
study presented, we used the most recent consensus statement for translating the CYP2D6 genotype into a
phenotype [22].

In terms of the strength of our study, to the best of our knowledge this was the largest study population
with serious dose-related ADRs and known pharmacogenomic profiles. While some reviews on this topic
exist [9,54], we could show for the first time a pharmacogenomic effect on specific ADRs, leading to patient
admission to the hospital ED.

4. Conclusions

We found a pharmacogenomic impact on serious ADRs leading to ED admissions. This impact might
be highest in the drugs that cannot be easily monitored or that do not provoke mild ADR symptoms
quickly, which itself could lead to treatment modifications and dose adaptation that prevent serious ADRs.
Therefore, in particular patients that require the intake of such drugs or prodrugs, respectively, with known
pharmacogenomic variability such as clopidogrel, codeine, PPIs or sulfonylureas, might benefit mostly
from pharmacogenomic testing to prevent those serious ADRs and decrease the workload of EDs.
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