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Dealing with adverse drug
reactions in the context of
polypharmacy using regression
models

Jakob Sommer{%2, Roberto Viviani**, Justyna Wozniak?, Julia C. Stingl* & Katja S. Just®**

Polypharmacy in older adults increases the risk of adverse drug reactions (ADRs), but studying this
relationship is complex. In real-world data, the high number of medications, coupled with rare drug
combinations, results in high-dimensional datasets that are difficult to analyze using conventional
statistical methods. This study applies horseshoe and lasso regression for analyzing rare events

in polypharmacy contexts, focusing on severe ADRs such as falls and bleedings. These regression
models are executed on a multi-center dataset compiling 7175 cases from the ADRED project to
detect potential ADR-associated drugs among 100 most common drugs in emergency department
admissions. Positive predictors are classified by using 50% and 90% credibility intervals. This study
demonstrates that regression models with horseshoe or lasso priors are effective for analyzing ADRs,
providing a comprehensive consideration of multiple factors in large, sparse datasets and improving
signal detection in polypharmacy, addressing a significant challenge in pharmacovigilance. Both
priors yielded consistent and clinically meaningful results. The horseshoe regression resulted in fewer
potential positive predictors overall, which could make it suitable as a diagnostic tool. While these
regressions generate valuable information, there are still challenges in setting appropriate thresholds
for determining and interpreting the positive results.
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Polypharmacy is common in multi-morbid and older patients as multiple diseases necessitate treatment
with different drugs at the same time!. There are multiple sources mentioning a correlation between adverse
drug reactions (ADRs), age, and polypharmacy?®. With the higher age of people, numbers of drugs increase
along with the risk for potentially serious ADRs*. A high number of drugs can result in pharmacokinetic or
pharmacodynamic drug-drug interactions (DDIs) adding to age-related morbidity resulting in ADRs’. Patients
with ADRs experience common consequences of ADRs like increased morbidity and mortality, leading to
extended hospital stays and increasing the costs up to 1.9 times®. Meanwhile, a substantial proportion of ADR-
related hospitalizations could be prevented”?®.

Falls or bleedings may serve as easily detectable ADRs occurring in older adults with polypharmacy®!°. There
is a high number of studies analyzing drug-associated ADRs, such as falls or bleedings, but with heterogeneous,
mostly observational study designs and often focusing on a certain drug or drug class, not respecting the
influence of the whole medication!'!"14. Thus, it can be difficult to conclude how a drug treatment should be
modified in an older adult>.

While studies often show older, multi-medicated adults affected by ADRs, the context of polypharmacy is
only poorly addressed in these studies, and it is often impossible to identify a specific drug as responsible for the
ADR!. A common approach to test the association between drugs and ADRSs is to evaluate many models, one
per drug, with the ADR as the outcome variable. In polypharmacy, the use of one drug may be associated in the
sample with the use of other drugs, and pharmacokinetic and ~dynamic DDIs may also provoke ADRs.

The problem becomes apparent in the use of real-world data for signal detection!®'”. Transforming drugs into
a matrix for regression analysis usually leads to several hundred rows per subject with rare events for every single
drug and drug combination. What essentially is called sparsity is particularly relevant in the pharmacological
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context, where a high number of predictors relative to the sample size is common. With only a small set of drugs
responsible for ADRs, many coefficients can be considered irrelevant. Conventional generalized linear models,
such as logistic regression are well-established and easily interpretable!®, but they are generally not suited for
analyzing many predictors with rare binary outcomes, as this often results in overfitting and poor predictive
performance!’, and eventually leads to under-reporting?® or highly variating numbers for the prevalences of
ADRs?!. Thus, there is a need for a more comprehensive and sophisticated analytical approach.

Compared to traditional logistic regression, Bayesian methods allow for a more comprehensive approach
by using a prior to control sparsity and handling a larger number of coefficients and covariates. This offers a
significant advantage for detecting drug-related ADRs, even in datasets with rare occurrences, making Bayesian
models particularly useful for signal detection in safety surveillance??. The lasso regression, for example, has
already been successfully applied in biomedical datasets®>**.

The horseshoe regression is a novel statistical technique which, to the best of our knowledge, has not been
applied to pharmacological data. It is particularly promising due to its ability to handle sparse data®®. The
regression uses a horseshoe prior to shrink coefficients towards zero, thereby avoiding overfitting and reducing
noise in data. Additionally, the horseshoe prior can perform variable selection?” and has been shown to be
robust to outliers?®. The same is true for lasso regression, which can apply a double-exponential or Laplace prior
to offer similar advantages®®. Overall, this regression technique leverages the strengths of handling sparsity and
performing variable selection while benefiting from the interpretability of a conventional generalized linear
regression model, especially in comparison with machine learning methods?.

The objective of this analysis is to apply two of these regression models, horseshoe and lasso regression for a
comprehensive event detection analysis of drug-ADR-relationships on a multi-center dataset.

Methods

Study database

The data utilized in this study was obtained from the ADRED-study (‘Adverse Drug Reactions in Emergency
Departments, ADRED; trial registration DRKS-ID: DRKS00008979). ADRED was a multi-center and prospective
observational study. Data collected between 2015 and 2021 in six large emergency departments (ED) of tertiary
care and academic teaching hospitals was used. All patients in this analysis agreed to participate and provided
written informed consent. The ADRED-study was conducted in accordance with the Declaration of Helsinki and
approved by the ethical committee of the University of Bonn (202/15). For more information on the study design
and participant recruitment, please refer to the published works>*, In brief, patient consultations to the ED that
were considered drug-related after standardized causality assessment for ADRs*! by trained study personnel
were subsequently enrolled in the study database. In previous analyses of this cohort, it became clear that the
study cohort primarily consisted of older adults with multiple existing medical conditions and polypharmacy>*.
The database includes various details such as patient demographics, drugs administered including over-the-
counter (OTC) drugs, and primary and secondary diagnoses.

Compilation of data

All ADR symptoms observed in relation to drug exposure, as determined through the standardized WHO-UMC
causality assessment system® on ED admission were thoroughly documented in the database. Trained study
personnel used the causality assessment to define symptoms as drug-related or non-drug-related. All symptoms
seenin an atleast possible relation to a drug were defined as ADRs according to pharmacovigilance guidelines®®32.
Symptoms classified as ADRs were coded according to the MedDRA terminology on a low-level term level. These
terms are summarized at a preferred term level, which is the standard level for pharmacovigilance analysis. Thus,
we used the preferred terms for describing the outcome ADRs*’. We analyzed falls diagnosed as ADR on ED
admission and coded them as preferred term. In case of bleedings, we used the SMQs (Standardised MedDRA
Query) to group all relevant preferred terms. To this end, we combined the SMQ “hematopoietic erythropenia”
and “hemorrhage terms” to define bleeding ADRs.

Data curation

The ADRED dataset consisted of 7967 cases, out of which 791 cases represent patients who made a subsequent
visit to the ED. We excluded one case due to missing medication records. To ensure accuracy, we only analyzed
the first presentation of each patient as subsequent visits may be affected by the treatment received during the
initial visit. Consequently, we removed the second presentation, leaving us with a reduced dataset of 7175 cases.

The ADRED database contained 1627 different substances. These were documented by trained study
personnel on ED admission. All drugs taken by the patient including OTC were documented. In the case of
an unclear description of the drug, a term as specific as possible was documented (e.g. antibiotic or analgesic).
Even with more sophisticated models, 1627 different variables could lead to overfitting and complicate data
interpretation. Hence, we opted to include the 100 most frequently used substances. To this end, we calculated
the mathematical optimum between the lowest amount of coefficient and the highest amount of the total sum of
all used drugs. Consequently, we excluded substances that appeared less than 32 times throughout the dataset.
As a result, we included 224 different drugs into the next step of the analysis.

Within these 224 different drugs, we excluded drug names that were too unspecific, such as those only
documented as “NSAID” or “immunoglobulin”. Additionally, combination drugs were separated into their
components, with a few exceptions. Specifically, we did not split combinations where one component is
pharmacologically insignificant and primarily serves to enhance the effect of the main substance (e.g.,
“amoxicillin/clavulanic acid”). In such cases, we retained only the main substance (e.g., “amoxicillin/clavulanic
acid” as “amoxicillin”, “oxycodone/naloxone” as “oxycodone’, “tilidine/naloxone” as “tilidine”) to increase the
number of data points for the primary substance in the analysis. We removed combination drugs that hold low
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pharmacological relevance and/ or food supplements, such as “macrogol/potassium chloride/sodium carbonate/
sodium chloride” or “calcium carbonate” or “potassium chloride” (Supplement 1). By sorting the resulting list
of different substances by their frequency within the ADRED dataset, we ended up with a list of the top 100
substances for our final analysis. To account for the excluded drugs that were not included in the final dataset,
we calculated the number of excluded medications for each case. Drugs not included in the analysis are shown
in Supplement 2.

To adjust for potential pharmacokinetic DDIs, we assessed drugs for being a substrate or inhibitor of relevant
cytochrome P450 (CYP) enzymes using the Drug Interactions Flockhart Table™*. To this end, we checked all
drugs for being substrates or inhibitors of CYP3A4, 2D6, 2C19, or CYP2C9 as these enzymes are involved in the
metabolism of the most important drugs.

Thus, we used patients’ basic information, including age (continuously in years), sex (male/ female), the
calculated number of excluded medications per patient case, the number of CYP2C9, CYP2C19, CYP2D6, and
CYP3A4 substrates, and inhibitors together with the 100 most common drugs in the final dataset. This resulted
in a dataset size of 7175% 112 (Fig. 1). We calculated models for the two chosen outcome ADRs “falls” and
“bleedings” separately.

Statistical analysis

Descriptive analysis was conducted for the final dataset to acquire medians and interquartile ranges (IQR) for
continuous and absolute numbers and percentages for categorical variables. Logistic regression models with
horseshoe and lasso priors were used to analyze the association of drugs with the occurrence of the outcome
ADRs. The 100 drugs included in the analysis served as possible predictors. We defined the number of excluded
drugs per case, age, sex, and the CYP substrates and inhibitors as relevant covariates to control for confounding
effects.

To configure the regularized horseshoe regression model, we first set up a logistic regression
(“family =binomial”) as a base model using the “stan_glm” function of the “rstanarm” library in the programming
language R%”%8. The stan_glm function allowed us to apply the hierarchical shrinkage prior right in the same step
(“prior=hs()”). However, the parameter required some modifications: Following the explanation of Piironen
and Vehtari?’, we calculated the “global_scale” to be the “ratio of the expected number of non-zero coefficients to
the expected number of zero coefficients, divided by the square root of the number of observations™¥, essentially
allowing a portion of the coefficients to escape the shrinkage. We expected alow number of influential predictors
as most of the drugs in our list of predictors were by experience and literature review not inducing the outcome
ADR. Therefore, we initialized the model through the global scale parameter for aggressive shrinkage, essentially
allowing the model to be stricter in the identification of non-zero-coefficients. Now, using “slab_scale”, we were
able to control how large the non-zero-coeflicients are allowed to grow. We set the “slab_scale” as the square-root
of the ratio of a constant and the number of non-zero-coefficients, then multiplied with the standard deviation
of the outcome variable, thereby incorporating a sparsity assumption into the “slab_scale” value. The code is
available under https://github.com/Fledermaus12/Horseshoe-Lasso-ADRED. Using these configurations, the
hierarchical shrinkage prior strikes a balance between regularization and permitting data-driven influence on
coefficient estimates. For the Bayesian lasso regression, we substituted the hs-formula with the “lasso”-formula
in the “stan_glm” function to apply the Laplace prior.

Beta parameters, meaning the posterior distribution of regression coefficients, were analyzed for both models
using the horseshoe and the lasso prior. 50% and 90% credibility intervals for each coefficient were analyzed and
plotted in figures. The credibility intervals suggest that there is a minimum chance of 50%, respective 90%, that
the true value of these predictors is non-zero. Therefore, if the posterior distribution of one drug does not cover
zero with its 50%-interval, we classified the predictor as at least light positive. If the 90%-interval additionally
does not cover the zero line, we classified the predictor as strong positive.

All statistical analyses were conducted with Python 3.7.11, Visual Studio Code 1.72, R 4.3.1, and R-Studio
2023.06.2.

Results
The study cohort comprised older adults with a median age of 72 years (IQR 58; 81), in 50.8% (n=3643) male
sex, and with a median intake of 7 (3; 10) drugs.

In median 1 (0; 2) drug per patient case was excluded from the analysis due to rare intake as described above.
In the fall analysis, n=455 ADR cases of falls occurred and were compared to n= 6720 cases of other ADRs (no
falls). In the bleeding analysis, n=1977 ADR cases of bleeding occurred and were compared to n=>5198 cases
of other ADRs (no bleeding).

Both horseshoe and lasso regression were successfully applied to the dataset to analyze associations between
drugs and outcome ADRs in the context of polypharmacy. Some differences between the distribution of
regression coefficients for drugs could be observed between the methods.

In both regression models analyzing fall ADRs, the confounding factors age, female sex, and the number of
CYP2C19 substrates showed positive associations (Figs. 2 and 3). Additionally, the lasso regression highlighted
a strong positive tendency for female sex and a positive tendency for the number of CYP2C9 substrates taken.

Both models identified levetiracetam and oxycodone as strong positive predictors, while citalopram, tilidine,
pregabalin, and lorazepam were recognized as light positive predictors (Table 1). Additionally, lasso regression
highlighted risperidone as a strong positive predictor, whereas the horseshoe regression classified it as a light
positive predictor. Lasso regression additionally identified hydrochlorothiazide, bisoprolol, zolpidem, levodopa,
benserazide, simvastatin, metformin, and hydromorphone as light positive predictors. Negative predictors of
both techniques are shown in Supplement 3.
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Fig. 1. Flowchart of the dataset and data preparation for analysis.

Concerning bleeding ADRs, in both regression models, the confounding factor age showed a strong positive
tendency, and the number of CYP2C19 substrates and inhibitors a light positive tendency (Figs. 4 and 5). As
a difference, the lasso regression also exhibited a light positive tendency for the number of CY2C9 substrates.

Both regression models classified phenprocoumon, edoxaban, rivaroxaban, apixaban, acetylsalicylic acid,
clopidogrel, metoclopramide, enoxaparin, ibuprofen, and pantoprazole as strong positive predictors and
tramadol and diclofenac as light positive predictors (Table 2). Lercanidipine, lactulose, and sitagliptin are
additionally classified as a light positive predictor by the lasso regression. Negative predictors are shown in
Supplement 4.

Discussion

This study highlights the feasibility of using Bayesian regression models with horseshoe or Laplace priors for
explorative analysis to detect potential drug candidates associated with a certain ADR. We were able to establish
a much more comprehensive consideration of multiple factors in large and sparse datasets as it would have been
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Fig. 2. The posterior distribution of regression coefficients (beta parameters) in the horseshoe regression to
the binary outcome fall. Each substance or confounder is represented in an individual row by a 50% interval
(thick inner lines) and 90% interval (thinner outer lines), thereby showing the posterior distribution of each

coeflicient. If the 50% interval includes the black-marked zero-line at the center, this coefficient does not have

any probable influence on the outcome fall.
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Fig. 3. The posterior distribution of regression coefficients (beta parameters) in the lasso regression to the
binary outcome fall. Each substance or confounder is represented in an individual row by a 50% interval
(thick inner lines) and 90% interval (thinner outer lines), thereby showing the posterior distribution of each
coeflicient. If the 50% interval includes the black-marked zero-line at the center, this coefficient does not have
any probable influence on the outcome fall.
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Falls —50% / 90% credibility intervals

Horseshoe

Lasso

Strong positive predictor

Levetiracetam 0.54-0.96 / 0.18-1.23 | 0.57-0.95/0.28-1.21
Oxycodone 0.21-0.63 / 0.00-0.90 | 0.25-0.63 / 0.03-0.88
Risperidone - 0.22-0.60 / 0.01-0.86

Light positive predictor

Risperidone

0.14-0.57 / -0.01-0.85

Citalopram

0.06-0.41 / -0.02-0.66

0.08-0.36 / -0.06-0.59

Tilidine/naloxone

0.03-0.31/-0.03-0.51

0.03-0.31/-0.03-0.51

Pregabalin

0.01-0.24 / -0.04-0.43

0.01-0.24 / -0.04-0.43

Lorazepam

0.01-0.28 / -0.06-0.56

0.05-0.33 /-0.09-0.56

Hydrochlorothiazide

0.02-0.19 /-0.07-0.32

Bisoprolol 0.02-0.16/ -0.07-0.28
Zolpidem 0.01-0.27/-0.13-0.54
Levodopa 0.01-0.28 / -0.14-0.54
Benserazide 0.01-0.29 /-0.14-0.57
Simvastatin 0.01-0.16 / -0.08-0.29
Metformin 0.01-0.17 /-0.10-0.31
Hydromorphone - 0.01-0.28 / -0.14-0.57

Table 1. Potential positive predictors of regression methods for the fall ADR using horseshoe and lasso priors.
Credibility intervals that do not cover zero are shown in bold text.

possible with the more commonly used traditional logistic regression, which is known to overfit or even run
into nonconvergence, especially in situations of high-dimensional data and rare events®. In situations close to
nonconvergence one can observe coefficients taking very high non-sensible values?’. It becomes necessary to
apply the usage of variable selection or shrinkage parameters to eliminate overfitting, for example by applying
priors to the regression formula*!. Despite the usage of different priors, the horseshoe and lasso models produced
consistent and clinically meaningful results, thereby confirming the effectiveness of both regression techniques.

The horseshoe regression’s shrinkage was able to reduce the long list of drugs to a small group of candidates,
which previously was linked to ADRs in the literature. Considering the shrinkage properties, coefficients were
naturally mostly centered around zero, though some tendencies remained evident. Similarly, lasso regression
shrank most coefficients towards zero due to the Laplace distribution as well, but the shrinkage appeared to be
less aggressive compared to the horseshoe model. This resulted in nearly twice the number of predictors for the
fall ADR within the lasso model. Both methods showed greater consistency in identifying predictors for the
bleeding ADR.

Overall, the horseshoe model applied stricter constraints than lasso regression. While lasso regression could
serve as a broader screening tool, the horseshoe model appears to be more suited in refining the analysis to
identify the strongest drug-ADR associations. This dual approach could enhance the accuracy and efficiency of
detecting potential ADR-associated drugs and offer a practical and thorough method for prioritizing drugs for
further investigation.

Among positive predictors in the fall analysis, we found several psychotropic drugs associated with falls,
which is in line with conventional studies analyzing drug candidates'2. However, in contrast to conventional
methods, our models respected more drug variables as potential confounders. This results in a focus shift on
drugs with currently less evidence than other drugs. Levetiracetam was the strongest predictor of fall among
tested coefficients and positive in both horseshoe and lasso regression. It has been described in multiple sources
to be fall-risk associated as well as causing symptoms related to falling such as somnolence, headache, asthenia,
dizziness, and anorexia?>*®. A meta-analysis even showed that somnolence and asthenia were dose-unrelated
side effects with a low number needed to harm*, possibly indicating that even a small, prescribed dose within
our dataset leads to more common falls. Citalopram also showed a strong positive tendency in our analyses
and has been observed consistently with increased fall risk in other studies'>*. With respect to opioids such
as oxycodone, there is also evidence suggesting an increased risk of falls!?, which is consistent with known
side effects such as dizziness and sedation. Furthermore, there is evidence that the use of opioids may increase
the risk of falls, particularly in cases of polypharmacy'®. Taken together, the data shows the plausibility of our
results. The horseshoe regression resulted in a homogenous group of psychotropic drugs as positive predictors
compared to the lasso, indicating a more conservative approach of the horseshoe technique.

The same is true for the bleeding analysis, where the models found multiple anticoagulant medications,
including the direct oral anticoagulants (e.g. edoxaban, rivaroxaban, apixaban), vitamin K antagonist (e.g.
phenprocoumon) and heparins (e.g. enoxaparin). Clopidogrel and acetylsalicylic acid, being antiplatelet agents,
were also strongly associated with bleeding, as expected. Other results were ibuprofen (strong positive) and
diclofenac (light positive), both being NSAIDs (non-steroidal anti-inflammatory drugs) and known to cause
gastrointestinal bleeding and general risk of bleeding through indirectly affecting platelet aggregation®. Thus,
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Fig. 4. The posterior distribution of regression coefficients (beta parameters) in the horseshoe regression to
the binary outcome bleeding. Each substance or confounder is represented in an individual row by a 50%
interval (thick inner lines) and 90% interval (thinner outer lines), thereby showing the posterior distribution of
each coeflicient. If the 50% interval includes the black-marked zero-line at the center, this coefficient does not
have any probable influence on the outcome bleeding.
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Bleeding —50% / 90% credibility intervals

Horseshoe

Lasso

Strong positive predictor

Phenprocoumon 1.37-1.51/1.28-1.60 | 1.34-1.48/1.24-1.58
Edoxaban 1.27-1.47 /1.14-1.61 | 1.21-1.40/1.07-1.54
Rivaroxaban 1.24-1.41/1.13-1.52 | 1.20-1.37/ 1.09-1.48
Apixaban 0.98-1.12/0.87-1.23 | 0.94-1.09/0.83-1.20

Acetylsalicylic acid

0.83-0.93/0.77-1.00

0.82-0.92 /0.75-0.99

Clopidogrel 0.60-0.79 / 0.46-0.93 | 0.56-0.76 / 0.42-0.91
Metoclopramide 0.25-0.61/0.01-0.83 | 0.32-0.62/0.13-0.83
Enoxaparin 0.25-0.50 / 0.05-0.66 | 0.28-0.48 / 0.14-0.62
Ibuprofen 0.22-0.41/0.06-0.54 | 0.25-0.43/0.11-0.57

Pantoprazole

0.11-0.28 / 0.00-0.38

0.12-0.29/ 0.02-0.40

Light positive predictor

Tramadol 0.05-0.38 / -0.02-0.61 | 0.16-0.41 / -0.00-0.59
Diclofenac 0.03-0.34/-0.03-0.59 | 0.15-0.42 / -0.01-0.62
Lercanidipine - 0.05-0.22 / -0.06-0.36
Lactulose - 0.04-0.25/ -0.10-0.43
Sitagliptin - 0.02-0.17 / -0.06-0.28

Table 2. Potential positive predictors of regression methods for the bleeding ADR using horseshoe and lasso
priors. Credibility intervals that do not cover zero are shown in bold text.

with this outcome ADR, the models resulted again in highly plausible results. However, confounding by
indication can also occur as expressed by metoclopramide and pantoprazole showing light associations with the
bleeding ADR, as these drugs might be used in cases of gastrointestinal bleeding®’.

By adding drug groups as potential predictors into our models, we can respect potential DDIs in our models,
because associations of predictors with the outcome ADR are adjusted for each other. In addition, we considered
potential pharmacokinetic DDIs by including metabolic pathways into our models. In all the models tested, we
found an association of outcome ADRs with the CYP2C19 pathway. While, in the case of bleeding ADRSs, this
might already be explained by the frequent prescription of proton pump inhibitors in gastrointestinal bleeding®’,
there is evidence for fall ADRs, that the CYP2C19 pathway may be of importance for drug-associated falling®s.
However, this needs further analysis in hypothesis-driven approach studies.

Our analysis is subject to several important limitations that warrant careful consideration. First, our study
cohort only comprises individuals who have all experienced ADRs. As often in pharmacovigilance studies,
we need to compare a certain ADR (e.g. falls or bleedings) with a control group which consists of other
ADRs!'®17. This condition can lead to a leftward shift in the posterior distributions as an artifact, potentially
obscuring coefficients that might otherwise be significant in comparisons such as ADRs versus non-ADRs,
thus complicating the interpretation of the metrics. Notably, the identification of negative predictors cannot
be generalized and interpreted as protective drugs. Next to falls, bleeding events are often documented in the
dataset>*. A decent number of patients in the non-fall cohort are also anticoagulant drug takers, explaining
identified negative predictors. Another example is tozinameran in the bleeding analysis, which likely does not
protect against bleeding but is associated with other side effects, making it more prevalent in the control group.
Concerning negative predictors, our models reveal their exploratory nature, as drugs that are more commonly
given in stable patients can also be found here.

The analysis benefits from a multi-center dataset, minimizing regional differences and hospital-specific
confounding effects. This reduces noise and increases the representativeness of the findings. Consequently, our
models show good performance and validity. However, the dataset lacked reliable information on the indications
for which the drugs were prescribed and drug dosages. This problem arising could be observed in the case of
levetiracetam associated with falls in our dataset or metoclopramide and pantoprazole associated with bleedings.
In these cases, it is impossible to discriminate if the drug was prescribed because of already experienced
symptoms connected with the final documented ADR or if the drug was the cause for the ADR. This issue could
be solved by a conventional hypothesis-driven approach to control confounding by indication in future research.

An additional limitation arises from the choice of credibility interval. While the horseshoe prior offers good
interpretability in general, the aggressive shrinkage applied in our model increases the difficulty of establishing
reasonable thresholds to determine positive results, such as the 50%- or 90%-interval. While we have used the
default settings for the interval provided by the software, the effects are not significant at conventional rejection
thresholds of frequentist statistical models. This difficulty in setting appropriate thresholds for this Bayesian
model may impede the practical application of the models and findings. In our analysis, any drug falling outside
the 50% credibility interval is considered a potential cause of the ADR falls. However, altering the size of the
credibility interval may yield varying results. This issue highlights the need for careful consideration when
interpreting our findings. Additionally, a limitation arises from the fact that Bayesian models are not as widely
adopted as frequentist statistical models. Some commonly used metrics in the frequentist framework, such as
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p-values, do not have direct equivalents in Bayesian frameworks. This disparity may cause confusion for users
who are unfamiliar with Bayesian interpretation and pose an obstacle in accurately understanding these results.

Although we were able to include a much higher number of potential predictors into our models than usually
analyzed, we still excluded drugs from our analysis. While we adjusted our models for the number of excluded
drugs, potentially relevant drugs such as valproic acid, lamotrigine, ticagrelor, or doxazosin were excluded from
our analyses. This is a clear limitation of our study.

Overall, our results suggest that the use of modified Bayesian regression models incorporating either
horseshoe or lasso priors may be an effective approach to identify drugs associated with a certain ADR in a
population with polypharmacy in exploratory research.

Data availability
The datasets analyzed during the current study are available from the corresponding author on reasonable re-
quest.

Received: 22 July 2024; Accepted: 31 October 2024
Published online: 09 November 2024

References

1. Hajjar, E. R., Cafiero, A. C. & Hanlon, J. T. Polypharmacy in elderly patients. Am. J. Geriatr. Pharmacother. 5, 345-351. https://doi
.org/10.1016/j.amjopharm.2007.12.002 (2007).

2. Just, K. S. et al. Personalising drug safety-results from the multi-centre prospective observational study on Adverse Drug Reactions
in Emergency Departments (ADRED). Eur. J. Clin. Pharmacol. 76, 439-448. https://doi.org/10.1007/s00228-019-02797-9 (2020).

3. Dubrall, D,, Just, K. S., Schmid, M., Stingl, J. C. & Sachs, B. Adverse drug reactions in older adults: A retrospective comparative
analysis of spontaneous reports to the German Federal Institute for Drugs and Medical Devices. BMC Pharmacol. Toxicol. 21, 25.
https://doi.org/10.1186/540360-020-0392-9 (2020).

4. de Vries, F. M., Stingl, J. C. & Breteler, M. M. B. Polypharmacy, potentially inappropriate medication and pharmacogenomics drug
exposure in the Rhineland Study. Br. J. Clin. Pharmacol. 87, 2732-2756. https://doi.org/10.1111/bcp.14671 (2021).

5. Marengoni, A. & Onder, G. Guidelines, polypharmacy, and drug-drug interactions in patients with multimorbidity. Bmj 350,
h1059. https://doi.org/10.1136/bm;j.h1059 (2015).

6. Hohl, C. M. et al. Outcomes of emergency department patients presenting with adverse drug events. Ann. Emerg. Med. 58, 270
279. https://doi.org/10.1016/j.annemergmed.2011.01.003 (2011).

7. Beijer, H. ]. & de Blaey, C. ]. Hospitalisations caused by adverse drug reactions (ADR): A meta-analysis of observational studies.
Pharm. World Sci. 24, 46-54. https://doi.org/10.1023/a:1015570104121 (2002).

8. Bates, D. W. et al. Incidence of adverse drug events and potential adverse drug events. Implications for prevention. ADE Prevention
Study Group. JAMA 274, 29-34 (1995).

9. Ziere, G. et al. Polypharmacy and falls in the middle age and elderly population. Br. J. Clin. Pharmacol. 61, 218-223. https://doi.or
¢/10.1111/j.1365-2125.2005.02543.x (2006).

10. Chen, N. et al. Polypharmacy, adverse outcomes, and treatment effectiveness in patients >75 with atrial fibrillation. J. Am. Heart
Assoc. 9, €015089. https://doi.org/10.1161/jaha.119.015089 (2020).

11. de Vries, M. et al. Fall-risk-increasing drugs: A systematic review and meta-analysis: I. Cardiovascular drugs. J. Am. Med. Dir.
Assoc. 19, 371.e371-371.e379. https://doi.org/10.1016/j.jamda.2017.12.013 (2018).

12. Seppala, L. ]. et al. Fall-risk-increasing drugs: A systematic review and meta-analysis: II. Psychotropics. J. Am. Med. Dir. Assoc. 19,
371.e311-371.e317. https://doi.org/10.1016/j.jamda.2017.12.098 (2018).

13. Seppala, L. J. et al. Fall-risk-increasing drugs: A systematic review and meta-analysis: II. Others. J. Am. Med. Dir. Assoc. 19, 372.
e371-372.e378. https://doi.org/10.1016/j.jamda.2017.12.099 (2018).

14. Sennesael, A. L. et al. Preventability of serious thromboembolic and bleeding events related to the use of oral anticoagulants: A
prospective study. Br. J. Clin. Pharmacol. 84, 1544-1556. https://doi.org/10.1111/bcp.13580 (2018).

15. Hilmer, S. N. & Gnjidic, D. The effects of polypharmacy in older adults. Clin. Pharmacol. Ther. 85, 86-88. https://doi.org/10.1038/
clpt.2008.224 (2009).

16. Meyboom, R. H. et al. Principles of signal detection in pharmacovigilance. Drug Saf. 16, 355-365. https://doi.org/10.2165/000020
18-199716060-00002 (1997).

17. Patadia, V. K. et al. Using real-world healthcare data for pharmacovigilance signal detection—The experience of the EU-ADR
project. Expert Rev. Clin. Pharmacol. 8, 95-102. https://doi.org/10.1586/17512433.2015.992878 (2015).

18. Ibrahim, H., Abdo, A., El Kerdawy, A. M. & Eldin, A. S. Signal detection in pharmacovigilance: A review of informatics-driven
approaches for the discovery of drug-drug interaction signals in different data sources. Artif. Intell. Life Sci. 1, 100005. https://doi.
0rg/10.1016/j.ailsci.2021.100005 (2021).

19. Hawkins, D. M. The problem of overfitting. J. Chem. Inf. Comput. Sci. 44, 1-12. https://doi.org/10.1021/ci0342472 (2004).

20. Hazell, L. & Shakir, S. A. Under-reporting of adverse drug reactions: A systematic review. Drug Saf. 29, 385-396. https://doi.org/1
0.2165/00002018-200629050-00003 (2006).

21. Bouvy, J. C., De Bruin, M. L. & Koopmanschap, M. A. Epidemiology of adverse drug reactions in Europe: A review of recent
observational studies. Drug Saf. 38, 437-453. https://doi.org/10.1007/s40264-015-0281-0 (2015).

22. Harpaz, R. et al. Performance of pharmacovigilance signal-detection algorithms for the FDA adverse event reporting system. Clin.
Pharmacol. Ther. 93, 539-546. https://doi.org/10.1038/clpt.2013.24 (2013).

23. Tang, Z., Shen, Y., Zhang, X. & Yi, N. The Spike-and-Slab Lasso generalized linear models for prediction and associated genes
detection. Genetics 205, 77-88. https://doi.org/10.1534/genetics.116.192195 (2017).

24. Yi, N. & Xu, S. Bayesian LASSO for quantitative trait loci mapping. Genetics 179, 1045-1055. https://doi.org/10.1534/genetics.107
.085589 (2008).

25. Carvalho, C. M., Polson, N. G. & Scott, J. G. The horseshoe estimator for sparse signals. Biometrika 97, 465-480 (2010).

26. Polson, N. G. & Scott, J. G. In Bayesian Statistics 9 (eds José M. Bernardo et al.) 0 (Oxford University Press, 2011).

27. Piironen, J. & Vehtari, A. Sparsity information and regularization in the horseshoe and other shrinkage priors. Electron. J. Stat. 11,
5018-5051, 5034 (2017).

28. Tibshirani, R. Regression shrinkage and selection via the Lasso. J. R. Stat. Soc. Ser. B (Methodol.) 58, 267-288. https://doi.org/10.1
111/j.2517-6161.1996.tb02080.x (1996).

29. Rajula, H. S. R,, Verlato, G., Manchia, M., Antonucci, N. & Fanos, V. Comparison of conventional statistical methods with machine
learning in medicine: Diagnosis, drug development, and treatment. Medicina 56. https://doi.org/10.3390/medicina56090455
(2020).

30. Schurig, A. M. et al. Adverse drug reactions (ADR) and EMERGENCIES. Dtsch. Arztebl. Int. 115, 251-258. https://doi.org/10.323
8/arztebl.2018.0251 (2018).

Scientific Reports |

(2024) 14:27355 | https://doi.org/10.1038/s41598-024-78474-4 nature portfolio


https://doi.org/10.1016/j.amjopharm.2007.12.002
https://doi.org/10.1016/j.amjopharm.2007.12.002
https://doi.org/10.1007/s00228-019-02797-9
https://doi.org/10.1186/s40360-020-0392-9
https://doi.org/10.1111/bcp.14671
https://doi.org/10.1136/bmj.h1059
https://doi.org/10.1016/j.annemergmed.2011.01.003
https://doi.org/10.1023/a:1015570104121
https://doi.org/10.1111/j.1365-2125.2005.02543.x
https://doi.org/10.1111/j.1365-2125.2005.02543.x
https://doi.org/10.1161/jaha.119.015089
https://doi.org/10.1016/j.jamda.2017.12.013
https://doi.org/10.1016/j.jamda.2017.12.098
https://doi.org/10.1016/j.jamda.2017.12.099
https://doi.org/10.1111/bcp.13580
https://doi.org/10.1038/clpt.2008.224
https://doi.org/10.1038/clpt.2008.224
https://doi.org/10.2165/00002018-199716060-00002
https://doi.org/10.2165/00002018-199716060-00002
https://doi.org/10.1586/17512433.2015.992878
https://doi.org/10.1016/j.ailsci.2021.100005
https://doi.org/10.1016/j.ailsci.2021.100005
https://doi.org/10.1021/ci0342472
https://doi.org/10.2165/00002018-200629050-00003
https://doi.org/10.2165/00002018-200629050-00003
https://doi.org/10.1007/s40264-015-0281-0
https://doi.org/10.1038/clpt.2013.24
https://doi.org/10.1534/genetics.116.192195
https://doi.org/10.1534/genetics.107.085589
https://doi.org/10.1534/genetics.107.085589
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.3390/medicina56090455
https://doi.org/10.3238/arztebl.2018.0251
https://doi.org/10.3238/arztebl.2018.0251
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

31. UMC The use of the WHO-UMC system for standardised case causality assessment, https://www.who.int/docs/default-source/medi
cines/pharmacovigilance/whocausality-assessment.pdf (2018).

32. EMA Guideline on Good Pharmacovigilance Practices (GVP) Annex I-Definitions (Rev 5). (Amsterdam, Netherlands, 2024).

33. Brown, E. G,, Wood, L. & Wood, S. The medical dictionary for regulatory activities (MedDRA). Drug Safety 20, 109-117. https://
doi.org/10.2165/00002018-199920020-00002 (1999).

34. Flockhart, D. A, Thacker, D., McDonald, C. & Desta, Z. The Flockhart Cytochrome P450 Drug-Drug Interaction Table. https://dru
g-interactions.medicine.iu.edu (2021).

35. Sommer, J. et al. Assessment of substrate status of drugs metabolized by polymorphic cytochrome P450 (CYP) 2 enzymes: An
analysis of a large-scale dataset. Biomedicines 12, 161 (2024).

36. Evans, W. E. & Relling, M. V. Pharmacogenomics: Translating functional genomics into rational therapeutics. Science 286, 487-
491. https://doi.org/10.1126/science.286.5439.487 (1999).

37. Goodrich, B., Gabry, J., Ali, I. & Brilleman, S. rstanarm: Bayesian applied regression modeling via Stan. (2020).

38. Goodrich, B. et al., Prior distributions and options. https://mc-stan.org/rstanarm/reference/priors.html (2020).

39. Subramanian, J. & Simon, R. Overfitting in prediction models—Is it a problem only in high dimensions?. Contemp. Clin. Trials 36,
636-641. https://doi.org/10.1016/j.cct.2013.06.011 (2013).

40. Courvoisier, D. S., Combescure, C., Agoritsas, T., Gayet-Ageron, A. & Perneger, T. V. Performance of logistic regression modeling:
Beyond the number of events per variable, the role of data structure. J. Clin. Epidemiol. 64, 993-1000. https://doi.org/10.1016/j.jcl
inepi.2010.11.012 (2011).

41. Hastie, T., Tibshirani, R., Friedman, J. H. & Friedman, J. H. The Elements of Statistical Learning: Data Mining, Inference, and
Prediction Vol. 2 (Springer, 2009).

42. Maximos, M., Chang, E & Patel, T. Risk of falls associated with antiepileptic drug use in ambulatory elderly populations: A
systematic review. Can. Pharm. J. (Ott.) 150, 101-111. https://doi.org/10.1177/1715163517690744 (2017).

43. Mbizvo, G. K., Dixon, P,, Hutton, J. L. & Marson, A. G. The adverse effects profile of levetiracetam in epilepsy: A more detailed
look. Int. J. Neurosci. 124, 627-634. https://doi.org/10.3109/00207454.2013.866951 (2014).

44. Verrotti, A. et al. The adverse event profile of levetiracetam: A meta-analysis on children and adults. Seizure 31, 49-55. https://doi
.0rg/10.1016/j.seizure.2015.07.004 (2015).

45. Jung, Y.-S. et al. Risk of fall-related injuries associated with antidepressant use in elderly patients: A Nationwide Matched Cohort
Study. Int. J. Environ. Res. Public Health 19, 2298 (2022).

46. Paternoster, M. etal. Risk of bleeding associated with nonsteroidal anti-inflammatory drug use in patients exposed to antithrombotic
therapy: A case-crossover study. J. Clin. Pharmacol. 62, 636-645. https://doi.org/10.1002/jcph.2003 (2022).

47. Ali Khan, M. & Howden, C. W. The role of proton pump inhibitors in the management of upper gastrointestinal disorders.
Gastroenterol. Hepatol. (N. Y.) 14, 169-175 (2018).

48. Just, K. S. et al. Association of polymorphic cytochrome P450 enzyme pathways with falls in multimedicated older adults. J. Am.
Med. Dir. Assoc. 25, 105235. https://doi.org/10.1016/j.jamda.2024.105235 (2024).

Author contributions

JSo, KJ, RV, and JSt designed research. RV developed the methods and supervised the analysis and methodologi-
cal part. JSo and JW prepared and analyzed data. JSo performed research and wrote manuscript draft. KJ super-
vised data analysis and writing process. All authors read and contributed to the final version of the manuscript.

Funding

Open Access funding enabled and organized by Projekt DEAL. The ADRED-study was supported by the frame-
work of the AMTS focus of the German Federal Ministry of Health (BMG), grant number ZMVI5-2514ATA004.
In addition, this work was supported by the b.braun foundation.

Declarations

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/1
0.1038/s41598-024-78474-4.

Correspondence and requests for materials should be addressed to K.S.J.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |

(2024) 14:27355 | https://doi.org/10.1038/s41598-024-78474-4 nature portfolio


https://www.who.int/docs/default-source/medicines/pharmacovigilance/whocausality-assessment.pdf
https://www.who.int/docs/default-source/medicines/pharmacovigilance/whocausality-assessment.pdf
https://doi.org/10.2165/00002018-199920020-00002
https://doi.org/10.2165/00002018-199920020-00002
https://drug-interactions.medicine.iu.edu
https://drug-interactions.medicine.iu.edu
https://doi.org/10.1126/science.286.5439.487
https://mc-stan.org/rstanarm/reference/priors.html
https://doi.org/10.1016/j.cct.2013.06.011
https://doi.org/10.1016/j.jclinepi.2010.11.012
https://doi.org/10.1016/j.jclinepi.2010.11.012
https://doi.org/10.1177/1715163517690744
https://doi.org/10.3109/00207454.2013.866951
https://doi.org/10.1016/j.seizure.2015.07.004
https://doi.org/10.1016/j.seizure.2015.07.004
https://doi.org/10.1002/jcph.2003
https://doi.org/10.1016/j.jamda.2024.105235
https://doi.org/10.1038/s41598-024-78474-4
https://doi.org/10.1038/s41598-024-78474-4
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿Dealing with adverse drug reactions in the context of polypharmacy using regression models
	﻿Methods
	﻿Study database
	﻿Compilation of data
	﻿Data curation
	﻿Statistical analysis

	﻿Results
	﻿Discussion
	﻿References


