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Preface 

 

The work that is presented in this thesis was performed under the supervision of Prof. 

Gerhard F. Ecker in the Pharmacoinformatics Research Group at University of Vienna and in 

collaboration with the Preclinical Safety group at Sanofi. 

 

Chapter 1 provides a brief introduction to drug discovery and biological drugs, as well as to 

the toxicity of biological drugs and in silico methods for assessing their toxicity. 

 

Chapter 2 focuses on some of the methodologies used and applied in this work. 

 

Chapter 3 focuses on the aim of the thesis and the research questions. 

 

Chapter 4 presents the three studies which are the results of the thesis. Study 1 presents the 

interactive dashboard that was developed for analyzing and visualizing side effect data, 

whereas Study 2 focuses on the analysis of side effect data for therapeutic monoclonal 

antibodies. Study 3 demonstrates the employment of T-cell assay data for machine-learning 

models for immunogenicity prediction. 

 

Chapter 5 discusses the three studies and contains the conclusion and outlook of the thesis. 

 

This PhD project was a part of the MolTag doctoral program (FWF grant W1232) and funded 
by Sanofi.
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Drug discovery 

 

The drug discovery and development pipeline is a long and complex process that can be 

divided into five stages: discovery and development, preclinical research, clinical research, 

review and approval, and post-market safety monitoring [1]. Within the discovery and 

development stage, a disease is investigated and a potential target is identified. This is 

followed by the drug discovery phase, where molecules are screened for interaction with the 

intended target and evaluated for their potential biological effects. Once a promising 

compound has been identified, it is further optimized to enhance efficacy and reduce toxicity. 

The preclinical stage is essential for assessing activity and toxicity before the drug is tested in 

humans for the first time. This is done in vivo, where an animal model — selected based on 

its ability to best mimic human responses is used, and in vitro, where human cells are 

employed [2]. Following the preclinical stage is the clinical phase, during which the drug is 

tested on humans for the first time. It is therefore critical that prior stages provide sufficient 

data and understanding of the drug to ensure its safety and efficacy before human exposure. If 

the drug is approved, it enters post-marketing surveillance, where it continues to be 

monitored in real-word settings. Given the time-consuming and expensive process, 

leveraging insight from previous drug development efforts is essential to improve the 

likelihood of success. Additionally, there is a pressing need for methods and tools that enable 

more efficient testing while simultaneously reducing unnecessary use of animals and human 

subjects [2].  

 

Biological drugs 

 

The regulatory paths in some stages differ between small molecule drugs and biological 

drugs [3]. Biological drugs, also referred to as biologics, are molecules derived from living 

organism or biological process. They include vaccines, peptides, and monoclonal antibodies 

(mAbs), among others [3]. Biologics are usually therapeutics proteins, with a larger and more 

complex structure in comparison to small molecules. Figure 1 provides a schematic overview 

of an antibody, illustrating the general structure. Biologics, such as mAbs, have shown high 

efficacy and have succeeded in treating diseases that were once considered untreatable [4]. In 

addition, they are more selective than small molecule drugs and, therefore, cause fewer off-
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target side effects. These are some of the reasons why biologics are receiving growing 

scientific attention [4].  

 

However, although biologics cause fewer off-target side effects, they can still cause severe 

side effects, which in some cases may lead to life-threatening consequences or even death [5]. 

As the demand for biological drugs increases and more are being approved, it becomes even 

more critical to understand their side effect profiles in order to better assess their potential 

risks. 

 

 

 

Figure 1: The figure illustrates the general structure of an antibody and the location of key 

regions, such as the complementarity determining regions (CDRs) which are the binding 

regions. 

 

 

Toxicity of biological drugs 

 

As previously mentioned, biological drugs are highly specific and therefore result in less off-

target toxicity compared to small molecules. Nonetheless, drugs such as Infliximab and 

Adalimumab, which are generally not associated with severe side effects, have been reported 

to cause drug-induced liver injury (DILI) [6]. The exact mechanism is not fully understood 
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[6]. That said, it has been shown that the majority of affected patients exhibited autoimmune 

features while experiencing DILI [6]. 

 

Biologics are inherently immunogenic, whereas small molecule drugs are generally not. For 

vaccines, immunogenicity is a desired outcome as their effectiveness depend on eliciting an 

immune response. In contrast, for other drugs, such as certain therapeutic mAbs, an immune 

response is considered an undesirable side effect. Therapeutic mAbs can include components 

derived from different species, and the less human the antibody is, the more likely it is to be 

immunogenic. There are four main types of mAbs and are presented in Figure 2. The types 

are: murine antibodies, which are entirely of non-human origin; chimeric antibodies, which 

have human constant regions and non-human variable regions; humanized antibodies, in 

which only the complement-determining regions (CDRs), which are the binding regions, are 

of non-human origin; and fully human antibodies. Immunogenicity in therapeutic mAbs 

typically leads to the production of anti-drug antibodies (ADAs), which can bind to the mAbs 

and result in a loss of efficacy. Since most therapeutic mAbs are used to treat serious diseases 

where a loss of effect can have life-threatening consequences, it is crucial to assess their 

immunogenic potential. 

 

Some mAbs have been deemed safe and are used to treat autoimmune conditions; however, 

when applied to other autoimmune diseases, such as multiple sclerosis (MS), they may not be 

safe despite being approved for marketing. This is due to immunopathogenetic differences 

between autoimmune diseases, meaning that the immune response triggered by a given mAb 

may influence the disease differently [7].  

 

It is also important to note the genetic component to immunogenicity, particularly related to 

an individual’s specific Major Histocompatibility Complex (MHC) alleles. Different MHC 

alleles can bind different peptides derived from the biological drug. In the case of therapeutic 

mAbs, the mAbs are taken up by antigen-presenting cells, cleaved into peptides, and 

presented on MHC class II molecules as peptide-MHC (pMHC) complexes. These complexes 

are transported to the cell surface, where they might bind T-cell receptors (TCRs), thereby 

initiating downstream immune responses.  

 

Multiple factors must be considered when assessing immunogenicity and the safety of 

biological drugs, making this a highly complex task. Nonetheless, established methods for 
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evaluating a drug’s immunogenic potential do exist, such as cytokine release assays, 

including ELISpot IFN assays and T-cell proliferation assays [8]. However, the assays can 

be both costly and time-consuming [8].  

 

 

  

Figure 2: The four main types of antibodies: Murine, chimeric, humanized and human 

antibodies. Murine antibodies are entirely from non-human origin, whereas chimeric 

antibodies, the variable region is of non-human origin. In humanized antibodies the 

complementarity determining regions (CDRs) are of non-human origin and lastly, fully 

human antibodies. 
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In silico assessment of toxicity of biological drugs 

 

Several computational approaches have been proposed to assess the immunogenicity of 

biological drugs. Given the role of humanness in influencing immunogenicity, some tools 

predict a humanness score for antibodies [9]. The more human-like an antibody is, the less 

likely it is to be immunogenetic [9]. Other approaches, such as NetMHCIIpan aim to predict 

the binding affinity to specific MHC alleles [10]. Epimatrix estimates immunogenicity of a 

protein by predicting T cell epitopes and comparing their frequency to what would typically 

be expected in a protein of similar length [11]. This comparison yields an immunogenicity 

score, a score of zero represents the average number of epitopes found in a set of random 

protein sequences [11]. Scores above zero suggest a higher immunogenic potential, while 

scores below zero indicate a lower potential [11]. 

 

Although several methods exist to facilitate the prediction of the immunogenicity of 

biological drugs, limited knowledge exists regarding the factors that influence 

immunogenicity at later stages of the immune response cascade. Moreover, current prediction 

tools may not account for all factors that influence immunogenicity. Some methods, such as 

Epimatrix, are commercially available, while others are freely accessible. However, many of 

these tools focus primarily on early immune recognition events — such as peptide–MHC 

binding — and do not account for downstream immunological processes, limiting their 

applicability for comprehensive immunogenicity assessment. 
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Chapter 2: Methodology background 
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Data mining and Databases 

 

There are several databases that contain side effect data for biological drugs. As one of these 

databases distinguish between adverse events (AEs) and adverse drug reactions (ADRs), the 

neutral term “side effect” is used throughout this thesis. An AE may result from inappropriate 

use of the drug or may be unrelated to the drug itself [12], whereas an ADR is a harmful and 

unintentional response that occurs under normal conditions of use, implying a causal 

relationship between the drug and the side effect [13]. This chapter provides an overview of 

the data sources and methods used throughout this thesis. More detailed descriptions of how 

they were applied are provided in the methods section of each study in the results chapter.  

 

The process of analyzing data in various ways to identify patterns and extract meaningful 

insight is known as data mining [14]. It can be applied throughout the drug discovery pipeline 

to address specific questions by retrieving and leveraging relevant information from 

databases. Three different databases were utilized in this thesis — two containing side effect 

data for therapeutic mAbs, namely PharmaPendium and CLARITY [15], [16], and one, the 

Immune Epitope Database (IEDB), containing assay data relevant to immunogenicity. In 

contrast to IEDB, which is publicly accessible, PharmaPendium and CLARITY are 

commercial databases. As these databases are well curated and were accessible via 

collaboration partners, this thesis primary focused on the utilization and analysis of the data 

retrieved from them. 

 

Medical Dictionary Regulatory Activities (MedDRA) 

 

The Medical Dictionary for Regulatory Activities (MedDRA) is a standardized medical 

terminology developed by the International Council for Harmonisation of Technical 

Requirements for Pharmaceuticals for Human Use (ICH) [15]. MedDRA is used 

internationally, thereby facilitating the exchange of regulatory information across countries 

[15]. MedDRA uses a hierarchical structure that describes side effects from very specific 

terms to more general ones, with increasing generality at higher levels of the hierarchy [15]. 

Figure 3 presents the five hierarchical levels used in MedDRA, listed in order from the most 

general to the most specific: System Organ Classes (SOCs), High Level Group Terms 

(HLGTs), High Level Terms (HLTs), Preferred Terms (PTs) and lastly, the most detailed 
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level, the Lowest Level Terms (LLTs). However, in the databases used in this thesis, side 

effects were reported using the PTs. Table 1 provides a summary of how the different levels 

are grouped.  

 

Table 1: The table summarizes how the different MedDRA hierarchical terms are described [15]. 

MedDRA Hierarchical Terms Description of how the terms are grouped 

System Organ Classes Aetiology, manifestation site or purpose. 

High Level Group Terms Anatomy, pathology, physiology, aetiology or function. 

High Level Terms Anatomy, pathology, physiology, aetiology or function. 

Preferred Terms Symptom, sign, disease diagnosis, therapeutic indication, 

investigation, surgical or medical procedure, and medical social 

family history characteristic. 

Lowest Level Terms Observations reported in practice. 
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Figure 3: The figure illustrates the hierarchical structure of the MedDRA terminology, beginning with 

the highest level, the System Organ Class, and ending with the lowest level, Lowest Level Term. 

 

 

PharmaPendium  

 

The PharmaPendium database contains data for Food & Drug Administration (FDA) and 

European Medicines Agency (EMA) approved drugs [16]. The data is retrieved from FDA 

and EMA approval packages, FDA Advisory Committee Meeting documents, FDA Adverse 

Event Reporting System (FAERS), FDA classic collection (year 1938-1991), Drug Efficacy 

Study Implementation (DESI) documents, Meyler’s 16th Edition, Mosby’s Drug Consult, and 

scientific articles [16]. PharmaPendium provides preclinical, clinical and post-marketing data. 

In PharmaPendium, if a side effect has been reported once for a certain drug, then the side 

effect is annotated.  

 

  

System Organ Class (SOC)

High Level Group Term 

(HLGT)

High Level Term (HLT)
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CLARITY 

 

The CLARITY database contains post-marketing data for a wide range of drugs that have 

already been approved by various regulatory authorities. In CLARITY, the Proportional 

Reporting Ratio (PRR)— a statistical metric used for signal detection [17], is calculated for 

every reported side effect and drug. The PRR reflects the proportions of a specific side effect 

for a given drug in comparison to all other drugs in the database [17]. A PRR greater than 1, 

suggests that the side effect is reported more frequently for the given drug relative to other 

drugs. The higher the PRR, the stronger the signal [17], therefore CLARITY applies a 

threshold of 2 for a side effect to be considered an AE. In addition, CLARITY also annotates 

whether there is a casual relationship between a specific drug and AE by labelling them as an 

ADR. Therefore, post-marketing data from CLARITY was used in this thesis due to its high 

level of curation and the availability of pre-calculated statistical metrics such as the PRR and 

the annotation of casual relationship of side effects.  

 

 

Immune Epitope Database (IEDB) 

 

The Immune Epitope Database provides experimental data studied in humans and other 

species and provides B-cell, T-cell and MHC binding assays. Any researcher can submit data 

to IEDB. For each peptide it provides a qualitative measurement of the activity in addition to 

the MHC allele information. When it comes to T-cell assay data, there are different types of 

T-cell assays with different biological activity. 
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Machine Learning  

 

Traditional machine learning algorithms were applied for a binary classification task due to 

the limited amount of data, and several models were explored. Given the imbalanced dataset, 

various techniques were also employed to address these challenges. The algorithms and 

techniques used are presented below. 

 

Algorithms 

 

Random Forest 

 

A Random Forest (RF) algorithm is made up of multiple decision trees which in the end gives 

on single output. A decision tree is comprising of nodes which splits the data based on certain 

requirements, and in the end helps to arrive at a final decision. However, a decision tree is 

prone to overfitting. By using multiple decision trees, that capture different patterns in the 

data, the model can generalize better, resulting in a more accurate predictions. [18] 

 

Support Vector Machine 

 

Support Vector Machines (SVMs) can be used for both linear and non-linear data, depending 

on the kernel function applied. When a non-linear kernel is used, it maps the data into a high-

dimensional space, allowing it to become linearly separable. There are various non-linear 

kernel functions, and the choice depends on the nature of the data and the specific task. [19] 

 

Gradient Boosting Machine 

 

Another algorithm that consists of a collection of multiple decisions trees is the Gradient 

Boosting Machine (GBM). However, it differs in that GBM builds model iteratively, and 

each new tree aims to correct the mistakes by the previous one. This approach can enhance 

model performance by focusing on the more challenging data points. [20] 
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Feature Representation 

 

There are various ways to represent molecular structures as input features for machine 

learning models. In the context of proteins and peptides, the amino acid sequence can be 

encoded in several ways. One common approach is one-hot encoding, where each amino acid 

at a given position is represented as a binary vector indicating the presence (1) or absence (0) 

of that specific residue. While straightforward, this method often results in high-dimensional 

and sparse representations. An alternative is letter-based encoding (LBE), in which each 

amino acid is assigned a unique numerical identifier, maintaining the sequential order of the 

original sequence. This approach yields a more compact representation compared to one-hot 

encoding. Beyond categorical representations, physicochemical descriptors can be used to 

capture intrinsic properties of amino acids. For example, Z-scale descriptors quantify various 

attributes such as polarity, hydrophobicity, and size [21]. These types of descriptors are 

frequently applied in proteochemometrics, a modelling approach that incorporates 

information from both the ligand and the protein target, often focusing on binding site 

characteristics [22]. In addition, recent approaches leverage transfer learning using large 

pretrained models, which have been trained on extensive datasets of similar molecular 

structures [23]. These models can extract meaningful features that are then fine-tuned or 

applied to specific downstream tasks using smaller datasets. Such methods are particularly 

advantageous when training data is limited, as they help improve generalizability and 

performance by incorporating prior knowledge. 

 

Feature importance 

 

A feature importance analysis allows for the evaluation of which descriptors are most 

influential for the model. This information can be used to reduce the number of input 

descriptors while maintaining, or potentially improving, model performance by reducing 

noise. Moreover, the provided insights into which types of information the model considers 

relevant for making predictions can aid in model validation. This is done by assessing 

whether its reasoning aligns with domain knowledge. 
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Metrics for Model Evaluation 

 

For binary classification using an imbalanced dataset the following metrics can be used: 

balanced accuracy (BA), Matthews correlation coefficient (MCC), precision, sensitivity, and 

specificity (see Equation 1-5). These metrics are calculated based on the number of correctly 

predicted positives, true positives (TP); correctly predicted negatives, true negatives (TN); 

incorrectly predicted positives, false positives (FP); and incorrectly predicted negatives, false 

negatives (FN). 

 

 𝐵𝐴 =  𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦2                                               (1) 

 

 𝑀𝐶𝐶 = 𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁√(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁)                  (2) 

 

 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃𝑇𝑃 + 𝐹𝑃                                                        (3) 

 

 

 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  𝑇𝑃𝑇𝑃 + 𝐹𝑁                                                         (4) 

 

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  𝑇𝑁𝑇𝑁 + 𝐹𝑃                                                        (5) 
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Active Learning 

 

Active learning (AL) is an approach that begins with a small set of labeled data and 

iteratively select the most informative unlabeled data points to be labeled and added to the 

training set. These data points are typically chosen based on specific criteria, such as model 

uncertainty— for instance, if the model is least confident about certain predictions, those data 

points are prioritized for labelling. By focusing on the most informative samples, AL can 

improve model performance more efficiently. This approach is valuable in scenarios where 

labeled data is scarce or expensive to obtain, as it reduces the amount of data needed to train 

a model. 

 

 

Techniques for small and imbalanced datasets in machine learning 

 

In addition to using an AL approach to improve model performance on small and imbalanced 

datasets, there are several other techniques that can enhance model development. Performing 

a stratified split during dataset partitioning ensures that class distribution is preserved across 

training and test sets, which is essential for enabling the model to learn from the minority 

class while retaining the ability to evaluate its performance as reliably as possible. 

Hyperparameter optimization is essential for identifying parameter settings that improve 

model generalizability. This is particularly important when working with a small dataset, 

which are prone to overfitting, and with imbalanced datasets, where the model may learn 

more about the majority class while neglecting the minority class. As a result, the model may 

overpredict the majority class and underperform on the minority class due to lower 

confidence. In such cases, adjusting the decision threshold for the binary prediction can help 

to capture the minority class. 
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The main aim of this thesis was to explore toxicity prediction of biological drugs by utilizing 

data from available databases, analyzing the data, and investigating different ways to describe 

these macromolecules for machine learning. 

 

The specific research questions were: 

 

1. What do the side effect profiles of biological drugs look like? 

2. How predictive are animal models for toxicity assessment of biological drugs? 

3. Can a model be built to predict the toxicity of biological drugs, and which descriptors 

are the most informative? 

 

These questions were addressed in the following studies: 

 

The aim of Study 1 and 2 was to analyze data retrieved form PharmaPendium and CLARITY 

for therapeutic mAbs, using both animal and human data. Therefore, in Study 1, an 

interactive dashboard was developed that uses the PTs for any drug and visualize the data for 

the different MedDRA hierarchies. In addition to the overall side effect analysis, a specific 

objective was to investigate a side effect that was of interest by our collaboration partners at 

Sanofi, which was neutropenia, and to assess whether any factors could potentially predict its 

occurrence. Furthermore, the predictive performance of animal models for neutropenia was 

evaluated.   

 

The aim of Study 3 was to develop a model for immunogenicity assessment based on 

sequence data and exploring various descriptors for predictive modelling.  
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Abstract 

 
The Medical Dictionary for Regulatory Activities (MedDRA) is a standardized international 

medical terminology widely used in databases that collect adverse event data for drugs. 

MedDRA employs a hierarchical structure, allowing for analysis at different levels of 

granularity. However, as the volume of adverse event data continues to grow, and given 
MedDRA’s complexity, it becomes increasingly challenging to analyze, and visualize the 

information effectively. To address this, PharmAverse was developed—an interactive 
dashboard designed to facilitate the analysis and visualization of adverse event data using 

MedDRA terms. It offers three main views: Adverse Events, Drug, and Target. 

 

Introduction 
 

Various databases containing adverse event data for drugs, such as the FDA Adverse Event 

Reporting System (FAERS) and PharmaPendium, use a standardized international medical 

terminology known as the Medical Dictionary for Regulatory Activities (MedDRA) 

terminology [1], [2]. MedDRA serves as the ontology for adverse events and follows a 

hierarchical structure consisting of five levels. The highest level is the “System Organ 

Classes”, followed by “High Level Group Terms”, “High Level Terms”, “Preferred Terms” 
and finally, “Lowest Level Terms”. The Lowest Level Terms are the expressions used in 

practice to report observations. However, in databases such as FAERS, Preferred Terms are 
used for adverse event reporting. By utilizing the different hierarchical levels, one can better 

understand how the various adverse events are related. It also enables a more global 
examination of a drug’s adverse events by analyzing how the drug affects different system 

organs. Due to the hierarchical structure and depending on the dataset size, it can be 
challenging to manually analyze the data efficiently. Therefore, we developed PharmAverse, 

a dashboard that utilizes MedDRA’s hierarchy to visualize adverse event data through three 
views: Adverse Events, Drug, and Target. This tool is easily integrable and supports the use 

of preclinical, clinical, and post-marketing data. Furthermore, this tool can be used with 

adverse event data for any type of drug from any database that utilizes MedDRA 

terminology. Additionally, the plots can be downloaded for any downstream application. As a 

use case, we applied the dashboard to therapeutic antibody data to demonstrate its 

visualization capabilities. 
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Results 
 

Analysing All Adverse Drug Reactions and Adverse Events 
 

All side effects connected to mAbs were used to investigate their side effect landscape and to 

evaluate the potential valuable insight that can be obtained by encoding all the AEs and 

ADRs into toxicity profiles. The results from clustering the toxicity profiles are visualised in 

Figure 1 and coloured according to their ATC level 2 code.  

 

The result obtained from clustering the toxicity profiles generated from the ADRs shows that 
the mAbs were mostly grouped according to their therapeutical information described by the 

ATC level 2 code. However, several outliers exist, such as the anti-interleukin-23 (IL-23) 
mAb, Guselkumab, an immunosuppressant located closer to the antineoplastic agents than to 

the immunosuppressant ones. The other anti-IL-23 mAbs, Risankizumab and Ustekinumab, 
were located closer to the other immunosuppressants. The anti-tumor necrosis factor alpha 

(anti-TNF-a) mAbs, Adalimumab, Golimumab, and Infliximab were, by contrast, located 

relatively close to each other and close to the other immunosuppressants. 

 

In contrast to the result obtained from the ADRs, the AEs, presented in Figure 1b, showed 

that the clustering based on the therapeutical information was less distinct. Nonetheless, 

focusing on the anti-IL-23 mAbs, Guselkumab was no longer near the antineoplastic agents. 

Similarly, as for ADRs, the anti-TNF-a mAbs were still near the immunosuppressant mAbs. 

 

 

 

Figure 1: An illustration of the toxicity profiles of the adverse drug reactions (ADRs) and 

adverse events (AEs) using the Preferred Terms (PTs). A) shows ADRs, while B) shows 

AEs. The terms are colored based on the ATC level 2 code of the corresponding monoclonal 

antibodies (mAbs). 
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Neutropenia 

 

Anticancer drug and neutropenia 

 

Given that anticancer drugs are commonly associated with neutropenia, they were used as a 

case study to examine whether this is reflected in post-marketing data. Additionally, the 

analysis compared how neutropenia is reported when it’s classified as an AE versus an ADR. 

The HLT neutropenias was used to extract all mAbs listing it as an AE and ADR. In total 13 

mAbs reported neutropenias as an ADR; out of these, eight are antineoplastic agents and five 

are immunosuppressants.  However, regarding the AEs, 33 mAbs reported neutropenias as an 

AE and out of these, 25 were antineoplastic agents, seven were immunosuppressants and one 

was an immune sera and immunoglobulins. 

 

The likelihood ratio was calculated to investigate if a drug used for cancer treatment, which 

in this case means an antineoplastic agent drug, would alter the probability that the patient 

develops neutropenia due to the drug’s therapeutical area. The result presented in Table 1 

shows that, when neutropenia was classified as an ADR, the LR+ was 2.60 and the LR- was 

0.50. This indicates that there is a small probability to develop neutropenia as an ADR after 

the use of antineoplastic agent drugs. Alternatively, as exemplified by the LR- value, not 

taking the drug leads to a small decrease in the likelihood of developing neutropenia. This 

indicates that the therapeutic area as described by the ATC code is not a strong predictor for 

neutropenia classified as an ADR. On the other hand, neutropenia classified as an AE resulted 

in a LR+ above 10, which points towards a high probability that a patient treated with an 

antineoplastic agent drug could develop neutropenia. Consequently, the therapeutic area of 

the drug is a strong predictor for neutropenia. The LR- value, however, was above 0.2 

meaning that the absence of the drug would lead to a small decrease in the likelihood of 

developing neutropenia.  

 

 

Table 1: In this table, the positive and negative likelihood ratios are presented for when 

neutropenia was classified as an adverse drug reaction (ADR) and when it was classified as 

an adverse event (AE). 
Side Effects Positive likelihood ratio Negative likelihood ratio 

Adverse Events 42.42 0.25 

Adverse Drug Reactions 2.60 0.50 
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Animal-to-human translation 

 

The result from the animal-to-human translation analysis showed the lack of concordance 

between preclinical and post-marketing data for neutropenia when classified as AE or ADR. 

Table 2 displays the calculated LR for both AEs and ADRs. This was performed to 

investigate whether the likelihood of neutropenia classified as AE or ADR would also be 

observed in post-marketing studies when already observed in preclinical studies. Although 

the LR+ for the ADRs was slightly higher than for AEs, they were still below 2. This 

indicates a low probability of observing neutropenia as an AE and ADR in post-marketing 
studies if it has been observed in preclinical studies. The LR- was slightly below 1 for both 

AE and ADR, which indicates that the absence of neutropenia in preclinical studies would 
lead to a minimal decrease in the likelihood of neutropenia in post-marketing studies. 

 
Table 2: A summary of the likelihood ratio (LR) result for neutropenia when classified as an 

adverse drug reaction (ADR) or adverse event (AE). 
Side Effects Positive likelihood ratio Negative likelihood ratio 

Adverse Events 1.70 0.97 

Adverse Drug Reactions 1.95 0.96 

 

 

The neutropenic mAbs in the preclinical data were further investigated to compare their 

pharmacological targets with those of mAbs reporting neutropenia classified as an ADR in 

the post-marketing data. Four mAbs linked to four distinct targets were obtained from the 

preclinical data and compared to the eight targets identified for the ADRs (see Supplementary 

Table 3). As presented in Table 3, only two mAbs have neutropenia as an AE, whereas only 

one also has it as an ADR. These were Avelumab and Rituximab. Both are antineoplastic 

agent drugs and are not unique to their target. However, they are the only mAbs from their 

target group that showed neutropenia in preclinical studies. The two other mAbs that were 

identified as neutropenic in the preclinical data but not in the post-marketing data are 
immunosuppressants. Some neutropenic mAbs in the post-marketing data are also 

immunosuppressants. However, they target different molecules, namely CD52 and 
interleukin-6 (IL-6) and its receptors (IL-6R) (see Supplementary Table 3). 

 
 

Table 3: A summary of the target classes identified in the preclinical data, including the 
monoclonal antibodies (mAbs) associated with each class. The table also indicates whether 

the target classes were found in the post-marketing data and their respective side effect types. 
The targets include Programmed death-ligand 1 (PD-L1), Interleukin-4 receptor subunit 

alpha (IL-4Ra), Integrin a4b1 (VLA-4) and B-lymphocyte antigen CD20. 
Target Monoclonal Antibodies Type of Side Effect 

PD-L1 Avelumab AE 

IL-4Ra Dupilumab - 

VLA-4 Natalizumab - 

CD20 Rituximab AE/ADR 
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Discussion 

 

In this study, the side effect landscape of therapeutic mAbs was investigated, focusing on side 

effects classified as AEs and ADRs. The analysis aimed to examine the distinctions between 

AEs and ADRs for therapeutic mAbs, using post-marketing data. The results indicate that, at 

the PT level, the ADRs are linked to the therapeutic area as described by the ATC level 2 

code. Havin a closer look at the therapeutic areas showed that the mAbs were grouped based 

on their pharmacological targets, as seen for with the anti-TNF-a mAbs (Figure 1). Similarly, 

also for the AEs the mAbs were grouped based on their pharmacological target. However, for 

AEs the link to the therapeutic area was less pronounced. This might be due to the use of the 

ATC level 2 code, which lacks specificity regarding the exact indication (i.e. which kind of 

cancer the drug is used for). This indicates, that for assignment of ADRs a higher-level 

description of the use of the drug is sufficient, while for AEs the situation is more complex.  

Accordingly, the analysis of the toxicity profiles shows that the therapeutic area with the 

target type of the mAb can be pivotal to understanding and determining its ADRs. However, 

there are some outliers, as demonstrated by the anti-IL-23 mAbs. They are all located closer 

together in terms of the side effect landscape of the AEs, compared to how they are 

positioned in the side effect landscape of the ADRs. 

 

These findings are generally expected from mAbs due to their high specificity. Hence, a use 

case in which a side effect is linked to a specific treatment type was examined to determine if 

the findings from the previous analysis align with those of the use case. This led to the study 

of neutropenia and the likelihood of developing neutropenia as an AE or ADR when the drug 

in question is used for cancer treatment. This was done by calculating the LR for neutropenia 

classified as AE and ADR based on the ATC level 2 code, determining whether the drug was 

categorized as an antineoplastic agent. For this analysis, the HLT neutropenia was used, 

which is from a higher-tier level compared to the PT level used in the side effect landscape 

analysis. The result showed that if the drug is an antineoplastic agent, there is a high 

probability of developing neutropenia classified as an AE. Nonetheless, the LR- indicated 

that the absence of the antineoplastic agent, in turn, leads to a moderate decrease in the 

likelihood of developing neutropenia as an AE. This result suggests that the use of 

antineoplastic agents is a strong indicator of the development of neutropenia. However, when 

the drug is not classified as an antineoplastic agent, one cannot entirely rule out the condition. 

In cancer treatment, it is common to use multiple drugs simultaneously and at higher doses. 

Consequently, it is not unexpected that these medications could cause neutropenia as an AE. 

Moreover, AEs can also result from side effects unrelated to the administered drug or from 

inappropriate use of the drug. This might also explain why the side effect profile of AEs 

cannot be accounted for by therapeutic information to the same extent as ADRs.  

 

While our studies suggest that therapeutic information plays a key role in determining a 

drug’s ADRs, the neutropenia use case did not align with this trend. The use of antineoplastic 

agents showed only a slight increase in the probability of neutropenia being classified as an 

ADR. Simultaneously, the LR- value of 0.5 indicates only a modest decrease in the likelihood 

of developing neutropenia in the absence of these agents. Thus, in this case, therapeutic 

information serves as a weak predictor for neutropenia as an ADR. Since a causal 

relationship between the drug and the specific side effect is required to classify it as an ADR, 

the pharmacological targets of the mAbs causing a neutropenic ADR were further examined. 

Six mAbs that are classified as immunosuppressants reported neutropenia as an ADR. Four 

mAbs target the IL-6 ligand or the IL-6 receptor, one targets CD52, and the last one targets 

CD20. In this context it is worth mentioning that both the IL-6 receptor and CD52 are 
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expressed on neutrophils. The four monoclonal antibodies (mAbs) targeting IL-6 or its 

receptor (IL-6R) block the interaction between the IL-6/IL-6R complex and glycoprotein 130 

(gp130)-associated Janus kinases (JAKs) [3]. Additionally, there are also small-molecule 

JAK inhibitors available, which act downstream of gp130 [11]. Similar to anti-IL-6R mAbs, 

certain JAK inhibitors— such as Tofacitinib—function as immunosuppressants and have 

been associated with neutropenia [12]. Thus, our findings for mAbs are consistent with 

previous research, supporting the notion that inhibition of IL-6 signalling or its downstream 

pathways can contribute to the development of neutropenia [3]. While the use of ADR data at 

the HLT level for neutropenia appears to identify mechanistically related drugs, it’s important 
to note that this does not imply that the approach can be used to distinguish between on-target 

and off-target effects. 
 

Finally, an animal-to-human translation study for the high-level term neutropenias was 
conducted to evaluate the consistency between preclinical and human data. LRs were 

calculated to determine whether neutropenia— classified as either an AE or ADR—in 
humans could be predicted based on its occurrence in animals. The results revealed only a 

slight increase in the likelihood of observing neutropenia in humans when it had been 
previously observed in animals, and a similarly modest decrease when it had not. Moreover, 

the comparison of target classes derived from preclinical and post-marketing ADR data 

showed little overlap. Only one mAb was common to both datasets, while other mAbs 

targeting the same proteins were not identified in preclinical studies. Notably, anti-IL-6/IL-

6R mAbs, which are well-documented to induce neutropenia, were also absent from the 

preclinical findings. This discrepancy may be attributed to the fact that IL-6 signalling does 

not play as pivotal a role in immune response in animals as it does in humans [13], [14]. 

Consequently, blocking IL-6 pathways leads to different side effect profiles across species 
[14]. In the case of neutropenia, these results suggest that therapeutic area information alone 

provides a stronger predictive signal than preclinical data. 
 

Conclusion 
 

This study analyzed the side effect landscape of therapeutic mAbs using toxicity profiles 

derived from all reported AEs and ADRs. Results indicate that the therapeutic area, classified 

via the ATC level 2 code, combined with target information plays a key role in characterizing 

the overall ADR profile of therapeutic mAbs. Additionally, our findings show that, regardless 

of the specific disease, the therapeutic area alone offers a higher probability of predicting 

neutropenia classified as an AE compared to relying on preclinical data. This analysis 

contributes to a deeper understanding of curated side effect data for therapeutic mAbs, 

particularly in distinguishing between AEs and ADRs, with a focus on neutropenia. 
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Chapter 5: Concluding Discussion and Outlook 
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The main objective of this thesis was to investigate the potential of computational approaches 

to predict and understand the toxicity of biological drugs through three studies: analyzing 

side effect profiles, evaluating the predictiveness of animal models, and predicting 

immunogenicity using machine learning. The studies used data from CLARITY, 

PharmaPendium, and IEDB and aimed to uncover both methodological insights and practical 

applications.  

 

The first study centered on the development of an interactive, open-source dashboard to 

analyze and visualize side effect data from multiple sources. By integrating data from 

CLARITY and PharmaPendium and incorporating MedDRA’s hierarchical structure, the 

dashboard enables users to explore side effects across three perspectives: “Drug”, “Target” 

and “Adverse Event”. It also supports analysis across datasets ranging from preclinical 

(including species information) to clinical and post-marketing data. The key strength of the 

dashboard lies in its ability to combine data from different sources and visualize them 

consistently using MedDRA’s hierarchy. This allows users to move between — e.g. from 

specific PTs to broader high-level terms to gain a comprehensive view of side effect patterns. 

This proved especially valuable in selecting use cases for further study, such as neutropenias, 

which include multiple related PTs that can be better grouped under a common HLT, 

neutropenias. However, the dashboard has limitations. It requires users to provide side effect 

data using PTs, and they must supply their datasets and have access to a MedDRA license to 

map the PTs to their respective higher-level terms. Despite these constraints, the dashboard 

offers a scalable and flexible tool for exploring side effect data across different stages of drug 

development. 

 

The second study investigated the side effect landscape for therapeutic mAbs and the 

difference between side effects reported as AEs and ADRs. In addition, the study also aimed 

to assess the ability of preclinical data to predict side effects in humans through an animal-to-

human translation. By creating separate toxicity profiles for side effects categorized as either 

AEs or ADRs for each therapeutic mAb and clustering them, we were able to visualize and 

analyze their side effect landscape. This enabled an evaluation of whether AE- and ADR-

derived profiles led to different groupings of drugs. Additionally, by incorporating both AE 

and ADR data into the animal-to-human translation, we assessed whether animal models 

could predict neutropenia and whether predictive value differed depending on the reporting 

type, AE or ADR. In general, mAbs clustered by their therapeutic area, as defined by the 
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Anatomical Therapeutic Chemical (ATC) level 2 code, and their target class. By 

differentiating the side effect landscape between AEs and ADRs, we could assess whether 

any discrepancies emerged. The ADR landscape was more clearly defined by therapeutic area 

compared to the AE landscape, suggesting that the ADR landscape of a mAb may potentially 

be estimated based on its therapeutic area and target class. This analysis was based on PT 

level, though the neutropenia use case applied the HLT level, which aggregates related PTs. 

 

For the neutropenias use case, ATC level 2 code appeared predictive when neutropenia was 

reported as an AE but not as an ADR. This discrepancy may reflect differences in 

aggregation; had PT level data been used, results might have varied, meaning that if a 

specific type of neutropenia at the PT level had been investigated instead, the results might 

have differed. All anti-interleukin-6/interleukin-6-receptor (IL-6/IL-6R) mAbs were 

identified using ADR data at the HLT level — these drugs are known to have downstream 

effects that can cause neutropenia, although the exact mechanism remains unclear [24]. Thus, 

ADR data at the HLT level appear more suited to identify mechanistically related drugs, 

providing added biological insight. The findings from human data were therefore compared 

to those from animal data. 

 

The animal-to-human translation revealed a lack of concordance between datasets, indicating 

that animal data are not reliable predictors of HLT level neutropenias. The analysis included 

all species, and only one target class overlapped between animal and human datasets. The 

findings suggests that animal data provided limited predictive value. Notably, anti-IL-6/IL-

6R mAbs were entirely absent in the animal dataset. This highlights species differences and 

supports the view that therapeutic area and target class provide more robust predictors than 

animal data. 

 

With the continued expansion of biological drugs such as mAbs, leveraging existing 

structured side effect data is essential to understand the factors associated with their side 

effects. Studies 1 and 2 focused on understanding this structure and evaluating the predictive 

power of therapeutic information. The limited value of animal data underscores the 

importance of integrating human-derived information for early toxicity assessment of 

therapeutic mAbs.  
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Some side effects, however, are induced by the activation of the immune response [6], 

making immunogenicity a critical aspect of biological drug development for both safety and 

efficacy. Therefore, the third and final study applied machine learning to predict 

immunogenicity based on peptide sequences and MHC class II pseudo sequences. Unlike 

existing methods focused on MHC binding, this study aimed to evaluate immunogenicity 

further downstream in the immune response. The IFN release dataset from IEDB, 

representing the largest available endpoint, was selected as the starting point.  

 

Due to the dataset’s limited size of 7266 data points and class imbalance, the main goal was 

to identify which descriptors and methods performed best and to understand whether the 

model features were relevant to immunogenicity. To ensure robust model evaluation, 

stratified 10-fold cross-validation and hyperparameter optimization were applied throughout. 

The best results were obtained using the simplest descriptor, the letter-based encoding (LBE) 

combined with the RF classifier. 

 

To address the class imbalance, several strategies were employed. A stratified train-test split 

ensured consistent class distribution across sets, maximizing learning from the minority class 

while preserving enough data for evaluation. Additionally, adjusting the classification 

threshold helped reduce bias towards the majority class — in this case, the active class, which 

otherwise risked overfitting. A probability threshold of 0.65 resulted in a more balanced 

trade-off between sensitivity and specificity. 

 

Depending on the application, certain metrics take precedence — particularly in risk 

assessment, where a higher number of FP may be preferable to FN, as toxicity pose a greater 

threat and a cautious approach is warranted. However, since immunogenicity can both be 

desired (e.g. vaccines) and undesired the MCC was used as the main evaluation metric due to 

its balanced consideration of both classes.   

 

Active learning was also implemented and tested as well as using ProtBert embedding 

vectors, due to the limited size of the dataset and the class imbalance. However, it did not 

yield better results; while for the active learning, fewer data points were required to reach a 

comparable level, overall performance was slightly reduced. 

 



 59 

For the method that yielded the best overall performance, a feature importance analysis was 

conducted. The findings showed that the model had learned biologically relevant patterns, 

with several of the most influential features corresponding to known T-cell binding positions. 

A subsequent analysis, involving virtual amino acid mutation, demonstrated that different 

amino acids in different positions influenced whether the model predicted a data point as 

active or inactive. Moreover, the analysis suggested a synergistic interplay, where specific 

amino acids in specific positions collectively determined the prediction outcome. 

 

The three studies presented in this thesis addressed the side effects of biological drugs. 

Although biological drugs are becoming increasingly sought after, the number of approved 

biological drugs, such as therapeutic mAbs, remains relatively low compared to small 

molecule drugs. As a result, data scarcity poses a significant challenge for model 

development and risk assessment.  

 

Biological drugs often affect the immune system, which is influenced by numerous factors 

such as genetic, pre-existing conditions, and other variables that are difficult to measure. This 

adds further complexity to data interpretation and model development. A key limitation of 

this work lies in the limited availability of relevant data and the challenges this entails. 

However, as more biologicals are approved and computational methods continue to evolve, 

our understanding of how to collect and structure data to support the analysis and prediction 

of side effects of biological drugs will improve. For instance, in Study 2, it would be both 

valuable and interesting to analyze side effects in the context of the specific disease for which 

drug was used. If such indications were consistently annotated in databases, it would enable a 

more nuanced differentiation of side effects — not only based on high-level therapeutic 

categories but also on actual clinical use. Another limitation, in Study 3 is that currently, 

databases such as IEDB include assays based on viral antigens, which differ from antigens 

derived from therapeutic mAbs. Expanding data collecting specifically for therapeutic mAbs 

would help improve existing prediction methods and make them more applicable to these 

types of molecules.  

 

Data availability was one of the key limitations in this thesis. However, there are several 

ways in which the work presented in this thesis could be expanded and improved. For 

instance, in Study 2, the analysis could be extended to include higher MedDRA levels to 

explore whether differences between AEs and ADRs persist across these levels, and whether 
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the observed patterns change. It would also be valuable to investigate whether the findings 

from the animal-to-human translation remain consistent when using different levels of side 

effects classification, and whether this applies broadly across various side effects. As such, 

constructing a side effect landscape based on animal data could be an interesting next step for 

this study. For Study 3, future work could involve incorporating additional information into 

the IFN release model and explore other endpoints. Additionally, it would be valuable to 

further explore the synergistic interplay identified in the current dataset. 

 

The studies in this thesis aimed to investigate and predict the toxicity of biological drugs 

using data from three different databases. These studies have provided valuable insights into 

the factors influencing the toxicity of biological drugs. Therefore, the tools developed and the 

results obtained can be useful in facilitating ongoing research in this area and in improving 

the understanding of the toxicity of biological drugs based on the data used in this work, 

ultimately supporting safer drug development and monitoring. 
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Abstract 

 

Biological drugs are large and complex molecules that have successfully treated diseases 

once considered challenging. With the continued growth of biological drugs, the need to 

understand their side effects and to develop computational tools to better assess their toxicity 

is increasing. The main aim of this thesis was to explore the toxicity prediction of biological 

drugs by utilizing data from available databases, analyzing the data, and investigating 

different ways to describe these macromolecules for machine learning. The thesis consists of 

three studies, all of which focus on the toxicity of biological drugs.  

 

Study 1 presents an interactive dashboard that utilizes side effect data based on Preferred 

Terms (PTs) from the MedDRA terminology and maps it to the other hierarchical terms. This 

enables the user to analyze the data across four different levels for preclinical, clinical, and 

post-marketing data.  

 

Study 2 investigates the side effect landscape based on side effects reported as adverse events 

(AEs) and adverse drug reactions (ADRs) for therapeutic mAbs. Additionally, Study 2 

focused on neutropenia as a use case, highlighting the lack of concordance between animal 

models and human outcomes in predicting neutropenia. The findings also showed that, by 

simply using the therapeutical information of the drug, neutropenia reported as an AE was 

more predictable than when using animal data. 

 

The final study, Study 3, explores the prediction of immunogenicity by testing different 

representations and machine learning methods. The result showed that the simplest 

representation format, combined with a random forest algorithm, resulted in the best overall 

performance. 
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Zusammenfassung 

 

Biologische Arzneimittel sind große und komplexe Moleküle, die erfolgreich Krankheiten 

behandelt haben, die früher als schwer therapierbar galten. Mit dem anhaltenden Wachstum 

biologischer Arzneimittel steigt der Bedarf, ihre Nebenwirkungen besser zu verstehen und 

rechnergestützte Werkzeuge zur Bewertung ihrer Toxizität zu entwickeln. Ziel dieser Arbeit 

war es, die Vorhersage der Toxizität biologischer Arzneimittel zu untersuchen, indem Daten 

aus verfügbaren Datenbanken genutzt, analysiert und verschiedene Methoden zur 

Beschreibung dieser Makromoleküle für den Einsatz im maschinellen Lernen getestet 

wurden. Die Arbeit umfasst drei Studien, die sich alle auf die Toxizität biologischer 

Arzneimittel konzentrieren. 

Studie 1 präsentiert ein interaktives Dashboard, das Nebenwirkungsdaten basierend auf den 

„Preferred Terms“ der MedDRA-Terminologie verwendet und diese auf die anderen 

hierarchischen Ebenen abbildet. Dies ermöglicht es den Nutzer:innen, die Daten auf vier 

verschiedenen Ebenen – präklinisch, klinisch und nach Markteinführung – zu analysieren. 

Studie 2 untersucht die Landschaft der Nebenwirkungen, basierend auf Nebenwirkungen, die 

als unerwünschte Ereignisse (Adverse Events, AEs) und unerwünschte 

Arzneimittelwirkungen (Adverse Drug Reactions, ADRs) bei therapeutischen monoklonalen 

Antikörpern (mAbs) gemeldet wurden. Zusätzlich wurde Neutropenie als Anwendungsfall 

betrachtet, um die mangelnde Übereinstimmung zwischen Tiermodellen und menschlichen 

Ergebnissen bei der Vorhersage von Neutropenie aufzuzeigen. Die Ergebnisse zeigten 

außerdem, dass Neutropenie, wenn sie als AE gemeldet wurde, allein durch die 

therapeutischen Informationen des Arzneimittels besser vorhergesagt werden konnte als mit 

Tierdaten. 

Die letzte Studie, Studie 3, untersucht die Vorhersage der Immunogenität durch den Einsatz 

verschiedener Repräsentationsformen und Methoden des maschinellen Lernens. Die 

Ergebnisse zeigten, dass das einfachste Repräsentationsformat in Kombination mit einem 

Random-Forest-Algorithmus die beste Gesamtleistung erzielte. 
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