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Abstract

Leveraging temporality, dose effect, and co-medication to improve drug safety surveillance

YiFan Wu

Chair of the Supervisory Committee:

Trevor A. Cohen

Department of Biomedical Informatics and Medical Education

Adverse drug reactions (ADRs) rank among the top causes of morbidity and mortality worldwide,

yet current post-market drug surveillance systems often relying on spontaneous reporting. They

suffer from under-reporting of ADRs and limited capture of clinical context. This dissertation

addresses these gaps by leveraging electronic health record (EHR) data and transformer-based

models to detect ADRs and drug–drug interactions (DDIs) more effectively.

First, we develop and evaluate a generative transformer architecture (GPT-2) trained from

scratch on longitudinal EHR data from two distinct repositories (MIMIC-IV and a large univer-

sity health system, UW). Unlike traditional disproportionality metrics that focus on cross-sectional

drug-event co-occurrences, the proposed model captures temporal relationships and contextual de-

pendencies among medications, diagnoses, and outcomes. Second, we introduce a “value-aware”

embedding approach to incorporate continuous numeric data, such as drug dosages and lab mea-

surements. Experimental results show that these value-aware embeddings further improve model

performance, outperforming baseline transformer architectures that did not have numeric data.

Third, we extend the model’s scope to evaluate DDIs under polypharmacy conditions, demonstrat-

ing that a transformer exceeded the predictive accuracy of simpler machine learning baselines.

Across all EHR datasets tested, the transformer-based methods consistently surpass existing

standard approaches in ADR detection, measured by improved area under the receiver operat-

ing characteristic curve (AUROC). By capturing time-dependent patterns, integrating numeric

variables, and accounting for interacting drug exposures, this work broadens the capabilities of



pharmacovigilance beyond conventional “signal detection” practices. Despite practical limitations

such as limited generalizability to other health systems and the need for rigorous validation—these

findings demonstrated the promise of generative transformers as a scalable, data-driven framework

for enhancing patient safety for pharmacovigilance.
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Chapter 1

INTRODUCTION AND OVERVIEW

1.1 Introduction

Adverse drug reactions (ADR) constitute a significant burden to healthcare systems globally and

rank among the top causes of mortality. Financial costs are estimated at $30.1 billion (US) and $79

billion (EU), respectively [67, 105, 9]. Unlike phase I–III clinical trials, which are tightly controlled,

post-market drug surveillance relies heavily on observational data [119]. The field of pharmacovig-

ilance concerns the early detection, reporting, and evaluation of ADRs, often through spontaneous

reporting systems (SRSs) such as the FDA Adverse Event Reporting System (FAERS). However,

SRSs heavily rely on provider reporting and suffer from an under-reporting rate of over 90% [87].

Electronic health record (EHR) data presents an alternative opportunity to enhance ADR sig-

nal detection because they capture a longitudinal and provide a more comprehensive view of a

patient’s healthcare journey. EHRs include diagnoses, prescriptions, dosages, laboratory values,

and clinical notes. Yet, integrating EHR data into pharmacovigilance methods introduces chal-

lenges such as defining consistent outcome phenotypes, modeling time-dependencies, and dealing

with missing information at scale. Recent advances in deep learning—especially transformer-based

architectures—offer a potential solution to these challenges[125], because transformers can naturally

handle sequence data and learn relationships among medications, doses, and clinical outcomes.

1.2 Hypotheses

I hypothesize that:

• (H1) Transformer based models will outperform conventional disproportionality metrics to

improve ADR signal detection.

• (H2) Representing numeric dose and lab data in transformer models will further enhance



2

their predictive utility on this task

• (H3) Modeling co-medications (polypharmacy) will allow us to capture clinically significant

drug-drug interactions, improving overall risk predictions.

1.3 Motivations and Aims

Pharmacovigilance methods frequently rely on cross-sectional snapshots of drug-event co-occurrence,

limiting their ability to exploit the longitudinal structure of EHR data. The application of gen-

erative pretrained transformer in pharmacovigilance remains unexplored. Lastly, polypharmacy

introduces drug-drug interactions (DDIs) that may exacerbate or mitigate adverse events.

To address these limitations, this dissertation proposes a novel framework that leverages generative

transformer models (e.g., GPT-2) and value-aware embeddings for numeric dose data. Specifically,

I propose three Specific Aims:

• Aim 1: Develop and evaluate generative transformer models for ADR signal detection in

EHR datasets.

• Aim 2: Integrate value-aware embeddings to represent numeric clinical data (e.g., lab values

and dosages) and improve ADR detection accuracy.

• Aim 3: Leverage the resulting transformer-based models to investigate drug-drug interactions

(DDIs) in observational EHR data.

1.4 Relevance to Biomedicine and Health

Addressing these aims has direct implications for patient safety and public health. The under-

reporting and incomplete capture of ADRs hinder regulatory decision-making and contribute to

preventable harms. EHR-based pharmacovigilance techniques that utilize machine learning, par-

ticularly transformers, can identify signals earlier, potentially reducing morbidity, mortality, and

healthcare costs. These innovations also align with ongoing FDA initiatives such as the Sentinel

Initiative, which emphasizes use of real-world evidence from longitudinal datasets [15].
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1.5 Overview of Dissertation

The dissertation is organized as follows:

• Chapter 2 presents a selective literature review of pharmacovigilance methods, highlighting

key gaps in leveraging EHR data for the ADR detection and polypharmacy analysis.

• Chapter 3 corresponds to Aim 1, detailing the development of a GPT-2-based model to

incorporate temporal sequences from the EHR. The model is evaluated against 4 ADR-drug

reference sets by AUROC.

• Chapter 4 addresses Aim 2, introducing novel strategies for representing numeric data (dose,

lab values) within a transformer architecture. The model is evaluated against 4 ADR-drug

reference sets by AUROC.

• Chapter 5 extends the work from Chapter 4, exploring more complex embedding strategies

and whether such approaches boost ADR detection further.

• Chapter 6 focuses on Aim 3, applying the best-performing models to identify harmful drug-

drug interactions in EHR data. The performance is evaluated against a drug-drug interaction

reference set by AUROC.

• Chapter 7 synthesizes findings, discusses limitations, and suggests directions for future work.

1.6 Roadmap

In the chapters ahead, I begin with a thorough background (Chapter 2) to understand the challenges

of ADR detection in observational data and to review existing methodological approaches. We

then introduce our proposed model architectures (Chapters 3 and 4), demonstrate the embedding

approaches for numeric data (Chapters 4 and 5), and conclude with an exploration of how these

methods can be applied to detect critical drug-drug interactions (Chapter 6). Finally, I present the

overall conclusions and future directions in Chapter 7 (Figure 1.1).
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Chapter 2

LITERATURE AND GAPS IN PRIOR WORK

2.1 Introduction to Pharmacovigilance and Need for Improved ADR Detection

Adverse drug reactions (ADRs) pose a substantial threat to public health, ranking among the

top causes of mortality, with a huge financial burden of approximately $30.1 billion in the United

States and $79 billion in European countries [67, 105, 9]. In contrast to the highly controlled

environment of phase I–III clinical trials, post-marketing surveillance is based more on observational

data [119]. The field of pharmacovigilance focuses on detecting, reporting, and evaluating these

ADRs. Historically, this effort has relied on Spontaneous reporting systems (SRSs), such as the

FDA Adverse Event Reporting System (FAERS) in the United States and the Vigilance system in

Europe. These systems effectively capture post-market drug safety issues but depend on voluntary

reporting by healthcare professionals, leading to severe under-reporting (estimated over 90% of

ADRs are missed) [87]. Such under-reporting causes downstream issues in analytics, and results in

inadequate prioritization of patient risks.

To overcome the limitations of SRS-based monitoring, EHR data have gained prominence as

a complementary source. Unlike SRSs, EHRs document a patient’s medical history—diagnoses,

prescriptions, laboratory tests, and additional clinical notes. They depict a more comprehensive

landscape for real-world drug usage and potential ADRs. However, traditional approaches to ADR

detection (e.g., disproportionality metrics such as proportional reporting ratio and reporting odds

ratio) still dominate, especially in the European countries. Although these metrics work well for

SRS data, they do not fully leverage the longitudinal nature of EHRs. Particularly, the conventional

disproportionality metrics result in relatively poor performance when applied to EHR data as shown

by Li et al. as an example that when using EHR alone for ADR detection achieved 0.53 area under

the roc curve [71, 78].

Given the surge in real-world evidence (RWE) initiatives, there is a demand for novel methods

that leverage the richness of EHRs for post-marketing surveillance. Consequently, the development
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of robust EHR-based pharmacovigilance strategies becomes increasingly urgent for ensuring high-

quality to support drug safety monitoring.

2.2 EHR-Based Pharmacovigilance

2.2.1 EHR data and Major Challenges

EHRs contain rich longitudinal data spanning diagnoses, treatments, prescriptions, dosages, labora-

tory values, and more [1, 40]. Additionally, EHR systems frequently use standardized terminologies

(e.g., SNOMED-CT, RxNorm, UMLS), which can facilitate the extraction of interoperable ADR

signals.

Despite these advantages, several challenges persist when using EHRs for pharmacovigilance:

• Temporal Alignment: A scoping review reported that about 25% of EHR-based ADR studies

didn’t enforce a temporal relationship ensuring that the drug is administered before the alleged

side effect, thereby undermining causal inference [24].

• Missing and Irregular Data: Patient records can vary widely in length, and timing of clinical

events may be sporadic; these gaps complicate time-series modeling.

Given these complexities, it is imperative to incorporate the sequence of clinical events into post

market drug surveillance. In EHR timestamps, drug administration must precede the appearance

of a suspected side effect. (Figure 2.1) offers a schematic depiction of how medications, tests, and

diagnoses can occur in sequence as a patient within a hospitalization moves from initial diagnosis

to further treatment. The following is a practical example (Figure. 2.1):

In this hypothetical case, a patient is admitted to the ER, and an initial diagnosis is assigned

(Figure 2.1). The clinicians would order tests for further examination. The orders of medical tests,

medication usage and the diagnosis are depicted as a sequence of clinical actions.

2.2.2 Examples of EHR-based ADR detection attempts

Studying temporality in the EHR for ADR detection is challenging due to the data’s varying length,

and missingness of data across time and length. Translating longitudinal EHR data into a feature
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Figure 2.1: Schematic depiction of EHR data sequence.

representation for machine learning is also challenging.

There have been a few attempts to work with temporal data in ADR detection. Between 2014

and 2017, Zhao et al. published a series of papers using the temporality of clinical events for drug

safety surveillance. In this work, the authors attempted to simplify time series data by trans-

forming them into symbolic time intervals using a symbolic aggregate approximation (SAX) based

method[144, 145, 146]. They transformed the time-series data by reducing dimensionality(transform

the original time-series into piecewise aggregate approximate, similar to binning) and converting

it into strings. The similarities of the strings are measured by extending Euclidean and piecewise

aggregate approximate(PAA) distances. The method showed good performance but did not handle

data with high sparsity. The string comparison method used in the studies, Levenshtein distance, is

also highly dependent on the length of the string because the additional elements of longer strings

are viewed as insertions, which exact a penalty that increases distance. In 2019, Bagattini et al.

improved the previous techniques by alleviating the sparsity issue and measured the distance of

event strings using less length-dependent methods modified based upon edit distance, which is an

improvement[7]. Nevertheless, the technique Bagattini et al. proposed was a stand-alone method

that has not been used for other tasks or other datasets, and the generalizability of the model need

to be improved.
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In 2020, Estri et al. proposed Transitive Sequential Pattern Mining (TSPM) to mine longitu-

dinal discrete EHR data. Essentially, the method applies dimensionality reduction by minimizing

sparsity (removing features with large numbers of missing values) and maximizing relevance (com-

puting the entropy of the empirical probability distribution) (MSMR). The researchers used logistic

regression with L1 regularization to predict five diseases(with no involvement of ADR): congenital

heart failure, COPD, type I and II diabetes, rheumatoid arthritis, and ulcerative colitis. However,

the method has some critical limitations. It uses a brute force method to find all permutations of

drug-event pairs and only keeps the drug-event pair with the highest probability for a single drug

(i.e. if Pr(ibuprofen|ADR1) > Pr(ibuprofen|ADR2); only the former relationship is kept in the

analysis) [27, 28]. An additional limitation of the choice of data is that the researchers only used

medication and diagnosis data in the analysis[27, 28].

Levine et al. developed a lagged regression model for detecting physiologic drug effects using

EHR data [68]. The models were built upon an autoregressive model, known for its robustness

on medical data. An autoregressive model uses a linear combination of its past values as input

to predict future values of the time series. The first observation profoundly affects the following

observations in the forecast window. The researchers derived two datasets with 7 drugs and 4 labs

with 64 unique drug lab permutations. The procedure starts with patient normalization by using a

Z transformation within each physiologic drug effect to improve the quality of time-series data[21].

The mean of the autoregressive models in this study achieved an AUROC of 0.633, and the results

have high interpretability. However, one issue is that many ADRs are acute events. The developed

models used 30 lags (a statistical term referring to the number of past observations in a time series

that are used as input to predict the current value of the series). A first clinical event, for example,

the time a drug was given, might not affect a last clinical event, if this occurs 30 days later, then

the forecast window is too broad.
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2.2.3 FDA Sentinel Initiative and TreeScan

In 2007, the U.S. Food and Drug Administration (FDA) launched the Sentinel Initiative to es-

tablish a national system for monitoring the safety of regulated medical products such as drugs,

vaccines, biologics, and medical devices. Officially operational in 2008 and expanded in 2019, Sen-

tinel integrates partnerships across epidemiology, pharmacy, and health informatics, with a notable

emphasis on leveraging EHRs for real-world evidence[15].

Among the analytical tools employed within Sentinel, the FDA adopted TreeScan as an ad-

vancement over traditional disproportionality metrics. Originally introduced by Kulldorff and

colleagues[66], TreeScan was designed to identify clusters of adverse events in spontaneous reporting

systems (like FAERS)1. The software can simultaneously evaluate thousands of potential adverse

drug reaction (ADR) signals, while adjusting for multiple comparisons. In addition, TreeScan

accommodates various data sources—including EHRs and insurance claims—and can incorporate

temporal information via purely temporal scan statistics or a Bernoulli model that flags higher-

than-expected event rates within defined time windows.

2.2.4 Summary

Overall, EHR data represent a rich longitudinal resource that can capture nuanced safety signals

overlooked by traditional spontaneous reporting systems. Existing methods—such as symbolic

aggregate approaches, Transitive Sequential Pattern Mining, lagged regression, and TreeScan—offer

partial solutions for analyzing this high-dimensional, irregular clinical data. However, many of

these methods still treat drug-event relationships in a relatively isolated manner, under-utilizing

the temporal ordering, numeric dose information, or multifaceted interactions that characterize

real-world patient care.

The next section discusses, recent advances in NLP and transformer-based architectures that

have opened up new possibilities. These techniques can potentially address the limitations of earlier

approaches by handling sequence data more effectively, incorporating numeric representations, and

modeling complex relationships among multiple drugs, diagnoses, and clinical outcomes in a unified

framework.

1https://www.TreeScan.org
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2.3 Natural Language Processing and Transformer-Based Approaches in Pharma-
covigilance

Artificial intelligence (AI) has seen rapid growth in pharmacovigilance research over the last two

decades. For instance, in early 2003, Google Scholar yielded only 140 publications when searching

for “pharmacovigilance” and “machine learning,” whereas by October 6, 2024, this number had

increased to nearly 12,600. As of February 9, 2025, the count for “natural language processing”

(NLP) and “pharmacovigilance” surpassed 5,700. This explosion of interest highlights the expand-

ing role of AI techniques, especially NLP, in analyzing clinical text and other observational data

sources for ADR detection, trend analysis, regulatory reporting, and more [87, 24].

2.3.1 Early AI/NLP in ADE detection

Most initial NLP efforts for pharmacovigilance have centered on extracting key entities (e.g., drug

names, adverse events) and relations (e.g., drug-ADR pairs) from unstructured text, such as clinical

notes, SRS narratives, and social media posts [86]. Models commonly used in these NLP studies

include Long Short-Term Memory (LSTM) networks and Conditional Random Fields (CRFs),

which proved effective for sequence labeling tasks and entity extraction [87]. Yet, when it came to

signal detection—i.e., identifying potentially novel ADRs—only a handful of studies attempted to

leverage these NLP outputs in a more integrated, large-scale manner[86].

2.3.2 The evolution of vector representations

Traditionally, pharmacovigilance uses disproportionality analysis based on a simple 2×2 contingency

table in systems like FAERS. In this table, we count how often a specific drug and adverse event

(ADR) appear together, then calculate metrics such as the Proportional Reporting Ratio (PRR).

Although this count-based method is straightforward and has proven effective, it treats each drug

and ADR as separate “labels” without recognizing that similar drugs may share similar side effects

(Figure 2.2).

To address this limitation, our group introduced a distributed representation approach called

aer2vec, inspired by the word2vec model, where drugs and ADRs are mapped into a shared vector

space [99]. In this space, similar drugs or side effects naturally cluster together. As a result,
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Figure 2.2: FAERS reports showing drugs with similar therapeutic effect might have similar side

effect.

if a new drug’s vector closely resembles that of a known drug, we can infer potential side-effect

profiles by analogy (Figure 2.3). We have successfully used these embeddings for other tasks as

well, such as predicting blood–brain barrier penetration from adverse event data [135]. However,

aer2vec embeddings are “static” and do not change based on different contexts, such as varying

doses, patient demographics, or combination therapies—all of which can alter a drug’s side-effect

profile. To capture these relationships, transformer-based contextual embeddings have emerged,

allowing each instance of a drug–ADR pairing to be represented according to the specific clinical

or demographic context in which it appears. This shift from static to contextual embeddings helps

create more flexible and accurate models for understanding drug safety data.

2.3.3 Transformers and why they suit EHR data

The paper Attention Is All You Need in 2017 introduced the revolutionary Transformer architecture,

gradually surpassing earlier recurrent architectures like Recurrent Neural Networks (RNNs) and

Long Short-Term Memory (LSTMs) [124]. Transformers inherently capture sequential relationships

using positional encoding to indicate token order [54]. This design also excels in parallelizing

computations, making it more scalable to large datasets compared with recurrent neural networks.
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Figure 2.3: Distributed representation of aer2vec [99]. Figure was obtained from the original paper.

In the context of EHR data, transformers are advantageous because they handle long-range

dependencies and heterogeneous data types (e.g., medications, diagnoses, lab results). By applying

self-attention mechanisms, transformers can focus on the most relevant parts of a patient’s lon-

gitudinal record—regardless of time gaps or complexity—thereby modeling intricate interactions

among symptoms, treatments, and outcomes. Their parallel processing further facilitates efficient

training on large healthcare datasets, offering potential improvements in tasks such as predictive

modeling, disease progression analysis, and ADR detection [70].

BERT (Bidirectional Encoder Representations from Transformers) expanded on the original

Transformer architecture by encoding both left and right contexts simultaneously [25]. This bi-

directionality enhances hidden state representations of text, a feature that can also be useful for

structured EHR content where multiple clinical elements interact in non-sequential ways.

2.3.4 Specific transformer-based EHR models

Inspired by BERT, Li et al. created BHERT (BERT for EHR) in 2020, where diagnoses are treated

as words, clinical visits as sentences, and entire patient histories as documents [70]. BHERT handles

temporal irregularities and heterogeneous data types, both continuous and categorical, and showed

promising performance in predicting future diagnoses in a specific time frame. Age is the only
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continuous variable, and it is not encoded as a raw continuous number. It is converted into a

discrete category and is assigned to a trainable embedding vector[70]. Despite these successes,

challenges such as effectively encoding long-term dependencies across multiple visits persist.

Another architecture, Med-BERT, was developed using data from 28 million patients in the

Cerner Health Facts database [102]. Evaluated on disease prediction tasks with Truven claims

data, Med-BERT primarily relied on disease code embeddings and did not enforce a strict order of

concepts within visits (relative positional information). The results were promising but the model

was expensive to train and failed to outperform simpler baselines on smaller datasets, suggesting

that further optimization or domain-specific tuning may be necessary for EHR-based use cases.

Unlike BERT-based systems, the Generative Pretrained Transformer (GPT) employs a unidi-

rectional approach, predicting tokens from left to right [124]. Although GPT has found success in

various text-generation tasks, its application to structured EHR data remains limited. One study

explored using GPT for EHR timeline forecasting by merging structured and unstructured data, re-

porting high agreement with expert reviews on 34 synthetic patient timelines [63]. This implies that

GPT-based methods could also be adapted for dynamic clinical modeling, yet additional research

is still needed in this area.

Among GPT’s many versions, GPT-2 stands out for its public availability, and relatively modest

computational requirements compared to larger models like GPT4 and open-source models such

as LLaMA 2,3 [118, 38]. Researchers with limited resources may still find GPT-2 accessible for

fine-tuning and experimentation, especially through the Hugging Face ecosystem, which provides

pretrained models and streamlined interfaces for customization.

2.3.5 Limitations

While transformers offer promising results in the medical area, they still face notable barriers. Most

models in this domain treat medication and lab information as discrete tokens[70, 102], overlooking

the importance of numeric data such as drug dosage or lab results. Training these architectures on

large-scale healthcare datasets also demands intensive computational resources, posing challenges

for institutions with limited hardware capacity. Moreover, healthcare data can vary considerably

across sites due to differences in coding practices, local terminologies, and patient demographics,



14

raising questions about how well models trained in one institution will adapt to another.

Despite these obstacles, transformer-based approaches remain an exciting approach in EHR

data analytics, and ongoing research continues to refine them for clinical settings. The next section

addresses one of the most important gaps: the lack of numeric representation.

2.4 Lack of Numeric representation in Transformer

Although transformer architectures have excellent performance in a range of natural language

processing (NLP) tasks, they struggle to effectively represent numeric data [129, 34]. According to

the World Health Organization (WHO), an adverse drug reaction (ADR) is harm “caused by the

use of a drug at regular doses,” emphasizing the clinical importance of dose information. Taking

650 mg of acetaminophen twice daily is markedly different from administering 4 g daily, especially

in patients with compromised renal function [129]. Yet, most existing pharmacovigilance models or

otherwise—treat medication use as a binary variable and disregard the exact dosage. Past research

occasionally captured the number of doses per patient but rarely incorporated granular dose or

frequency data into machine learning models for ADR detection, especially in elderly patients

[79, 45, 46].

Recent innovations indicate growing awareness of this limitation. In 2023, researchers proposed a

Hybrid Value-Aware Transformer (HVAT) that modifies a BERT architecture by scaling embedded

medical concepts with normalized numeric values [108]. HVAT was tested on Veterans Affairs (VA)

data to examine the relationship between ADRD (Alzheimer’s disease and related dementia) and

physical fitness, and it showed superior performance compared to support vector machines (SVM).

However, reproducing these findings is challenging because the VA dataset is not publicly available,

and the method was demonstrated on a single use case.

Another study used a similar value-scaling approach to predict numbers in an astronomical

dataset [36], while the Labrador model embedded continuous lab values from the Medical Infor-

mation Mart for Intensive Care (MIMIC)-IV dataset using an empirical cumulative distribution

function (eCDF) [13]. The developers of Labrador found that masked language models pretrained

on numeric EHR data did not outperform simpler models like random forests or XGBoost for

downstream tasks, suggesting that numeric embeddings alone may not be enough to ensure gener-

alization—particularly if the model is not specifically optimized for the target prediction.
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Beyond HVAT and Labrador, other techniques aim to better integrate numeric data with trans-

formers. Graded semantic vectors create embeddings by interpolating between orthogonal vectors

representing minimal and maximal values, a strategy that has shown promise in encoding numeric

information [132, 17]. Rotary positional embeddings (RoPE), was first proposed in 2021, was in-

troduced in open-source models such as Llama II [118, 111], use continuous rotation matrices to

handle varying sequence lengths. RoPE could potentially be adapted to represent drug dosages or

lab values by transforming them into sine and cosine components. Such an approach would allow

transformers to incorporate numeric values more naturally into their attention mechanisms and

could enhance the modeling of dose-response relationships in patient data.

Despite these promising developments, fundamental barriers remain. Reproducibility is one of

the most pressing issues. Many advanced methods, such as HVAT, are demonstrated on proprietary

datasets (e.g., VA data) that are not publicly accessible[108]. Generalizability also poses a signifi-

cant challenge. Numeric data in EHRs can vary substantially across healthcare institutions due to

differences in coding systems or institutions, lab reference ranges, or patient demographics[14]. As

a result, a model trained on one dataset may fail to perform well on another, limiting its broader

applicability and undermining the potential benefits of numeric-aware transformer solutions.

2.5 Polypharmacy and Drug-Drug Interactions (DDIs)

Historically, DDI detection relied heavily on spontaneous reporting systems (SRSs), such as the

FDA Adverse Event Reporting System (FAERS). Researchers often used disproportionality met-

rics such as the proportional reporting ratio (PRR) and reporting odds ratio (ROR), which compare

observed and expected co-occurrences of particular drug–event pairs to flag potential interactions

[88]. Other early approaches included association rules, which identify frequent item sets, and logis-

tic regression (LR), which sometimes incorporated covariates like patient age, sex, and interaction

terms for drug pairs [122, 123, 41, 88].

As data grew more complex, Bayesian methods offered additional robustness. One such model,

the Bayesian Confidence Propagation Neural Network (BCPNN), introduced by Bate et al. in

1998, computes an Information Component (IC) to quantify deviations from expected frequencies

under independence assumptions [11]. BCPNN is notably used by the World Health Organiza-

tion–Uppsala Monitoring Center (WHO-UMC) for early DDI signal detection. Another Bayesian
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approach, Gamma Poisson Shrinkage (GPS), uses a Gamma prior with a Poisson likelihood to

shrink estimates in cases where raw frequencies might be unreliable [29, 113]. Unlike PRR and

ROR, GPS inherently adjusts for uncertainty and often performs better in sparse or noisy datasets.

Extensions include a multi-item gamma Poisson shrinker adapted to zero-inflated data, addressing

the frequent occurrence of zero cells in adverse reporting databases [42].

Although these methods have proven valuable, many rely on cross-sectional snapshots and

under-reporting, especially for less severe events. LR, while simple and interpretable, does not

address collinearity across multiple predictors [41, 88]. Bayesian logistic regression can partially

mitigate high-dimensional data constraints [2], but the overall complexity of polypharmacy often

exceeds what these models can readily capture.

2.5.1 Machine Learning Approaches for DDI Detection

Recent developments of artificial intelligence have greatly expanded the methodologies for DDI

research [41]. As the number of approved drugs increases, combinatorial complexity pushes re-

searchers to adopt more advanced, scalable algorithms. One review divides machine learning meth-

ods for DDI detection into three groups: traditional ML (e.g., similarity-based methods, Bayesian

networks, and SVMs), non-traditional ML, and deep learning [143].

Before the emergence of transformer architectures, deep learning approaches to DDI typically

included convolutional neural networks (CNNs), deep neural networks (DNNs), graph embeddings,

and graph neural networks (GNNs). Researchers also explored multimodal models such as dual-

pathway DNNs (for example, TP-DDI) and factorization autoencoders to handle varied data sources

[143]. Although attention mechanisms was developed before the transformer architecture [8], the

transformer architecture popularized self-attention and inspired a new wave of attention-based

DDI models. A selected list of attention based models include AttentionDDI—a Siamese self-

attention multimodal network for analyzing multiple drug similarity measures [105]—and MDF-

SA-DDI, which relies on multi-source drug fusion and self-attention-based feature blocks [73, 140,

130]. AMDE, proposed by Pang et al. in 2022, encodes chemical structures (e.g., SMILES) using

autoencoders and attention mechanisms [89], while others incorporate knowledge graph paths to

further refine similarity measures [112].Not all of these rely on the full transformer framework;



17

however, they all use the attention modules to capture complex relationships among drug features.

Though these attention-based models often achieve high accuracy, all focus on pharmacokinetic

or structural drug data rather than leveraging EHRs. The use of transformer in DDI detection will

be discussed in section 2.6.

2.5.2 Why EHR Data Is Rarely Used for DDI Detection

Despite the inherent value of EHRs—due to their longitudinal, patient-centric viewpoint—DDI

detection that relies solely on EHR data remains relatively uncommon. Challenges include data

incompleteness, heterogeneous coding, and interoperability issues, where records from different

institutions may lack consistency or omit crucial events [100]. EHR data can also introduce sub-

stantial computational burden, given the volume of time-stamped entries spread across diagnoses,

prescriptions, lab results, and clinical notes.

Consequently, many researchers still utilize more standardized sources, such as SRSs or phar-

macokinetic databases, when screening for DDIs. Although EHRs contain richer contextual in-

formation (e.g., comorbidities, lab values, and treatment timelines), integrating these elements

for large-scale analyses requires advanced frameworks that can manage complex, incomplete, and

irregularly sampled clinical data.

2.6 Selected previous EHR-Based DDI Studies

A limited but notable set of projects illustrates the feasibility of EHR-based approaches to DDI

detection. One example is Vanderbilt University’s Drug–Drug Interaction Wide Association Study

(DDIWAS), which analyzed 616 drugs in EHR allergy lists to detect potential interactions [134].

This method identified numerous known and novel DDIs, but its reliance on allergy list data re-

stricts general use, and the approach requires extensive expert review. Earlier work by Tatonetti et

al. used FAERS data to identify 171 previously unreported DDIs, validated through EHR analysis

and multivariate models [115]. Another study by Iyer et al. involved large-scale text mining of

over 50 million clinical notes across two healthcare systems(using EHR only), applying adjusted

disproportionality ratios to highlight significant drug–event associations; the method achieved AU-

ROCs exceeding 0.8 in both datasets, when evaluated against DrugBank, Medi-Span Drug Therapy

Monitoring System and Drugs.com as references[49].
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Further exploring QT prolongation, Lorberbaum et al. combined EHR-based analyses with

laboratory experiments, revealing how observational data and in vitro testing can reinforce one

another [75].

2.6.1 Transformer in DDI detection

Transformer architectures offer a unified way to incorporate structured, unstructured, and temporal

data from EHRs. Their self-attention mechanism can capture multifaceted interactions between

drugs, clinical events, and patient traits, making them suitable for modeling polypharmacy scenar-

ios. Transformers also adapt more readily to new data through transfer learning, a feature that is

useful in continuously evolving healthcare environments.

By learning from large observational datasets, attention-based models may uncover both syn-

ergistic therapeutic effects and harmful ADRs. Additionally, their capacity to handle concurrent

medication use with varying dosages and timestamps addresses a limitation of older DDI detection

methods. Nonetheless, open questions remain about effectively integrating numeric dosage infor-

mation, ensuring interpretability, and generalizing across disparate health systems. Despite these

challenges, transformer-based methods are capable of offering more detailed and adaptive detection

of DDIs.

Transformer architectures offer a unified way to incorporate structured, unstructured, and tem-

poral data from EHRs. Their self-attention mechanism can capture multifaceted interactions be-

tween drugs, clinical events, and patient traits, making them suitable for modeling polypharmacy

scenarios. Transformers also adapt more readily to new data through transfer learning, a feature

that is useful in continuously evolving healthcare environments. By learning from large obser-

vational datasets, attention-based models may uncover both synergistic therapeutic effects and

harmful ADRs. Additionally, their capacity to handle concurrent medication use with varying

dosages and timestamps addresses a limitation of older DDI detection methods. Nonetheless, open

questions remain about effectively integrating numeric dosage information, ensuring interpretabil-

ity, and generalizing across disparate health systems. Despite these challenges, transformer-based

methods are capable of offering more detailed and adaptive detection of DDIs.

Recently, knowledge-graph-enhanced transformer approaches have shown promise in address-
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ing these interpretability and integration challenges. One example is “DDI-GPT: Explainable

Prediction of Drug-Drug Interactions using Large Language Models enhanced with Knowledge

Graphs,” which uses a GPT-based backbone and a comprehensive drug-centered knowledge graph

to produce robust DDI predictions. In this framework, segments of the knowledge graph—covering

drug targets, pathways, transporters, and other pharmacological details—are serialized into tex-

tual “sentence trees” for each pair of drugs. By preserving key biomedical relationships and using

self-attention over this enriched text, the model not only outperforms prior graph-based methods

on large-scale benchmarks but also exhibits strong zero-shot performance on newly updated FDA

data. Moreover, DDI-GPT incorporates an interpretability layer that assigns importance scores to

gene and pathway tokens, providing clinicians and researchers with mechanistic insights into why a

particular DDI is predicted. This explainability is particularly valuable in real-world settings, where

trust in a model’s reasoning is crucial and where relevant drug information evolves continuously.

2.7 Summary of Gaps in Prior Work

Despite rapid advancements in both pharmacovigilance and machine learning, several critical gaps

persist:

• Lack of robust temporal modeling: Many current EHR-based methods overlook the

longitudinal sequence of events, focusing on cross-sectional co-occurrences.

• Insufficient representation of numeric data: Many transformer-based methods do not

incorporate dosage and lab information, even though dose-response relationship, is recognized

as a core causality criteria for ADR risk assessment[43].

• Limited polypharmacy characterization: While advanced AI models exist for drug-drug

interaction detection work on EHR-based DDI detection remains sparse.

2.8 Conclusion

In summary, opportunities exist for improving post-market drug surveillance by leveraging EHR

data. However, achieving this goal requires advanced modeling of temporal sequences, integration

of numeric dose data, and explicit consideration of polypharmacy. The subsequent chapters of this
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dissertation build on these insights, proposing a transformer-based approach that addresses each of

these key limitations.
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Chapter 3

GENERATIVE TRANSFORMER MODELS FOR ADR SIGNAL
DETECTION IN EHR DATASETS

3.1 Abstract

Adverse drug reactions (ADRs) present substantial challenges to patient safety and healthcare sys-

tems, often leading to hospitalizations and economic burdens. To mitigate these burdens, post-

market surveillance is used to monitor ADRs that did not occur in clinical trials. The commonly

employ methods include disproportionality metrics. However, these methods are limited in their

ability to capture temporal relationships inherent in ADR occurrences, fail to fully leverage compre-

hensive data from electronic health records (EHRs), and lack robust mechanisms for signal detection.

In this study, we propose novel methods using generative pre-trained transformers for enhanced

ADR signal detection in EHR data. Evaluations on two EHRs demonstrate that our models outper-

form conventional disproportionality metrics and previous machine learning approaches. This study

highlights the potential of transformer-based models in advancing pharmacovigilance by integrating

comprehensive clinical data

3.2 Introduction

Adverse drug reactions (ADRs) pose a significant challenge to patient safety and healthcare sys-

tems, often resulting in hospitalizations, prolonged treatments, and substantial economic burdens

[6]. It has been reported that ADRs and other preventable adverse events cost $3.5 billion annually

to taxpayers in the United States [7]. However, many ADRs remain undetected or insufficiently

characterized during clinical trials, particularly those that emerge after a drug’s release to the

market. Pharmacovigilance, the science dedicated to detecting, assessing, understanding, and pre-

venting ADRs, thus faces an ongoing struggle to identify these issues in a timely and comprehensive

manner.

One obstacle involves data sources and their inherent limitations. The U.S. Food and Drug
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Administration’s (FDA) Adverse Event Reporting System (FAERS) and the European Vigibase

system rely on spontaneous reporting, which often suffers from 1) underreporting [3], 2) bias in-

fluenced by news and social media [147], 3) inconsistency, and incomplete information [126]. For

example, previous research suggests that approximately 50% to 96% of ADR incidences remain

unreported [3]. To address these shortcomings, researchers have turned to electronic health records

(EHRs) as a more comprehensive data source. EHRs capture both structured and unstructured

clinical information, providing richer data that can enhance ADR signal detection [23, 20].In addi-

tion, EHRs are not contingent on reporters.

Despite the promise of EHRs, current analytical methods pose another challenge. Traditional

disproportionality metrics focus on simple co-occurrences of drugs and ADRs, failing to account

for nuanced relationships and temporal ordering. Such methods cannot easily generalize across

similar drugs or related side effects, and they struggle to establish necessary temporal sequences

where drug administration precedes an observed adverse event. Moreover, commonly used metrics

such as Proportional Reporting Ratio (PRR) and Reporting Odds Ratio (ROR) often exhibit low

AUROC when relying solely on EHR data [71, 78]. These shortcomings highlight the need for more

sophisticated analytical frameworks that capture the complexity and temporal nature of clinical

data.

In response to these issues, large-scale initiatives have attempted to apply more robust ap-

proaches. The FDA’s 2007 Sentinel initiative integrates claims data and EHR information to

improve

pharmacovigilance [15]. The Sentinel program employs TreeScan statistics, which enhance tradi-

tional disproportionality measures by performing a temporal likelihood ratio test on predefined

adverse event groups [64, 65, 90]. This approach has demonstrated certain level of robustness ac-

cording to the authors across multiple epidemiological studies [131]. However, the development

team behind Sentinel acknowledges the ongoing need for advanced analytical methods, including

deep learning and natural language processing (NLP), to further refine ADR signal detection [15].

Recent methodological advancements in machine learning have shown promise in addressing

these gaps. Techniques such as logistic regression, gradient-boosted trees, random forests (RF), and

support vector machines (SVM) have outperformed conventional disproportionality methods(PRR,

Multiple-item gamma Poisson Shrinker) [22]. Despite this progress, disproportionality metrics
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remain the most commonly used approaches (48.6%), followed by machine learning (37%) and

regression (31%) for drug safety signal identification from EHR data[23]. This indicates that while

there is momentum toward more sophisticated models, traditional statistical methods still dominate,

underlining the importance of continued methodological innovation.

Deep learning, particularly the application of language models, has shown remarkable promise

in health informatics [138]. Models inspired by language processing are especially relevant because

clinical events over time resemble sequences of words, enabling the application of NLP techniques

to healthcare data. Before transformer architectures became widespread, embedding-based meth-

ods such as skip-gram models showed promise in surpassing traditional metrics and aiding in drug

repurposing[99]. Embeddings trained on observational data have improved pharmacovigilance sig-

nal detection from EHR notes by capturing positional and directional dependencies within clinical

texts[85]. These findings suggest that more advanced architectures could further improve the de-

tection of ADR signals by leveraging temporal context and complex semantic relationships.

However, incorporating the full complexity of patient data into these models remains a significant

challenge. Patients often have multiple visits over several years, receive numerous prescriptions,

and produce extensive diagnostic and laboratory results. Early methods represented patients using

high-dimensional “one-hot” vectors, later applying dimensionality reduction techniques such as

principle component analysis (PCA) or non-negative matrix factorization(NMF). More recently,

deep learning methods, specifically de-noising auto-encoders, have produced richer, low-dimensional

patient representations, outperforming conventional techniques[84]. As the volume and complexity

of clinical data grow, so does the need for models that can integrate these heterogeneous data

sources effectively.

The rise of transformer-based architectures provides a natural next step. Transformers have

advanced NLP by efficiently handling long sequences and capturing complex dependencies without

relying on recurrent structures[125] and it addresses the problem of lacking contextual approach.

Instead of assigning one fixed vector per word/drug, the representation changes depending on

the surrounding text or data. Generative pre-trained transformers (GPT), developed by OpenAI,

represent one of the state-of-the-art methodologies for language modeling and are inherently well-

suited for sequence data. Unlike traditional neural networks, transformers can better manage

extensive training data and use attention mechanisms to provide context across entire sequences.
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Their ability to model order and context makes transformers highly applicable to the temporal and

heterogeneous nature of EHR data.

Several transformer-based models for EHRs have already emerged. BEHRT, developed in 2020,

extends BERT to represent diagnoses as words, visits as sentences, and a patient’s medical his-

tory as a document, employing positional embeddings to capture temporal structures[70]. BHERT

addresses challenges such as managing long-term dependencies, heterogeneous data types, and ir-

regular recording intervals. Similarly, Med-BERT trained on large-scale EHR datasets has shown

promise in predicting future diagnoses[102]. However, these bidirectional models(model processes

text by simultaneously looking at preceding and succeeding context) may not align perfectly with

the inherently causal and sequential nature of healthcare data, where future events should not in-

form the interpretation of past observations.

In contrast, unidirectional GPT architectures mirror the forward progression of time in health-

care data, potentially offering a more suitable modeling paradigm. GPT-2, for example, uses token

and positional embeddings to interpret sequences in a left-to-right manner, which may better re-

spect the temporal ordering critical for causal inference. While limited research has explored GPT

architectures directly for EHR timeline prediction[63], the method was developed for a different

application. Additionally, although GPT-like models have been adapted to extract clinical entities

from text[69], their direct application to ADR signal detection is virtually unexplored.

In this chapter, I propose novel methods that integrate GPT-2-based architectures with EHR data to

improve ADR signal detection. GPT-2 was chosen for its accessibility, transparency, and computa-

tional efficiency compared to more resource-intensive models like Llama models and Deepseek[101].

Our central hypothesis is that a transformer-based generative model, which naturally incorporates

temporal ordering, will outperform conventional disproportionality metrics and non-transformer-

based machine learning approaches on detecting ADR. Additionally, I aim to understand the role

of temporal information in ADR signal detection, providing insights that can inform future model

development and data integration strategies.
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3.3 Methods

3.3.1 Datasets

MIMIC IV Hospitalization

I used the Medical Information Mart for Intensive Care (MIMIC-IV) dataset as the training set

because of the granularity of its data. MIMIC-IV is a publicly available database sourced from the

inpatient units at Beth Israel Deaconess Medical Center that includes patient lab, measures, orders,

diagnosis, procedures, treatments, and deidentified free-text clinical notes from visits 2008 and 2019.

One advantage of MIMIC-IV is that it contains a medicine administration record, which is essential

for our pharmacovigilance work. The dataset contains hospital admissions and ICU admission

records for 180,733 and 50,920 patients, respectively[52]. Since the data are publicly available, they

can be used to compare different models in the field to increase reliability. The dataset contains

all the hospitalization data from MIMIC IV. Diagnosis, admission, lab, and medication data were

used. Using the lab data, I created a binary flag for the targeted lab measures and ternary flag is

created for the rest of the lab measures as low, normal and high. All the lab and drug description

records were sorted by hospitalization and charting time of an individual record. The admission

records were sorted by hospitalization identifier and the discharge time.

UW EHR

This study uses a dataset created by the Institute of Translational Health Sciences(ITHS) in 2020

from the University of Washington Enterprise Data Warehouse(EDW). The dataset was originally

extracted based on the criteria derived from Ryan et al.’s ODHSI ADR reference set and the

Exploring and Understanding Adverse Drug Reactions (EUADR) reference set in order to capture

the information that would be required to assess the strength of the association between drugs

and events in this set[104]. According to the patient selection method, the medical history of

patients with at least one of the ICD diagnosis codes from the reference standards in the EHR was

selected, including anaphylactic shock, aplastic anemia, erythema multiforme, mitral valve disease,

neutropenia, rhabdomyolysis, acute renal failure, acute liver failure, acute myocardial infarction and

gastrointestinal hemorrhage for patients with data recorded between 2000 to 2020. The information
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from six months before the diagnosis and 12 months after the diagnosis was extracted. Patients

younger than 18 years old who had no events within 18 months from the initial timestamp were

excluded. All eligible encounters, comorbidities, medications, procedures, labs and clinical notes

were included. Unfortunately, this dataset only contains crude timestamps(by date) that do not

have the exact time of procedures and diagnoses. The notes were processed using MetaMap to

extract UMLS concepts from clinical notes[4](extracted about 50K medical concepts). Data was

processed in the same way as the MIMIC IV hospitalization data.

3.3.2 Representation of hospitalization from clinical data

The input data for this model was derived from EHRs and encoded to represent hospitalizations

through a wide range of clinical data: lab test results, medication records, diagnoses, and medical

observations. Each hospitalization was represented as a chronological sequence of medical concept

tokens, such as laboratory test, medication and diagnosis codes. Figure 3.2 shows an example of the

EHR sequence. To enhance the model’s ability to focus on recent clinical information or to predict

the next event of interest, these sequences were processed in reverse order, with the most recent

tokens appearing first. The processed clinical sequence was then converted into a structured dataset

format using Hugging Face’s Dataset library1. To maintain consistency and handle variations in

sequence length, each record was limited to 512 tokens, truncating longer sequences and padding

shorter ones with zeroes. This uniform representation allowed the transformer-based model to

process hospitalizations effectively, capturing temporal patterns in clinical events.

3.3.3 Tokenizer

A whitespace tokenizer from the Hugging Face’s tokenizers library2, was used. The tokenizer was

configured with a vocabulary generated from the clinical data, and padding was enabled to ensure

uniform sequence length. The vocabulary size of the tokenizer was calculated and incorporated into

the model configuration to align the model’s embedding layer with the tokenization process. During

tokenization, sequences exceeding the 512-token limit(for computational efficiency) were truncated

1https://huggingface.co/docs/datasets/en/index

2https://huggingface.co/docs/tokenizers/en/index
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Figure 3.1: EHR sequence example

to retain only the most recent tokens, while shorter sequences were padded with zeroes.

3.3.4 Baseline Models

I used the disproportionality analysis and the TreeScan [64, 65] as the baselines. I calculated the

PRR for each drug-ADR pair from the reference sets described above[29]. PRR is a metric used to

detect potential drug safety signals by comparing the proportion of reports for a specific adverse

event associated with a particular drug to the proportion of the same adverse event reports for all

other drugs in the database. For the second baseline, the TreeScan method, which is the current

signal detection method using in the FDA sentinel initiative that accounts for the temporality

effects. I utilized the ”Purely Temporal Scan Statistic” option in the TreeScan software3 with

uniform probability model in the software, which accounts for the number of ADR cases and the

time of developing ADRs. The data was prepared following the example in the manual of TreeScan

software. The time period was calculated between the initial use of drug to the first ADR event.

For each hospitalization, the maximum drug-ADR count is 1, if the drug-ADR pair occurs multiple

times in one hospitalization, I would only count it as 1 for disproportionality based methods. The

3https://www.TreeScan.org
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same procedure was applied to all hospitalizations and the (total number of drug-ADR, time period

in days) tuple was recorded to feed into the TreeScan software. The software can handle multiple

signal detection tasks simultaneously and address the multiple testing. I applied the method on

both MIMIC and UW-EHR datasets. I take all the per-interval p-values by TreeScan for a given

(drug, condition) pair and transform them via −log10(p). By summing them, I obtain a continuous

log-sum score that reflects how strongly the pair is associated with the outcome across all intervals.

For comparison purpose, I also applied the proximity-based method described previously in

Mower et al[85]. The study uses locality sensitive neural embeddings dervied from EHR clinical

notes to improve ADR detection. The sequences derived from MIMIC and UW-EHR went through

Semantic Vector Java package4 and the Embeddings Augmented by Random Permutation(EARP)

embeddings were created[85]. EARP directional consider a window of several terms around a given

observed concept, but directional information was encoded as well. I took the average between

the left and right context vectors of the observed term within the window for evaluation(within 5

tokens).

Because TreeScan’s purely temporal scan looks only for time intervals with more events than

expected, it yields only ‘positive signals’ (rather than negatives). Typically, one must set a minimum

threshold(n>2) for the number of ADR events or exposures so that it’s statistically meaningful to

detect an excess. We used a threshold of three observed ADR occurrences per drug–ADR pair;

any pair below that threshold was excluded. At the end, 506 drug-ADE pairs were included in the

TreeScan analysis for the MIMIC hospitalization data(Figure 3.3). For UW data, 447 drug-ADE

pairs were included(Figure 3.4). The reverse model uses the ADR in the reference sets as prompts

and predicts the probability of the previous token being the drug.

3.3.5 GPT2 model

I trained a GPT-2 model from scratch(no pretrained weights) using the OpenAI GPT-2 architec-

ture provided by the Hugging Face library. Hugging Face’s open-source implementation of GPT-2,

published in 2019 [101], enabled the construction of the model architecture, with configurations

reaching up to 1.5 billion parameters. I trained a few different configurations of the GPT2 models

4https://github.com/semanticvectors/semanticvectors
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with small variations in each one on the MIMIC IV and UW EHRs. The Transformer architec-

ture uses positional embeddings(PE) to incorporate order information and word token embeddings

(WTE) to represent the semantic meaning of each token. These embeddings are typically stored

in lookup tables (embedding matrices), making them easily retrievable[101].

I replaced the WTE with the semantic embeddings that were developed using the Semvecpy

package5 to learn the semantic relationship among the tokens in the EHR sequences for both

MIMIC IV and UW EDW data. The original work on semvecpy and its variants are from a

previous publication[16]. The development of the package was inspired by the word2vec model[83].

• GPT2 model with positional embeddings

• GPT2 + pretrained embeddings

• GPT2 without positional embeddings

For the pretrained embeddings, in every case, models were trained with 5 negative samples, a

window radius of 5 from the token, 5 training epochs and real valued vectors of 768 dimensions.

The same method was repeated twice for both the MIMIC and UW datasets. See the parameters

in Table A.1 in the appendix(Appendix Table A.1). The sequence was trained in a reverse order

meaning the most recent tokens were fed in first and the prediction would be retrospective. For each

sequence and to improve efficiency, the last 512 tokens for each sequence were used. By turning

the positional embeddings on and off, I will be able to investigate the impact of temporality.

The following hyperparameters were used during training: an effective batch size of 16, achieved

via gradient accumulation over 16 steps; a learning rate of 6 ∗ 10−6 with a weight decay of 0.1;

warm-up steps set to 2000; and a total of 8 training epochs. Early stopping was implemented

with a patience of two evaluation steps to prevent overfitting and be more efficient. The model

was optimized using AdamW[76], and mixed-precision training (FP16) was applied to enhance

computational efficiency. The custom tokenizer used for this study incorporated padding tokens

and ensured consistency across varying input lengths, with all sequences truncated or padded to a

maximum length of 512 tokens(Table A.1).

5https://github.com/semanticvectors/semvecpy
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Figure 3.2: GPT2 model illustration, WPE: positional embeddings, WTE: token embeddings

Reference sets

Four evaluation reference sets with ADR-drug pairs were used. The OMOP ADR reference set

and EUADR are well-validated in previous studies[104, 120]. All reference sets contain drug-ADR

pairs and a binary label indicating if the drug is associated with the ADR. Due to the limited

numbers of positive and negative ADR-drug pairs, I combined the EU+OMOP together in the

inference stage. The OMOP reference set contains four ADRs: acute renal failure, acute liver

injury, acute myocardial infarction and gastrointestinal bleed. The EUADR reference set contains

these four along with six additional ADRs: anaphylactic shock, erythema multifore, mitral valve

disease, neutropenia, aplastic anemia, and rhabdomyolysis[120]. I utilized two more reference sets,

Arizona Center for Education and Research on Therapeutics (AZCERT) and a set curated by a

Minnesota group (UMN). The AZCERT list was developed by combining ADR cases reported on

CredibleMeds.org, medical literature and new FDA labels. All the ADR-QT Prolongation and Tor-

sade De Pointes pairs underwent a rigorous evaluation procedure and casual relationships have been

confirmed[133, 128]. Lastly, a fourth set was curated by Dauner et al.(from UMN) which contains

nine conditions: dysglycaemia, hepatic decompensation and hepatic failure, angioedema, ascites,
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encephalopathy, hepatic encephalopathy, hyperglycaemia, hypoglycaemia, jaundice, oesophageal

varices haemorrhage and varices oesophageal with 155 positive ADR-drug pairs and 45 negative

pairs[22]. Each pair was well-validated in other research and has a binary label of whether the drug

causes the ADR (Table. 3.1).

Table 3.1: The Adverse Drug Reactions and the number of binary labels

Reference Set Label +/- #Adverse Drug Reaction

OMOP 164+, 235-
Acute renal failure, acute liver injury,

acute myocardial infarction, gastrointestinal bleeding

EUADR 44+, 50-

Acute renal failure, acute liver injury,

acute myocardial infarction, gastrointestinal bleeding,

anaphylactic shock, erythema multiforme,

mitral valve disease, neutropenia,

aplastic anemia, rhabdomyolysis

AZCERT 55+, 865- QT Prolongation and Torsade De Pointes

Minnesota 110+, 45-

Dysglycaemia, hepatic decompensation and hepatic failure,

angioedema, ascites, encephalopathy,

hepatic encephalopathy, hyperglycaemia,

hypoglycaemia, jaundice,

oesophageal varices haemorrhage, varices oesophageal

3.3.6 Evaluation

For model training, I calculated the loss for each epoch and monitored its decrease over time. For

model inference, the ability of each method to detect adverse drug reaction (ADR) signals was

evaluated by ranking positively labeled drug-ADR pairs before negatively labeled pairs using the

Area Under the Receiver Operating Characteristic Curve(AUROC). The evaluation utilized all four

reference sets, with ADRs mapped to their respective International Classification of Diseases (ICD-

9, ICD-10) codes. For ADRs associated with multiple ICD codes (e.g., acute renal failure mapped



32

to eight codes across both versions), I calculated a weighted average AUROC across all ICD codes

within each ADR. Reference set-specific AUROCs were computed to enable comparisons across

methods. The TreeScan method was used as a baseline, and I ensured that all drug-ADR pairs met

the constraints for inclusion across all baseline models, including PRR, TreeScan, and permutation-

based approaches. For the overall AUROC, all drug-ADR pairs across the four reference sets were

aggregated for a single calculation.

I focused on evaluating the likelihood that, given an ADR from the reference set, the model

predicts the drug of interest as the proceeding token. This can be conceptualized as treating the

ADR as a prompt within the GPT-2 model and examining the likelihood of the drug being the

predicted proceeding token. ADRs and drugs with a frequency below 10 were excluded from the

analysis. Too few samples result in unbalance in evaluation. Both sigmoid and softmax probabil-

ities were calculated. The softmax function provides the probability of the drug token relative to

all possible tokens in the dataset, while the sigmoid function offers a non-mutually exclusive prob-

ability for each drug independently. To account for ICD-code-specific contributions, the weighted

probabilities were computed as the summation of the product of the probability for each ICD code

and its associated weight.

For instance, there are 8 ICD codes associated with acute renal failure, and I calculated each

ICD code’s weight based on its count. Mathematically, this is expressed as:

Weighted Sum P (drug | ADR)j,c =
∑
i∈Ic

[
P
(
drugj | ADRc

)
i
× ICDWeighti

]
.

where i represents the ICD codes associated with the ADR, j represents the drug, and c represents
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the condition.

Ic : Set of ICD codes for the adverse drug reaction c,

j : Index for the drug,

c : Index for the ADR (or condition),

i : Index over ICD codes in Ic,

P (drugj | ADRc)i : Probability for drug j

given ADR c, specific to code i,

ICDWeighti : The weight associated with ICD code i.

Both approaches were applied to calculate softmax and sigmoid probabilities, producing metrics

such as Weighted Softmax/Sigmoid. For the comparison of the models with positional and without

positional embeddings, the better AUROC was calculated and reported by ADR, by reference set,

and overall.

3.4 Results

Table 3.2 compares our baseline methods (PRR, TreeScan, EARP dir) and the GPT-2–based mod-

els for both MIMIC and UW data. For the MIMIC dataset, GPT-2 (without pretrained embed-

dings) generally performed comparably to the PRR and TreeScan baselines, achieving an AUROC

of around 0.50–0.53 when aggregating across all reference sets. EARP dir slightly surpassed GPT-2

alone on some subsets (0.56 vs. 0.53 overall). However, GPT-2 combined with pretrained embed-

dings consistently surpassed all baseline methods, reaching 0.58 across all sets.

For the UW dataset, the GPT-2 model alone outperformed the baselines (0.64–0.65 vs. 0.50–0.58),

and GPT-2 plus pretrained embeddings further improved performance, up to 0.66 overall. Al-

though TreeScan excelled in certain subsets (e.g., the UMN references, AUROC 0.65) and EARP dir

was best for certain AZCERT intervals (0.63), neither approach matched the top scores from the

transformer-based methods when averaging across all reference sets.

To illustrate performance on individual conditions, we examined acute renal failure (AKI)

and acute gastrointestinal hemorrhage (GH). Using MIMIC data, the GPT-2+embeddings model

yielded an AUROC above 0.60 for AKI (10,714 AKI+ vs. 75,457 AKI–) and 0.74 for GH (1,802

GH+ vs. 84,369 GH–). With UW data, GPT-2 achieved 0.68 for AKI (1,829 AKI+ vs. 15,625
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AKI–) and 0.88 for GH (380 GH+ vs. 17,074 GH–), suggesting that the richer note-derived concepts

in UW may bolster detection for some conditions.

Finally, Table 3.3 presents results comparing GPT-2+embeddings models with (Pos) and with-

out (woPos) positional embeddings. Consistent with the broader findings, we observed no uniform

advantage of explicit positional embeddings; on some subsets (e.g., MIMIC AZCERT), positional

embeddings increased the AUROC, while in others (e.g., MIMIC OMOP+EU), disabling them

slightly improved results.

Overall, these findings indicate that GPT-2 alone can match or exceed classical baselines,

particularly in the UW data, and that GPT-2+embeddings offers further gains across reference

sets—highlighting the potential of transformer-based methods for ADR signal detection in EHR

data.

Table 3.2: Comparison of non-value aware models on MIMIC and UW inpatient data

MIMIC inpatient summary from non-value aware models

PRR TreeScan EARP dir

GPT2

Weighted Average

Softmax

GPT2

Weighted Average

Sigmoid

GPT2+embeddings

Weighted Average

Softmax

GPT2+embeddings

Weighted Average

Sigmoid

OMOP + EU (82+, 101-) 0.407 0.384 0.490 0.506 0.521 0.466 0.491

UMN (58+, 16-) 0.483 0.475 0.507 0.497 0.530 0.533 0.514

AZCERT (33+, 215-) 0.459 0.630 0.582 0.460 0.461 0.623 0.616

Across all sets (173+, 332-) 0.499 0.451 0.560 0.501 0.530 0.544 0.583

UW inpatient summary from non-value aware models

3.5 Error Analysis by Conditions

Table 3.4 shows the performance of the reversed GPT-2–based model for four key conditions,

comparing the results to the AUROCs reported by Li et al. using FAERS data[71]. They adapted

an approach, adjusted AUROC, by first estimating confounding-adjusted associations for each
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Figure 3.3: MIMIC drug inclusion flowchart
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Figure 3.4: UW drug inclusion flowchart
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Table 3.3: GPT2+ pretrained Embeddings with vs without positional embeddings. woPos:the

configurations without positional embeddings. Pos: the configurations with positional embeddings.

MIMIC-woPos MIMIC-Pos UW-woPos UW-Pos

OMOP + EU 0.593 0.491 0.581 0.640

UMN 0.582 0.514 0.613 0.632

AZCERT 0.520 0.616 0.624 0.590

Across all sets 0.548 0.583 0.640 0.655

drug–ADR pair, then measuring how well these associations separated known positives from known

negatives in the OMOP reference standard via a two-step lasso model[71].

For each condition, we note the number of positive and negative cases in MIMIC and UW, as

well as the model’s weighted softmax and weighted sigmoid outcomes. In general, UW data yields

higher AUROCs than MIMIC for acute liver failure, myocardial infarction, and gastrointestinal

hemorrhage, even though MIMIC typically provides larger sample sizes. This pattern suggests that

having clinical note-based concepts (available in UW) can enrich the context for detecting ADR

signals, whereas MIMIC’s more precise temporal records do not necessarily translate to better

predictive power. One possible explanation is that transformers, in our current configuration,

might not fully exploit day-to-day or hour-to-hour timestamps, particularly if the ICD diagnosis

codes are entered at the end of hospitalization.

Examining the specific conditions, gastric bleeding stands out with AUROCs around 0.73–0.74

in MIMIC and an even higher 0.87–0.88 in UW, each near or above FAERS’s 0.83 benchmark.

AKI also shows moderate success (0.60 in MIMIC vs. 0.68 in UW), though still below FAERS’s

0.89—indicating that observational EHR data can sometimes dilute the observed drug–renal out-

come relationship. Meanwhile, acute liver failure and myocardial infarction remain challenging in

MIMIC (AUROCs around 0.33–0.37), but moderate in UW (0.56–0.59), suggesting that diagnosing

or coding these events in UW’s clinical notes may better capture the signal. Nevertheless, nei-

ther EHR consistently matches FAERS levels, which aligns with previous findings in the literature

[71, 78].
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Other conditions in the EUADR set, such as aplastic anemia, neutropenia, and rhabdomyolysis,

have substantially fewer positives and often under a few hundred instances in MIMIC or UW. For

these rarer events, AUROCs typically hover near 0.50 or show missing values, implying that the

sample size is too small to reliably detect a drug-safety association. Beyond these four conditions,

the AZCERT set comprises only one condition, while the UMN reference sets include additional

ADRs (e.g., ascites) exhibiting variable performance (AUROCs 0.4–0.8) across the two datasets.

In general, such infrequently coded or confounded conditions yield only sparse signals for our

GPT-2–based approach to exploit, which further underscores the importance of robust clinical

documentation and additional data sources for enhancing ADR detection.

3.6 Discussion

In this chapter, I introduced a novel transformer-based approach for ADR signal detection, built on

a GPT-2 model trained using EHR data from two large healthcare systems. Across multiple experi-

ments—comparing pretrained vs. non-pretrained embeddings, and enabling vs. disabling positional

embeddings—the GPT-2–based methods consistently outperformed traditional disproportionality

metrics (PRR), the temporal TreeScan method, and our previously developed permutation-based

approach (EARP dir). This aligns with broader observations that machine learning and deep learn-

ing methods generally surpass classical metrics when working with rich EHR data.

Despite TreeScan’s capacity to incorporate temporality, it did not always surpass PRR, echo-

ing past findings that TreeScan may detect fewer signals but is advantageous for controlling Type

I error rates. Meanwhile, EARP dir uses local permutations for more nuanced sequence model-

ing than PRR or TreeScan, yet it still lagged behind the best GPT-2 configurations—suggesting

that the greater complexity of a transformer can pay off in pharmacovigilance. Notably, GPT-

2 alone, without pretrained embeddings, often matched or exceeded baseline approaches in the

UW dataset (AUROCs 0.64–0.65 vs. 0.50–0.58 for PRR/TreeScan), though in MIMIC it reached

0.50–0.53 overall—slightly below EARP dir (0.56). Nevertheless, this underlines that even a rela-

tively straightforward generative model can compete with established methods in EHR-based signal

detection.

The GPT-2 model with pretrained embeddings yielded further gains. For MIMIC, GPT-

2+embeddings improved overall AUROCs from 0.53 to 0.58, and in UW it rose to 0.66 outperformed
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other baselines. The new condition-level error analysis(referring to the previous section) revealed

that GPT-2+embeddings commonly handled AKI and GI bleed better than earlier methods, match-

ing or surpassing FAERS benchmarks in GI bleed. However, acute liver failure (ALF) and myocar-

dial infarction (AMI) remained difficult to detect, particularly in MIMIC, where AUROCs hovered

around 0.33–0.37. The UW dataset showed moderate success for ALF and AMI (0.56–0.59), sug-

gesting that clinical note-based data in UW may enrich ADR context. Yet neither EHR consistently

matched FAERS performance levels, in line with previous literature findings[71, 78].

For including positional embeddings or not, we found no consistent advantage in including them.

While adding positional encodings helped in some subsets (e.g., MIMIC AZCERT), it was mildly

detrimental in others (e.g., MIMIC OMOP+EU). This finding aligns with prior time-series language

modeling research[31, 114], indicating that explicit positional signals do not always improve EHR-

based modeling—especially if ICD codes are typically assigned late for billing, rather than capturing

real-time progression.

Beyond these core experiments, I also tested forward vs. reversed GPT-2 training. Although

forward modeling is more intuitive for predicting future events, the reversed approach—having the

model “see” the ADR and predict preceding treatments—proved more effective. This reversed

ordering aligns with the clinical logic that medications generally precede side-effect diagnoses, pro-

ducing more coherent training examples for the model.

Data quality and institutional coding practices also shape these outcomes. MIMIC, representing

a single hospital system, has more precise timestamps but fewer note-derived concepts, whereas UW

spans a longer timeframe (2000–2020) and has day-level timestamps offset by a richer, note-based

vocabulary. These differences help explain why GPT-2 alone trails EARP dir in some MIMIC

subsets, yet surpasses classical baselines more robustly in UW.

In the error analysis, we observed an AUROC gap between Li et al.’s approach and ours,

and it is important to note several key methodological differences[71]. First, Li et al. leverage

both FAERS and EHR data, whereas our method relies only on EHRs. Second, unlike Li et al.’s

confounder-adjusted, p-value–calibrated framework, we do not perform confounder screening or

negative-control calibration; our transformer model directly outputs predictions. Third, we exploit

self-attention mechanisms for temporal sequencing rather than a lasso regression.

Moreover, the results from the error analysis(Table 3.4) further demonstrated that GI bleed is
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comparatively easier to detect in both EHRs, while AKI shows moderate performance. By contrast,

ALF and AMI could have been confounded by other clinical factors or by delayed coding. Moreover,

some rarer EUADR conditions (e.g., aplastic anemia, neutropenia, rhabdomyolysis) having too few

positive examples—often below a few hundred—yielding near-random AUROCs or missing values.

There are a few limitations. First, the UW dataset was extracted under narrower selection

criteria (232 drugs or 10 ADRs in EU+OMOP), which could bias condition coverage. Second,

event timestamps in both MIMIC and UW may not fully reflect true real-time clinical progression,

complicating causal modeling. Third, while performance improves over older methods, certain

ADRs—particularly ALF and AMI—remain difficult to capture. Finally, this work involved only

two major healthcare systems, so broader generalizability needs to be further validated.

For future directions, I will attempt to address the limitations by acquiring datasets from dif-

ferent sources or include the clinical notes from MIMIC as well. In addition, I would like to verify

the method using bigger models with more parameters and better trained. The next-generation

generative models could further improve performance. Another direction I considered is to include

multimodal data. For example, using EHRs alone can provide a comprehensive view of individ-

ual patients, but incorporating spontaneous reporting system data, like the FDA Adverse Event

Reporting System (FAERS), has the potential to further improve performance.

3.7 Conclusion

This chapter builds a foundation for the next two chapters by implementing a GPT-2 model trained

from scratch with some variations by replacing the WTE with pretrained embeddings, which demon-

strates another use case of transformer models in pharmacovigilance.
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Chapter 4

ENHANCE THE GENERATIVE TRANSFORMER MODEL FOR SIGNAL
DETECTION BY INTEGRATING VALUE AWARE EMBEDDINGS

In this chapter, I build upon the GPT2 model from Aim 1 and introduce value-aware trans-

formers with various value-aware embeddings. The goal is to further improve the transformer based

ADR detection methods. The introduction shares some similarity with Aim 1, data processing and

evolution procedures are as described in Chapter 3.

4.1 Abstract

Building on the insights from the previous chapter, this work addresses the need for incorporating

numeric data—such as lab results and medication doses—into transformer-based models for phar-

macovigilance. I introduce a value-aware GPT-2 architecture that encodes numeric information

into token embeddings, extending the traditional transformer framework. Specifically, I investigate

both graded and rotary embeddings (in universal, concept-specific, and trainable variants) and inte-

grate them alongside GPT-2’s standard token and positional embeddings. Experiments on data from

two EHRs demonstrate notable performance gains over non-value-aware baselines. These findings

emphasize the importance of numeric representation in improving ADR detection with generative

transformer models.

4.2 Introduction

Despite the transformer model’s success in improving ADR signal detection, it has fundamental lim-

itations. A notable one is transformer’s inability to comprehend numeric data effectively[129, 34].

Before the advent of GPT-o1, transformer models had limited capability to recognize that 500 mg

is greater than 5 mg of a drug. Similarly, the latest Deepseek R1 model reasoning model, still

at the time of this writing could not reason that 7.110 is less than 1000. This is because trans-

former as a language model that the token repsentations of these values do not explicitly encode

their magnitude. Even with improved reasoning and arithmetic skills, the underlying mechanism
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by which GPT-o1 achieves this understanding remains unclear. This limitation is critical when

monitoring drug safety. According to the WHO’s definition, an ADR is: ”harm directly caused

by the use of a drug at regular dose”[18], emphasizing the importance of drug dose information.

For example, taking 650 mg of acetaminophen twice daily is substantially different from taking 4

g daily for a patient with deteriorating renal function. Capturing dose information could enhance

machine learning models for ADR detection by reducing noise in these models[21].

Several recent attempts have been made to integrate numeric values into transformers in the

medical field, highlighting the growing attention to this issue. In 2023, a study introduced the

Hybrid Value-Aware Transformer (HVAT), which jointly models longitudinal and non-longitudinal

EHR data. HVAT features two branches: the main branch, similar to conventional transformer

models, processes longitudinal data, while the other branch uses a feed-forward layer to handle

non-longitudinal data such as sex and race/ethnicity. HVAT modifies the bidirectional encoder

representations from transformers (BERT) by scaling the value embeddings of medical concepts

with normalized numeric values. The researchers evaluated this architecture using Veterans Af-

fairs (VA) data, specifically examining the relationship between ADRD and physical fitness. The

performance was promising, outperforming other machine learning methods such as support vector

machine (SVM) [108]. However, the VA data is not publicly available, and the lack of implemen-

tation details makes it difficult to reproduce these results.

Another recent study used a similar approach to scale embedding vectors based on numeric val-

ues and showed promising results for numeric tokenization strategies on metrics[36] on a large

astronomical dataset. This method shares many similarities with HVAT. Furthermore, a recent

publication introduced another approach, Labrador, which encodes continuous lab values from the

Medical Information Mart for Intensive Care (MIMIC)-IV dataset using an empirical cumulative

distribution function (eCDF) for numeric data transformation. First the eCDF is computed for

each lab test and form a distribution. Then each lab value is mappe to a probability between 0

and 1. For example, If a patient’s creatinine level is at the 70th percentile of the training data, it is

mapped to 0.7. The authors trained various configurations of masked language models (MLMs) and

applied them to four clinical cases. However, during inference, the MLM models did not outperform
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random forest and XGBoost models. The authors concluded that MLM pretraining on MIMIC-IV

does not transfer well to downstream inference tasks[13].

Beyond the HVAT, xVal and Labrador methods, some potential modifications to existing ap-

proaches could improve numeric data integration in transformers. One promising method involves

using graded semantic vectors to generate value embeddings[132, 17]. Graded semantic vectors are

constructed by interpolating between a pair of orthogonal demarcator vectors. The maximal ω

and minimal α values of the demarcator vectors define the boundaries, while the distance between

these nearly orthogonal vectors is projected into the high dimensional vector space using proximity

metrics. A vector between α and ω represents a feature proportionate to its distance from the min-

imum to the maximum in vector space. This algorithm has demonstrated reasonable effectiveness

on enconding immunoglobulin sequences of west Nile virus data[132, 17] and shows potential for

preserving numeric information.

A similar method called rotary positional embeddings (RoPE) was used in the recent open-source

generative transformer model, Llama II[118]. Unlike traditional fixed positional encodings, RoPE

introduces a continuous rotation matrix that transforms token embeddings based on their relative

positions[111]. This method efficiently handles varying sequence lengths while encoding the rela-

tive positional relationships between tokens. As an extension, RoPE could be adapted to encode

numerical values, such as drug doses and lab values, within a transformer model. By convert-

ing these values into sine and cosine functions, followed by applying a dot product with a weight

matrix learned during training, rotary embeddings can capture the continuous nature of numeric

data. This could enhances the model’s ability to process sequences with embedded quantitative

information.

In this paper, I propose new methods to incorporate value-aware embeddings representing lab

and drug dose data into generative pre-trained transformers, focusing primarily on GPT-2 and us-

ing EHR data exclusively. While later models like GPT-3.5 or GPT-4 offer superior performance,

they require significantly more computational resources and are not publicly available. The GPT-2

model, on the other hand, provides a robust and efficient solution that aligns with our research
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goals, enabling effective and flexible implementation. The goals of this paper are twofold: 1) to

encode numeric clinical information into embeddings for downstream ADR prediction tasks and 2)

to compare different types of value-aware embeddings. Our main hypothesis is that value-aware al-

gorithms, combined with generative pre-trained models, can outperform non-value-aware methods,

including both temporal and non-temporal disproportionality metrics.

4.3 Method

4.3.1 MIMIC-IV Hospitalization and UW EHR

The details of the MIMIC-IV hospitalization and UW EHR datasets are described in Chapter 3.

While the MIMIC-IV dataset does not include unstructured clinical notes, the UW EHR dataset

does. For the MIMIC-IV dataset, I utilized diagnostic codes, laboratory test results, and medica-

tion administration records. Laboratory results were preprocessed to retain relevant numeric values,

which were categorized as “high”, “low,” or “normal” based on standard reference ranges in the

two EHR datasets. The values were then normalized using Min-Max scaling to ensure consistency

across different measurement units and I did categorized and numeric value for creatinine. Simi-

larly, medication records were filtered to include administered doses, with dose values normalized

to a range between 0 and 1.

I represented each hospitalization as a chronological sequence of events, where each event cor-

responds to a diagnosis, lab test, medication, or other clinical entry. Events were sorted by their

occurrence time and assigned an event type (e.g., diagnosis, lab or drug for concepts extracted from

unstructured text). Each event was then mapped to a discrete token in our vocabulary.

When an event included a numeric measurement- for example, a lab result (e.g., creatinine =

2.1 mg/dL) or a medication dose (e.g., furosemide 40 mg), I stored that value in a corresponding

numeric field. For tokens without numeric values, the lab and dose fields are (0,0). Thus, each

token can optionally have an additional numeric value for labs or medication doses. These numeric

fields were preserved in our serialized PyTorch datasets to be used by the model alongside the

tokens themselves (Figure 4.1).

For the UW EHR sequences, the data structure was similar to MIMIC-IV, except that UW data
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Figure 4.1: An example EHR sequence with numeric data, the values showed on the plots are values

before min max scaling.

also included tokens derived from clinical text using MetaMap [4].

4.3.2 Representations of value aware embeddings

Value-aware algorithm

Inspired by the HVAT and xVAL algorithms[108, 36], I developed a customized GPT-2 model to

improve clinical concept representations by incorporating numeric values into embeddings. In the

first configuration, I extended the longitudinal data processing concept from HVAT by introducing

lab and dose values associated with medical concepts and scaling these values using value embed-

dings. Numeric embeddings (per clinical concept with associated numeric values) were obtained

from separate embedding layers and scaled via element-wise multiplication with corresponding value

embeddings. This enriched the embeddings with both conceptual and numeric information.

Unlike HVAT, which uses a hybrid structure with separate branches for longitudinal and discrete

data, our method focuses on the longitudinal aspect. I integrated these value-aware embeddings

directly into the GPT-2 framework, combining(addition) them with word token embeddings ma-

trix(WTE) and positional embeddings (PE). The Transformer architecture uses PE to incorporate

order information and token embedding matrix to represent the semantic meaning of each token.

These embeddings are typically stored in lookup tables (embedding matrices), making them easily

retrievable[101]. Unlike HVAT’s sinusoidal PE, our PE are learned during training.
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In the second configuration, we replaced the token embedding matrix with pretrained embeddings

derived in the previous chapter while preserving the integration of numeric values.

In general, the combined embedding for each medical concept Ci at position i is calculated as:

Ecombined = Etoken(Ci) + Eposition(i) + value ×Evalue(Ci)

where E represents embeddings, Ci is the medical concept, and i is the position of the token, value

is the numeric value. The Etoken(Ci) is either the randomly initialized token embedding matrix

or the pretrained embeddings derived using the Semantic Vectors(semvecpy) package described

previously.

Graded Embeddings

Universal Graded Embeddings: I used the graded semantic vectors, also known as demarcator

vectors to encode the numeric data[132, 17]. I generate a pair of normalized demarcator vectors

D(α) and D(ω) that serve as universal ”anchors” for all concepts. These vectors are generated

once, and their interpolation is concept-dependent through min-max normalization of the concept’s

range. The alpha and omega vectors are universal across all medical concepts. I used randomly

generated, normalized vectors D(α) and D(ω), which in high-dimensional spaces tend to be nearly

orthogonal. These graded vectors are then directly added to the token embedding matrix and

PE(bundling) of our customized GPT-2 model.

For a given value v, the interpolated vector is calculated as: I encode each numeric value v (e.g.,

a lab result) between a global minimum and maximum (min and max) by linearly interpolating

between two near-orthogonal boundary vectors, Dα and Dω. Specifically,

Egraded(Ci, Li, Di) =

(
max−v

max−min

)
Dα +

(
v − min

max−min

)
Dω, (4.1)

where min and max represent the numeric bounds for the concept (e.g., 0.5 and 5.0 mg/dL for

creatinine). I define two interpolation weights:

x =
max−v

max−min
, y =

v − min

max−min
,
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so that

Egraded(Ci, Li, Di) = xDα + y Dω.

Hence, if v is close to min, the resulting vector is near Dα; if v is close to max, the vector is near

Dω. Figure 4.2 illustrates how a creatinine value is mapped into this graded vector space.

The combined embedding for a concept Ci at position i with Li (lab value) and Di (dose value)

is given by:

Ecombined = Etoken(Ci) + Eposition(i) + Egraded(Ci, Li, Di)

where Egraded(Ci, Li, Di) is the graded embedding for concept Ci with Li or Di values.

Concept-specific Graded Embeddings: I also explored the concept-specific demarcator vec-

tors D(α)(c) and D(ω)(c), both are randomly initialize at the beginning. For each medical concept

C, I determine the minimum and maximum values observed in the data and then compute the

graded vector by linearly interpolating between D(α)(c) and D(ω)(c). In this setup, besides the

concept specific min max normalization, the alpha and omega are not universal across all medical

concepts, but concept-specific. The resulting concept-specific graded vectors are combined with

the token and positional embeddings in the same manner by addition, thereby providing a more

tailored representation of numeric values.

Trainable Graded Embeddings: In this variation, rather than loading fixed graded em-

beddings, I make the demarcator vectors trainable parameters that can be updated during model

training. For each medical concept C, I initialized D(α)(c) and D(ω)(c) as trainable parameters.

In this setup, D(α)(c) and D(ω)(c) are no longer fixed but are optimized jointly with the language

model’s parameters through back-propagation. Theoretically, the resulting embeddings evolve to

better capture the semantics of numeric values. Then I incorporate it into the models’ input

representation by bundling it to the WTE(word token embedding matrix) and PE.

Rotary Embeddings

Rotary Position Embeddings (RoPE) can be adapted to encode numeric values by replacing the

usual position index with numeric inputs. Instead of merely encoding a token’s position in the se-
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Figure 4.2: Graded vector representation of a creatinine value, with min = 0.5 mg/dL and max =

5.0 mg/dL.
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quence, I treat the lab and/or dose value as the “position” for rotation, thereby injecting continuous

numeric information into the embedding space(Figure. 4.3).

Angle Computation Let d be the embedding dimension. As usual with RoPE, I split the d-

dimensional vector into d
2 coordinate pairs

(
2i, 2i + 1

)
for i = 0, . . . , d2 − 1. Given a numeric value

v, I compute angles

θi =
v

10000
i

(d/2)

× scale,

where scale is a learnable or fixed factor that controls how sharply the numeric value (v) influences

the rotation. I then define a rotation operator R
(
θ(v)

)
that acts on each coordinate pair: x′2i

x′2i+1

 =

cos
(
θi
)

− sin
(
θi
)

sin
(
θi
)

cos
(
θi
)


 x2i

x2i+1

 ,

thus “injecting” the numeric value v into the embedding by rotating pairs of coordinates in pro-

portion to v.

Complex-Plane View A helpful way to see this is through complex numbers. For each index i,

consider the pair
(
x2i, x2i+1

)
as the real and imaginary parts of a complex number

zi = x2i + i x2i+1.

Rotating
(
x2i, x2i+1

)
by θi is then equivalent to multiplying zi by e i θi , i.e.,

z′i = e i θi zi =
(
x2i cos θi − x2i+1 sin θi

)
+ i

(
x2i sin θi + x2i+1 cos θi

)
.

This complex-plane perspective is mathematically identical to the 2D rotation in real coordinates

and clarifies how RoPE encodes continuous values via rotation.

Universal Variant In the universal case, the model learns a small set of trainable base vectors

that are shared across all concepts. Specifically, I initialize two trainable vectors, b(lab) and b(dose),

to represent lab and dose concepts, respectively. Let vL and vD be the numeric values for lab and

dose; often only one is nonzero (e.g., (2.1, 0) for a lab, or (0, 25) for a medication dose, Figure 4.1

), but I allow both to be nonzero in theory. I compute

R
(
θ(vL)

)
b(lab) and R

(
θ(vD)

)
b(dose),
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Figure 4.3: Rotary representation of a creatinine value in 2D plane.
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then add them:

R
(
θ(vL)

)
b(lab) + R

(
θ(vD)

)
b(dose).

Finally, I apply a linear transformation W:

Euniv(vL, vD) = W
(
R
(
θ(vL)

)
b(lab) + R

(
θ(vD)

)
b(dose)

)
.

I implement W as an nn.Linear(d, d) layer (or equivalently, a matrix in Rd×d). It is trained jointly

with the model so that after rotation, the resulting vector can be further adapted to the downstream

task. If omitted (i.e., W is the identity), I simply have the sum of the rotated base vectors. This

single W is shared for all lab/dose events and does not vary by concept.

Because lab and dose don’t co-occur in the same medical concept(how the data was prepared),

either vL ̸= 0 or vD ̸= 0. I retain the additive form to keep the formulation general.

Concept-Specific Variant. In contrast, the concept-specific variant allocates separate base pa-

rameters for each concept c. That is, I created two learnable parameters b(c,lab) and b(c,dose),

allowing every concept to have its own baseline representation. Given vL and vD, I apply the same

RoPE rotation to produce

R
(
θ(vL)

)
b(c,lab) and R

(
θ(vD)

)
b(c,dose)

which are then optionally combined and transformed:

Ecs(c, vL, vD) = W
(
R
(
θ(vL)

)
b(c,lab) + R

(
θ(vD)

)
b(c,dose)

)
.

Concept-specific parameters enable each concept to capture nuanced numeric relationships, at the

cost of additional memory.

Integration with GPT-2. Regardless of the universal or concept-specific variant, I add the

numeric rotary embedding to GPT-2’s usual token embedding Etoken and positional embedding

Eposition. Let ci be the i-th token’s concept (e.g., a lab test or medication), and let v
(L)
i and

v
(D)
i denote its associated lab or dose values. In this setup, these two numeric fields are mutually

exclusive for a single token, meaning one of them is always zero. I retain both parameters, however,
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so that the model can uniformly process all tokens regardless of whether they represent labs or

drugs. Formally, the combined embedding is:

Ecombined(ci, v
(L)
i , v

(D)
i , i) = Etoken(ci) + Eposition(i) + Erotary(ci, v

(L)
i , v

(D)
i ),

where

Erotary(ci, v
(L)
i , v

(D)
i ) =


Euniv(v

(L)
i , v

(D)
i ) (universal variant),

Ecs(ci, v
(L)
i , v

(D)
i ) (concept-specific variant).

If ci corresponds to a lab concept, then
(
v
(L)
i ̸= 0, v

(D)
i = 0

)
; if ci is a drug concept, I have(

v
(L)
i = 0, v

(D)
i ̸= 0

)
. The Ecombined representation is then passed into the self-attention layers,

enabling GPT-2 tto process continuous numeric information (lab or dose values) alongside discrete

tokens in a unified embedding space.

4.3.3 Value-aware GPT2 small

Four different configurations and variations within each model were examined:

• WTE + PE + Value-Aware Embeddings(VAE): Learned word token embeddings combined

with positional and value-aware embeddings.

• Pretrained Semantic Embeddings + PE + VAE: Pretrained embeddings replaced WTE, in-

tegrated with positional and value-aware embeddings.

• WTE + PE + Graded Embeddings: Graded embeddings in universal variant

• WTE + PE + Rotary Embeddings: Rotary embeddings in universal variant

In the second part of the analysis, I compared specifically compared different configurations of

rotary and graded embeddings.

• WTE + PE + Graded Embeddings: in universal variant

• WTE + PE + Graded Embeddings, concept specific, fixed
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• WTE + PE + Graded Embeddings: concept specific with all trainable parameters

• WTE + PE + Rotary Embeddings: in universal variant

• WTE + PE + Rotary Embeddings: concept specific with all trainable parameters

Training used a learning rate of 1e-6, with early stopping applied if validation loss did not

decrease by more than 10% across two consecutive epochs. Optimization was performed using the

Adam optimizer with a weight decay of 0.01, and the maximum number of epochs was set to 20.

4.3.4 Evaluation

During model training, I tracked perplexity across epochs to monitor their progressive reduction

over time for the validation and the training sets. For model inference, I evaluated the performance

of each approach in detecting ADR signals by assessing its ability to prioritize positively labeled

drug-ADR pairs over negatively labeled ones, using the Area Under the Curve of the Receiver

Operating Characteristic (AUROC) across four reference sets. ADRs were mapped to correspond-

ing International Classification of Diseases (ICD-9, 10) codes, and a weighted average(based on

the frequency) was computed for all ICD codes associated with each ADR. For example, acute

renal failure is linked to eight distinct ICD codes across both ICD versions. AUROC values were

calculated for each reference set. For the overall AUROC, all drug-ADR pairs were included in

the calculation rather than averaging across the reference sets. The reference sets were described

explicitly in the chapter 3.

The evaluation is mostly the same as chapter 3(also added the max probability). To reiterate,

I assessed how likely the model is to predict a specific drug token given an ADR from the reference

set, effectively using the ADR as a prompt within GPT-2(trained on the sequence in reverse order)

and checking the probability that the previous token is the relevant drug. I excluded any ADR or

drug with fewer than 10 occurrences to maintain a balanced evaluation. Both sigmoid and softmax

probabilities were calculated: the softmax indicates the drug token’s likelihood relative to all other

tokens, whereas the sigmoid provides an independent probability for each potential drug.

To incorporate ICD codes, I applied two methods. In the Weighted Probabilities approach, I

multiplied each code’s probability by its corresponding weight and summed the results. For instance,
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if an ADR is mapped to multiple ICD codes, each code’s probability is combined proportionally to

its frequency-based weight. Formally:

Weighted Sum P (drug | ADR)j,c =
∑
i∈Ic

[
P
(
drugj | ADRc

)
i
× ICDWeighti

]
.

where i represents the ICD codes associated with the ADR, j represents the drug, and c represents

the condition.

Alternatively, in the Max Probabilities method, I selected the ICD code that yielded the highest

probability:

MaxProbj,c = max
i∈Ic

[
P
(
drugj | ADRc

)
i

]
.

Both techniques were evaluated under softmax and sigmoid regimes (Weighted Softmax/Sigmoid

and Max Softmax/Sigmoid), and I report the highest area under the ROC curve (AUROC) among

these four metrics. The AUROC was calculated by ADR, by reference set, and in aggregate.

4.4 Results

For the value-aware models, I used the best-performing model from the non-value-aware stage as

the baseline(Table. 3.2. All models incorporating value-aware embeddings outperformed the base-

line model (Table 4.1), except for the UW-UMN reference set. The addition of lab values and drug

dose information improved the model’s ability to distinguish between ADR+ and ADR- labels.

When the word token embedding matrix was replaced with pretrained embeddings, performance

improved even further. The best-performing models combined pretrained embeddings, with value-

aware embeddings to represent numeric values for the MIMIC data, and for the UW data, graded

embeddings had the best performance.

A detailed analysis showed that the method had strong signals on detecting acute renal failure

and gastrointestinal hemorrhage related ADR across all configurations. In models using graded

embeddings, the AUROC reached 0.69 for acute renal failure and 0.8 for gastrointestinal bleeding

for the MIMIC set. For the UW set, the AUROC reached 0.74 for acute renal failure and gas-

trointestinal bleeding, it was 0.84. Both value-aware and non-value-aware methods demonstrated

consistent results across the two EHR datasets.



56

Table 4.1: Comparison of models’ AUROC on MIMIC and UW inpatient data, freezed, with ”+”

binding, trained for 5 epochs due to the earlystopping rule.

MIMIC inpatient summary

best non-value aware VAT embeddings + VAT Graded Universal Rotary Universal

OMOP + EU (82+, 101-) 0.521 0.600 0.615 0.622 0.655

UMN (58+, 16-) 0.533 0.528 0.563 0.651 0.639

AZCERT (33+, 215-) 0.630 0.643 0.662 0.655 0.581

Across all sets (173+, 332-) 0.583 0.676 0.692 0.688 0.666

UW inpatient summary

best non-value aware VAT embeddings + VAT Graded Universal Rotary Universal

OMOP + EU (74+, 86-) 0.640 0.640 0.639 0.650 0.591

UMN (49+, 13-) 0.652 0.557 0.610 0.630 0.561

AZCERT (32+, 211-) 0.658 0.657 0.671 0.640 0.613

Across all sets (155+, 340-) 0.655 0.695 0.697 0.710 0.659

I further compared the performance of graded and rotary embedding configurations(Table 4.2).

For both the MIMIC and UW inpatient datasets, the best-performing models were those utiliz-

ing graded embeddings with universal parameters. Models with universal parameters consistently

outperformed their concept-specific counterparts.

4.5 Discussion

In this study, I proposed a novel method for ADR signal detection by customizing the GPT-2

architecture for EHR data from two large healthcare institutes. I examined if the value-aware

transformers can outperform the best performing models from Aim 1. I hypothesized that models

with value-aware embeddings would outperform the non-value-aware models. In our experiments,

all models utilizing the GPT-2 architecture with value embeddings outperformed the models with

non-value aware embeddings(except for the UW-UMN reference set, TreeScan still performed the
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Table 4.2: Comparison of value-aware models with graded or rotary embeddings on MIMIC and

UW inpatient data, train at least 5 epochs, with 10% earlystop validation loss

MIMIC inpatient summary

Graded Universal,

fixed

Graded Concept Specific,

fixed

Graded Concept Specific,

trainable

Rotary Universal,

Trainable

Rotary Concept Specific,

Trainable

OMOP + EU (82+, 101-) 0.622 0.634 0.613 0.655 0.580

UMN (58+, 16-) 0.651 0.587 0.601 0.639 0.509

AZCERT (33+, 215-) 0.655 0.649 0.574 0.581 0.625

Across all sets (173+, 332-) 0.688 0.684 0.636 0.666 0.653

UW inpatient summary

Graded Universal,

fixed

Graded Concept Specific,

fixed

Graded Concept Specific,

trainable

Rotary Universal,

trainable

Rotary Concept Specific,

trainable

OMOP + EU (74+, 86-) 0.650 0.650 0.665 0.607 0.659

UMN (49+, 13-) 0.630 0.589 0.583 0.536 0.615

AZCERT (32+, 211-) 0.640 0.647 0.647 0.613 0.634

Across all sets (155+, 340-) 0.710 0.702 0.702 0.657 0.702

best). Simply adding scaled value embeddings alongside token embedding matrix and PE from

the GPT-2 model enhanced the model’s performance in distinguishing adverse drug events. Addi-

tionally, numeric values were integrated using various embeddings, including graded embeddings,

rotary embeddings, and other configurations.

GPT models are known for their versatility and wide application across many fields. To our

knowledge, this is the first attempt to use a GPT model specifically for enhancing ADR signal de-

tection using EHR data alone. While larger language models, such as Llama, exist, GPT-2 remains

accessible, hands-on, and less computationally intensive. By integrating value-aware methods, the

performance improved significantly.

To date, very few studies have attempted to represent numeric data within transformers. HVAT,

xVAL, and Labrador are three relevant studies[108, 13, 36]. The xVAL approach utilizes a method
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similar to HVAT involving scaling embeddings. I adapted the HVAT framework because it aligned

with the disease-related content of our study. However, our approach differs in several ways. HVAT

employed sinusoidal positional embeddings from the BERT model and had customized methods

for categorical data such as gender and ethnicity. They reported an AUROC of 0.96 on ADRD

and physical fitness data from the VA[108]. Unfortunately, I could not reproduce their results due

to data accessibility limitations. In our analysis, I used trainable positional embeddings based on

sequences, where each unit represents a hospitalization. Additionally, I prioritized overall model

performance rather than focusing on specific associations. Lastly, our method excluded gender and

age, which are important risk factors. Interestingly, in the HVAT study, excluding gender and age

only slightly reduced performance, suggesting that the value-aware components had the greatest

influence[108].

Our best-performing models achieved an AUROC between 0.7 and 0.8 overall, with specific ADRs

such as gastric bleeding related prediction exceeding 0.8, compared to the non-value aware setting,

0.77. These results were consistent across the two EHR datasets. The only discrepancy I observed

was that the best non-value aware method outperformed the value aware transformer(VAT) on the

UMN reference set (Table 4.1). The UMN set is much smaller compared to the other two and

always has fluctuations. Further analysis, for example, on different seeds, might introduce higher

stability into the analysis.

I utilized graded and rotary embeddings to represent numeric values, which is innovative given

transformers’ well-known limitations with arithmetic tasks[129]. Graded embeddings have been

shown to increase the similarity between immunoglobulin receptor sequences produced in response

to West Nile Virus[132, 17]. Rotary embeddings, which use a rotation matrix to encode absolute

distances while capturing relative positional dependencies, performed poorer to graded embeddings.

Universal variants of these embeddings performed better than concept-specific trainable variants.

The added complexity of concept-specific embeddings appeared to not adding additional values

when handling highly variable clinical data. Theoretically, trainable embeddings should outper-

form fixed versions due to their flexibility, but this was not observed in our experiments. Further

analysis of this discrepancy is presented in the next chapter.
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I also applied the Labrador method[13], transforming numeric values using the representation of

eCDF algorithm. This nonparametric approach maps numeric values to their percentile ranks,

offering advantages such as handling outliers and standardizing distributions. However, the results

did not outperform non-value-aware models, consistent with findings from the original Labrador

study, where transformer models performed poorly on downstream classification tasks[13]. I also

experimented with Z-score normalization but found it less effective than Min-Max scaling, which

was used consistently across all experiments.

In addition to the reported configurations, I explored other setups. For example, in our previ-

ous work on the aer2vec method[99], I tested both P (drug | ADR) and P (ADR | drug). In this

paper, I focused on P (drug | ADR) which had more consistent and reliable performance than the

forward model, which is P (ADR | drug). This observation aligns with the previous aer2vec work[99].

There are a few limitations of the study. First of all, EHR data inherently has drawbacks, for

instance, missingness and the ICD codes are originally used for billing purposes, which might not

reflect the true diagnoses[44]. The UW EHR data were prepared originally to perform a different

ADR-drug analysis. The initial event had a selection criterion of one of the 232 drugs or one of

the 10 ADRs in the EU+Ryan’s reference set. The UW EHR data has a wide time span and I

mapped UMLS CUI from the clinical notes, which may introduce a large controlled vocabulary. I

compared the distribution of the pretrained embeddings of the norm length between the two sets.

The distributions were quite similar to each other, but in the UW set, there are a small amount

of tokens that are more influential(large norms) than the others (Appendix Figure A.1), which I

did not observe in the MIMIC set. Both UW data and MIMIC data have timestamps on events,

but they might not reflect the time series accurately. The UW data uses crude timestamps for the

events, which do not provide the exact time of occurrence. Secondly, these data constraints might

effect generalizability. I only tested the method on data from two EHRs from large healthcare

system. Further analysis is needed to confirm the generalizability of the methods. Thirdly, the

overall performance is promising, but the breakdown on individual ADR leaves room for further

improvement. Mostly, the performance is consistent within the reference set and across different
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EHRs. But there are still circumstances, for example, on individual condition such as anaphylactic

shock, in which the predictability on binary ADR-drug event is random.

For future directions, I will attempt to address these limitations by acquiring more datasets, such

as adding MIMIC clinical notes into the analysis. The next generation of generative models could

further improve the performance. For instance, new numeric representations have been introduced

lately, for instance, McLeish et al. developed a new type of positional embeddings to encode the

significance of digits. It showed promising ability for addition, multiplication, and sorting tasks[80].

One potential use is to incorporate it into the transformer model I developed and it has the potential

to further improve the performance. Another direction I considered is to include multimodal data.

For example, using EHRs solely can capture comprehensive view for individual patients, but having

spontaneous reporting system data, like FDA Adverse Event Reporting System (FAERS) has the

potential to further improve performance. With rapid change in the field, more advanced numeric

representation will likely be developed and could be used to further improve the performance of

the methods(similar to chapter 3).

4.6 Conclusion

In this chapter, I further developed the GPT-2 based pharmacovigilance method by integrating

value-aware embeddings. All models with value-aware embeddings outperformed the non-value

aware methods(except for UW-UMN). The same observation was consistent across the two EHRs.

The best performing model in the value aware stage is the pretrained embeddings + value aware

embeddings for the MIMIC data, while for the UW, the graded universal variant had the best

performance. Further work is needed to examine these generalizability of the methods. In the

next chapter, I will analyze the roles of graded and rotary embeddings, and will explore different

bindings.
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Chapter 5

BUNDLING AND BINDING

5.1 Abstract

In this chapter, I investigate whether explicit variable-value binding (via the Hadamard product) pro-

vides a clear advantage over simple addition-based “bundling” for encoding numeric information in

a GPT-2–based architecture. I also compare universal and concept-specific embeddings, including

configurations that store and train alpha–omega vectors for direct numeric recovery. Using MIMIC

and UW inpatient datasets, I evaluate each approach on perplexity, AUROC, and—where applica-

ble—mean squared error (MSE) for evaluation. Overall, these findings suggest that a straightfor-

ward additive (bundling) strategy with universal embeddings is sufficient for numeric encoding in

high-dimensional transformer models, indicating that explicit binding operations may not be strictly

necessary.

5.2 Introduction

In Chapter 4, I developed GPT-2–based value aware models for encoding numeric information (e.g.,

lab results, drug dosages) alongside token and positional embeddings. My approach was to add the

numeric embeddings with the word token embeddings (WTE) and positional embeddings (PE). In

the terminology of Vector Symbolic Architectures (VSAs), this summation is known as bundling or

superposition, that is, combining multiple vectors by addition to form a single composite vector

[96, 94, 56].

In contrast, binding refers to merging vectors using an invertible operation, such as the Hadamard

(element-wise) product, circular convolution, pairwise exclusive or XOR[37]. The Hadamard prod-

uct performs element-wise multiplication, preserving dimensionality, and is often used in VSAs

as a dimension-preserving alternative to the outer product. Circular convolution provides a com-

putationally convenient alternative to Smolensky’s tensor product, a foundational operation in

tensor-based symbolic models. To develop graded vectors, the authors applied circular convolution
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to encode continuous values, and bind this information to variables of interest. For example, the

major events during presidency were bound to the name of the president [132, 17]. Other binding

methods also exist, including some with self-inverse operations [106, 37]. Binding typically preserves

the ability to “unbind” or decode original vectors from a combined representation [94, 56].

Although both bundling and binding can integrate information in high-dimensional spaces, they

differ in their algebraic properties and computational requirements. A recent study reviewed 11

VSA implementations, highlighting their varying strengths in dealing with fuzziness and ambiguity

[106]. In general, bundling (addition) is simpler and cheaper but partially loses invertibility, whereas

binding (element-wise multiplication, circular convolution, etc.) preserves the potential to separate

components later [56].

In this review[106], it also summarizes several high-dimensional computing or vector symbolic

architecture methods support the encoding of continuous variables by projecting them into real or

complex vector spaces (Table 5.1). For instance, MAP-C initializes and operates on real-valued hy-

pervectors in RD with element-wise multiplication as the binding operation [33]. HRR (Holographic

Reduced Representation) employs circular convolution on real-valued hypervectors, allowing scalar

information to be superimposed and retrieved through correlation [98]. Similarly, vector-derived

binding (VTB)[37] and matrix-based binding (MBAT) use transformations (permutation or matrix

multiplication) on real vectors to represent continuous features [32]. In contrast, FHRR (Fourier

Holographic Reduced Representation) represents continuous data through complex vectors, binding

them via element-wise complex multiplication that corresponds to phase addition and subtraction

[95]. These real or complex vector spaces allow for smooth similarity metrics, such as cosine or

angular distance, and permit natural encoding of graded information.

Some researchers have attempted to understand how language models store and track the evolv-

ing states of entities[31, 55, 82]. The major findings are that transfomer models implicitly use a

binding mechanism to associate entities with attributes [31]. One study pointed out that specific

neurons in the feedforward neural network(MLP layer) play more important roles than the at-

tention mechanism for storing and retrieving factual knowledge, and the researchers were able to

directly edit the associations between entities and attributes via a causal intervention technique[82].

However, there are still many unknowns. Kim and Schuster proposed that the ability to track en-

tity states emerges in the larger, more advanced transformer models, like GPT-3.5. Older models



63

like GPT-3 and vanilla models(Language models without fine-tuning) failed to track entity state

changes effectively [55].

In this study, I explore whether using an explicit binding operator (such as the Hadamard

product) offers a clear advantage over simple addition for representing numeric data in a customized

GPT-2 model. Our goal is to understand how binding operations affect performance, and to

investigate why concept-specific variants may not necessarily outperform universal configurations.

5.3 Method

The method consists of two main parts. First, I extend the approach from Chapter 4 by com-

paring addition-based bundling to an element-wise (Hadamard) product for binding numeric em-

beddings. Second, I examine why concept-specific variants do not necessarily outperform universal

variants(was our findings in the previous chapter), focusing on how well numeric values are pre-

served in each transformer layer. In other words, I ask: is explicit binding truly necessary for

value-aware GPT-2 models?

5.3.1 Part I: Bundling vs. Hadamard Binding

Previously, I formed combined embeddings by adding the word token embedding (WTE), positional

embedding (PE), and a numeric embedding. Specifically,

Ecombined(Ci, Li, Di) =
(
Etoken(Ci) + Eposition(i)

)
+ Erotary/graded(Ci, Li, Di).

While this addition effectively “bundles” the components, it does not explicitly maintain distinct

roles for each. In this study, I compare the additive approach to a Hadamard product variant, where

Ecombined(Ci, Li, Di) =
(
Etoken(Ci) + Eposition(i)

)
∗ Erotary/graded(Ci, Li, Di),

and ∗ denotes element-wise multiplication. The goal is to see whether this more explicit form of

binding (rather than simple bundling) better encodes numeric information in the transformer.

5.3.2 Part II: Universal vs. Concept-Specific Embeddings

Next, I examine why concept-specific numerical embeddings and models with all trainable param-

eters (including Dα
(c) and Dω

(c)) might not surpass universal numerical embeddings. Following
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Chapter 3, I define two high-dimensional “demarcator” vectors, Dα and Dω, that map numeric

values to high-dimensional vectors. In the universal variant, one shared Dα and Dω handle all

numeric concepts; in the concept-specific variant, each numeric feature has its own pair of demar-

cator vectors. In the fully trainable variant, every parameter (including Dα
(c) and Dω

(c) for each

concept) can be updated by back propagation.

To construct a numeric embedding for a concept c with value f(c), let fmin and fmax be the

lowest and highest values for that concept. I interpolate:

D
(
f(c)

)
= wαDα + wω Dω,

where

wα =
fmax − f(c)

fmax − fmin
, wω =

f(c) − fmin

fmax − fmin
, wα + wω = 1.

To understand how well our approach preserves numeric information, I recover f(c) at each

layer. Let hℓ(f(c)) denote the hidden state (at layer ℓ) corresponding to our numeric token. I

measure its dot products with Dα and Dω:

dotα = hℓ

(
f(c)

)
·Dα, dotω = hℓ

(
f(c)

)
·Dω.

I define the normalized weight

wω =
dotω

dotα + dotω
,

which approximates f(c)−fmin

fmax−fmin
. From here, I recover

f(c) = wω (fmax − fmin) + fmin,

with wα = 1 − wω.

Although this alpha–omega formulation lets us reconstruct f(c) by dot products in principle,

not all configurations store Dα and Dω at inference time. For instance, in the universal variant, I

reuse the same Dα and Dω across all numeric concepts to generate a single composite embedding

for each numeric value. This approach does not preserve concept-specific demarcator vectors at

inference time, making direct do-based numeric recovery more challenging. In practice, I still pass

tokens through the same sequence of attention layers, feed-forward blocks, and the final linear

projection to produce logits. I retrieved standard language-model metrics such as perplexity to see

whether numeric detail correlates with overall modeling quality.
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When a configuration does maintain Dα
(c) and Dω

(c)) (e.g., in a fully trainable concept-specific

model), I can measure numeric reconstruction quality via the mean squared error (MSE) between

the recovered f(c) and the true f(c). To analyze the impact of deeper layers on Dα and Dω, I

feed these vectors into the transformer as input tokens. At each layer ℓ, I record the hidden-state

vectors hℓ(Dα) and hℓ(Dω). By measuring their norms at each layer, I quantify how the network

transforms or amplifies numeric information. Larger norms may indicate the transformer amplifies

numeric distinctions in deeper layers, whereas more gradual changes could suggest stable numeric

representations.

Finally, I compare each configuration (addition vs. Hadamard, universal vs. concept-specific)

on perplexity and, where possible, alpha-omega numeric recovery.

5.4 Results

First, I examined how different binding methods affect performance. I found that Hadamard-based

binding does not necessarily improve upon simple addition (Table.5.2). Despite in the MIMIC data,

the graded-concept-specific-addition had the best performance. The graded-universal-addition was

the second best performing model. For the UW data, Graded-universal-addition was the best

performing model across all configurations. This suggests that bundling (addition) may be enough

or perhaps that the Hadmard product is numerically unstable. In our perplexity analysis over

training epochs, the Hadamard product variant initially shows a sharp decrease in perplexity for

about three epochs, then only modest improvements afterward(Table.5.2).

Second, I investigated how MSE changes across layers for models that do allow alpha–omega

recovery(only the trainable models)(Tables 5.3, 5.4). Overall, MSE often grows monotonically

from lower to higher layers, suggesting that attention and feed-forward mechanisms progressively

reshape the numeric embeddings(Appendix Figures A.1 and A.2). Notably, the Hadamard-product

configurations tend to show a steeper rise for the norms at deeper layers. The MSE for the addition

bundling is slightly higher than the Hadamard binding (Tables 5.3, 5.4), which indicates a worse

preservation of the original numeric value.

Finally, perplexity results on both UW and MIMIC datasets show that an explicit binding step

(Hadamard product) is not strictly necessary. In many cases, simple bundling achieves comparable

or better performance.
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Table 5.3: MSE results for the graded models. MSE was calculated for trainable models only.

MIMIC

Model Mean MSE Max MSE Min MSE Std MSE Perplexity

Graded vectors, universal,

fixed, addition
- - - - 1.610

Graded vectors, universal,

fixed, Hadamard binding
- - - - 6.762

Graded concept-specific,

fixed, addition
- - - - 1.612

Graded concept-specific,

fixed, Hadamard binding
- - - - 6.766

Graded concept-specific,

trainable, addition
0.113 0.123 0.0651 0.0150 1.600

Graded concept-specific,

trainable, Hadamard binding
0.0785 0.0888 0.0440 0.0115 1.887

Table 5.4: MSE results for the graded models. MSE was calculated for trainable models only. UW

Model Mean MSE Max MSE Min MSE Std MSE Perplexity

Graded vectors, universal,

fixed, addition
- - - - 11.72

Graded vectors, universal,

fixed, Hadamard binding
- - - - 41.96

Graded concept-specific,

fixed, addition
- - - - 11.72

Graded concept-specific,

fixed, Hadamard binding
- - - - 41.97

Graded concept-specific,

trainable, addition
0.0799 0.0888 0.0490 0.0097 11.70

Graded concept-specific,

trainable, Hadamard binding
0.0611 0.0668 0.0290 0.0102 39.39
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5.5 Discussion

In this chapter, I extended the previous chapter by examining both “bundling” (simple addition)

and “binding” (Hadamard multiplication) for combining numeric embeddings with GPT-2’s token

and positional embeddings. I then compared universal vs. concept-specific approaches, including

fully trainable demarcator vectors Dα
(c) and Dω

(c). Our key finding is that binding does not

necessarily outperform bundling (see Tables 5.2, 5.3, 5.4).

For the MIMIC set, the drop in performance with explicit binding is larger. For the UW set,

they were compariable. One plausible explanation is that the MIMIC and UW datasets differ

substantially in both scope and curation as discussed in the previous chapters. MIMIC is much

larger (approximately five times) and contains primarily structured numeric or timestamp data with

minimal free-text. In contrast, the UW dataset does include clinical notes and was filtered toward

specific drug events and outcomes. Consequently, the numeric features (e.g., lab values, dosage

amounts) in MIMIC may be more heterogeneous and span a wider range(because UW structured

data is smaller). If the Hadamard product amplifies certain numeric outliers or magnifies variability

in ways that hinder stable learning, it could explain why explicit binding is more detrimental

on MIMIC than on a more constrained dataset like UW. Additionally, MIMIC’s more precise

timestamps may lead to a more accurate but noisier temporal embeddings.

Although Transformers do much more than pure linear addition, several studies have shown

that even straightforward linear combinations (e.g.vector superposition) can be quite powerful in a

sufficiently high-dimensional space[53, 94]. This ties in with the VSA perspective, where superposi-

tions in high-dimensional vector spaces can represent multiple pieces of information compactly[53].

Knittel et al. observe that the GPT-2 token embeddings are relatively uncorrelated, approximating

orthogonality in high-dimensional space[57]. This behavior aligns with certain VSA assumptions

about distributing information across large vector spaces. In the VSA view, superposition (often

called bundling) can combine multiple vectors into one, while binding (e.g. via the Hadamard prod-

uct) encodes structured relationships. Transformers do both: they superimpose signals in residual

streams, and also implement forms of binding-like operations via attention[57]. Hence GPT-2 might

appear to utilize VSA-like principles even without explicit ‘binding’ tokens. Another abstract on

VSA [96] also describes how linear operations in high-dimensional spaces provide a simple but of-
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ten adequate approach. The same author later showed that while non-linear expansions such as

a Hadamard product can encode more structure, they may distort original similarity relationships

[97]. Our GPT-2 model, with an embedding dimension of 768, is not strictly hyperdimensional, but

it still benefits from many properties of high-dimensional spaces, which helps explain why simple

addition can be sufficient or surpass a more explicit binding.

In another paper published in 2024, it explores how LMs solve the binding problem. The paper

focuses on understanding how entities are associated with their attributes. The authors propose

that LLMs internally using binding IDs, which are abstract vectors added to entities and attributes

to maintain associations. The paper showed some empirical evidence that by replacing or swapping

binding ID vectors leads to predictable changes in associations, confirming that the binding IDs

encode binding information. In addition, binding is not tied to the sequence position but to the

binding IDs[31]. This also partially aligns with what I observed in chapter 3 that the presence

of positional embedding does not significantly improve the predictability(Table 3.3). It could be

another piece of evidence that the transformer model relies more on the specialized mechanism

within the activation space.

For models that have trainable alpha and omega, I measured mean squared error (MSE) for

numeric reconstruction on the MIMIC and UW datasets. Some configurations do not retain al-

pha–omega vectors because the graded vectors were pre-calculcated before the training, so in those

cases I relied mainly on perplexity or other downstream metrics. Even so, these models perform

similarly, that the MSE for Hadamard binding is lower than bundling. The perplexity was showing

the opposite. This part of the result is inconclusive.

In real-world applications like medical records, small differences in numeric accuracy could

matter; even minor reconstruction errors might affect predictions. But our results still indicate

that both bundling and binding can encode numeric information without large distortions. Future

work could be, for example, working on the same analysis but using some benchmark datasets for

a more direct comparison.

I also examined hidden-state norms across layers, noticing that norms often grow in deeper layers

as the transformer emphasizes task-relevant features [50, 103] Jawahar et al. suggested that lower

layers in the transformer models capture more surface-level features, while deeper layers handle

semantic features. In the genomic domain, shallower layer has a broader attention, and deep layer



71

focus on phenotypic genes [141]. In our experiments, I did not find a correlation between numeric

MSE and final performance metrics (like AUROC) at the layer level.

Our approach has several limitations. First, there are still some unanswered open-ended ques-

tions. For example, more work needs to validate whether internal binding is happening in the

customized value-aware GPT-2 models. Secondly, I tested only on MIMIC and UW inpatient

datasets, which may not fully represent the breadth of clinical or general numeric data. Finally,

some configurations did not preserve the alpha–omega vectors for direct numeric decoding, limiting

our ability to measure numeric fidelity across all models.

Overall, our results suggest that a simple bundling approach can be competitive, and universal

embeddings can match concept-specific embeddings—even if alpha–omega vectors are fully train-

able. While certain models can do a direct alpha–omega numeric recovery, it does not necessarily

translate into better perplexity or downstream performance. Future studies might address the

limitations and explore how attention mechanisms or layer-level constraints can further stabilize

numeric representations without sacrificing the transformer’s broader language modeling perfor-

mance.

5.6 Conclusion

I find that an explicit binding step (e.g., Hadamard product) does not consistently outperform

simple addition for encoding numeric embeddings in GPT-2. Moreover, concept-specific embeddings

do not reliably surpass universal approaches, indicating that a straightforward, universal addition

strategy generally is sufficient for numeric handling in high-dimensional transformer models.
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Chapter 6

IMPROVING DRUG DRUG INTERACTION DETECTION IN
ELECTRONIC HEALTH RECORDS USING GPT2 MODELS

In this exploratory aim, I used the best performing model from the previous aims to further

explore their utility for detecting harmful drug drug interactions.

6.1 Abstract

I introduce a transformer-based next-token prediction approach—built on a GPT-2 backbone with

value-aware graded embeddings—and compare it against established pharmacovigilance methods

(BCPNN, GPS, and logistic regression) for detecting drug–drug interactions (DDIs). Using only

EHR data, our model significantly outperforms these baselines, achieving up to a 30% improvement

in AUROC. By capturing temporal and clinical relationships that simpler regression or dispropor-

tionality methods often miss, this method effectively distinguishes true ADR-related drug pairs from

negatives. These findings highlight the potential of generative language models in pharmacovigilance.

6.2 Introduction

Adverse drug reactions (ADRs) resulting from drug–drug interactions (DDIs) pose a significant

threat to patient safety worldwide [47]. Although research in this area has been ongoing for decades,

harmful interactions still frequently go undetected[92]. One reason is the exponential growth of

possible drug combinations: with N drugs, there are N(N − 1)/2 distinct pairs to assess(for drug-

drug-disease, even more with more than 3 drugs working synergistically), making in-vitro studies

expensive. Nonetheless, computational approaches have expanded the field by offering systematic

ways to detect potential interactions at scale.

Early methods relied heavily on spontaneous reporting systems (SRS), where voluntary reports

of suspected ADRs are collected. Techniques such as the proportional reporting ratio (PRR), re-

porting odds ratio (ROR), association rules, and logistic regression were introduced to flag possible

DDIs [88, 12, 58]. More recent SRS-based methods include Bayesian Confidence Propagation Neural
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Network (BCPNN) and Gamma Poisson Shrinkage (GPS), both of which use Bayesian frameworks

to assess whether certain drug–event co-occurrences deviate from what would be expected by chance

[11, 29, 113]. BCPNN calculates an Information Component (IC) to quantify deviation from inde-

pendence [11], whereas GPS uses a Gamma–Poisson model to shrink noisy estimates toward more

stable values [29]. Although these methods are effective, they often suffer from under-reporting and

capture only a cross-sectional snapshot of the data.

Logistic regression (LR) has also been adapted to SRS data, sometimes incorporating covari-

ates such as patient age, sex, and drug–drug interaction terms [122, 123, 41, 88, 134]. Bayesian

logistic regression can handle high-dimensional data [2], but limitations persist, including collinear-

ity issues and bias tied to overrepresentation of severe ADRs. More recently, deep learning ap-

proaches—including similarity-based heuristics, network diffusion, Bayesian networks, CNNs, and

graph neural networks—have broadened DDI detection methods [143, 89]. Transformers, intro-

duced by Vaswani et al.[124], can bring greater flexibility by leveraging self-attention to model

complex relationships among drugs, clinical events, and patient characteristics.

Compared to SRS and in vitro studies, EHRs remain underutilized in DDI research—even

though several studies attest to their value. Wu et al. (2021) proposed a “Drug–Drug Interaction

Wide Association Study (DDIWAS),” mining drug pairs from EHR allergy lists and applying it to

616 drugs [134]. They identified 34 known interactions for simvastatin and amlodipine (with high

positive predictive values of 0.85 and 0.86) and further revealed novel interactions such as simvas-

tatin–hydrochlorothiazide. While impactful, their approach relies on allergy-list data, which may

be unavailable. In addition, they focused on a limited number of drugs, requiring extensive expert

review. Tatonetti et al. (2011) used profiles of eight major ADR categories in the FDA’s Adverse

Event Reporting System (FAERS) to find drug pairs with side effect patterns matching known

profiles [115], identifying 171 previously unreported interactions. These were partially validated by

multivariate models using EHR data. Iyer et al. (2014) performed large-scale EHR text mining

on over 50 million clinical notes from two healthcare systems, using disproportionality ratios to

highlight significant drug pair–event associations; they achieved AUROCs above 0.8 when using

EHR alone which is comparable to SRS performance (using the same methods) [49]. Lorberbaum

et al. (2016) investigated QT prolongation risk by combining EHR-based QT interval analysis with

laboratory experiments, illustrating how observational data can be paired with in vitro validation



74

to strengthen evidence [75].

Moving beyond disproportionality and traditional regression, Transformer architectures present

a promising path for enhanced DDI signal detection. They can integrate heterogeneous data: struc-

tured, unstructured, and longitudinal into one framework. Large-scale pretraining enables stronger

generalization, while the self-attention mechanism captures complex temporal relationships among

multiple drugs, ADRs, and patient-specific factors, making Transformers ideal for polypharmacy

scenarios [141]. Although relatively few studies had applied self-attention to uncover DDIs in 2023,

by 2025 the technique has become more widely accepted. Many new attention-based DDI ap-

proaches have emerged [137, 140, 130], reflecting the evolving capabilities of Transformer-based

methods.

In this chapter, I propose a novel application of a value-aware GPT-2 model for DDI signal de-

tection using only EHR data. GPT-2 was selected for its open-source availability and manageable

computational requirements, in contrast to more resource-intensive models such as lLama [118, 38],

which was originally trained on texts. Moreover, I incorporate graded embeddings for numerical

clinical variables—an approach that our prior experiments indicate can represent diagnosis, medi-

cations and lab results effectively. I hypothesize that this Transformer-based method will surpass

classical DDI detection methods and simpler machine learning baselines in uncovering clinically

relevant DDIs.

6.3 Method

6.3.1 Reference Set and Data Construction

I obtained all positive and negative DDI pairs from the CRESCENDDI reference sets, which in-

tegrate multiple clinical resources—including the British National Formulary (BNF), the French

National Drug Safety Institute (ANSM), and Micromedex [60]. In total, these reference sets con-

tain 10,286 positive and 4,544 negative DDI–ADR pairs. Positive cases originate from DDI sources

with overlapping evidence, whereas negative cases were verified through PubMed queries to en-

sure no documented association with the given ADR [60]. A separate publication further validates

variations between BNF, Thesaurus, and Micromedex, which informed the development of the

CRESCENDDI reference sets [59].
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Our analysis began by linking each adverse drug reaction (ADR) to its corresponding ICD-9

and ICD-10 codes, then merging these codes with an extensive set of drug–drug–interaction-event

(DDI-E) triplets. Out of more than 3,000 potential combinations, I filtered for those involving a

common drug A that formed both a known ADR-associated pair (A + B) and a non-ADR pair

(A+C). I further required that drugs appear before the relevant ICD code (diagnosis) in observed

hospitalization sequences. Combinations with fewer than 10 occurrences in MIMIC or fewer than

2 occurrences in UW (a much smaller dataset) were discarded. This process yielded roughly 1,400

unique pairs in MIMIC and 280 pairs in UW. I selected the 10 most frequent conditions from the

reference set and ultimately focused on nine conditions that had sufficient data: acute renal failure,

increased blood pressure, bradycardia, depressed level of consciousness, hemorrhage, hyperkalemia,

hyponatremia, hypotension, and respiratory depression.

Figure 6.1: Overview of the method: from reference-set linkage to final model evaluations.

6.3.2 Baseline Models

Logistic Regression (LR) Logistic regression (LR) was chosen as a baseline because of its

established use in DDI detection. The model estimates:

p = Pr(Y = 1),

where Y = 1 indicates the presence of an ADR. I included three binary predictors (A,B,C) denoting

whether each of three drugs is present. Specifically, A is the common drug, while B and C are the
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other two drugs under consideration. The logistic equation is:

ln
( p

1 − p

)
= β0 + βAA + βBB + βCC + βAB(A×B) + βAC(A× C),

where βA, βB, βC capture the main effects, and βAB, βAC capture additional interaction effects and

I repeated the same procedure for each ADR. In alignment with Wu et al. [134], I also included

age and gender for MIMIC. For UW, only age was available. I used an 80/20 train–test split and

applied L2 regularization.

BCPNN I adopted the Bayesian Confidence Propagation Neural Network (BCPNN) to assess

the disproportionality between a drug pair (exposure) and an ADR (outcome). For each drug-ADR

combination, a 2×2 contingency table is constructed:

n11 : drug pair + ADR both present,

n10 : drug pair present, ADR absent,

n01 : ADR present, drug pair absent,

n00 : neither drug pair nor ADR.

BCPNN then calculates:

log2

((n11 + n10)(n11 + n01)

n11N

)
.

and N = n11 + n10 + n01 + n00, which reflects the ratio of observed to expected co-occurrence.

Higher scores suggest stronger DDI signals.

GPS Alongside BCPNN, I computed the Gamma Poisson Shrinkage (GPS) score for each drug–event

pair:

GPS =
n11

E
,

where E is the expected value

E =
(n11 + n10)(n11 + n01)

N
,

Both BCPNN and GPS are standard tools in pharmacovigilance. I tested multiple cutoffs (e.g.,

GPS > 3, BCPNN > 2) but ultimately used continuous values to calculate AUROCs, which I found

to be more principled than selecting arbitrary thresholds.
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6.3.3 GPT-2 Value-Aware Model

I next developed a custom inference pipeline to measure whether a GPT-2 model assigns higher

probabilities to positively labeled DDEs (drug–drug–event) than to negatives. For each record in

our dataset, I constructed a prompt by concatenating the ICD code tokens with the “common drug”

tokens. I then calculated the softmax and sigmoid likelihood of the previous token would being

a known positive or negative drug from the reference set. By averaging these probabilities across

the top three token variants from our custom vocabulary, I obtained a single probability indicating

how “logical” GPT-2 deemed each candidate drug, given the ICD code and the common drug.

This next-token prediction approach is based on the best-performing GPT-2 model from pre-

vious chapters. It leverages value-aware graded embeddings (universal variant) to encode numeric

clinical variables (e.g., lab results and drug dosages).

I did two versions of the analysis: 1) Full: including full dataset with as many DDEs as possible.

For MIMIC, there are 5872 unique drug-drug-ICD triplets. After aggregating by ADR, there were

322 unique DDEs included in the GPT-based prediction. For UW, there are 1136 unique drug-

drug-ICD triplets, 126 unique DDEs made to the analysis 2) Bounded: the bounded version that

the DDEs appear in BCPNN, GPS, LR(excluding the cases where A=1 for every observation), and

the GPT based method. For MIMIC data, there were 74 unique DDEs met the selection criteria.

For UW data, there were 27 unique DDEs.

6.3.4 Evaluation

I compared four methods—BCPNN, GPS, LR, and the value-aware GPT-2—by calculating the

area under the receiver operating characteristic curve (AUROC) for their continuous scores. The

previous value-aware based GPT-2 model was trained in a reverse order. Each model outputs a

probability (or score) representing the P (drugPair|ADR). I generated ROC curves and summa-

rized their performance with AUROC. Additionally, I conducted Welch’s t-tests to verify whether

GPT-2 scores for positive pairs were significantly higher than those for negative pairs, providing a

supplementary check on the model.
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6.4 Results

For the baseline models, I identified approximately 74 unique drug–event pairs in MIMIC and 24 in

UW that met our inclusion criteria. For both logistic regression (LR) and the GPT-2–based next-

token predictor, I also evaluated each model on the entire dataset (the full version, see Appendices

A.3–A.10). In MIMIC, the weighted average AUROC for LR across all target conditions was

0.67; in UW, it was 0.59(Appendix Figures 5-8). By contrast, our GPT-2 model with value-

aware embeddings outperformed all baselines(Figures 6.2, 6.4). When applied to the full dataset in

MIMIC, it achieved an AUROC of 0.89 using softmax-based probabilities and 0.79 using sigmoid-

based probabilities (Appendix Figure A.8, A.10). For UW, the respective AUROCs were 0.79 and

0.77 (Appendix Figure A.9, A.11). As illustrated Figures.6.4, 6.5), the GPT-2 model effectively

distinguished ADR-associated drug pairs from those without documented ADRs.

I further tested the bounded subset of the data in which all methods could be applied consistently

(e.g., removing drug–event pairs with insufficient sample sizes or complete collinearity). In MIMIC,

the baseline methods’ AUROCs were around 0.60, whereas GPT-2 surpassed them by at least

0.25 on average. In UW, baseline results ranged from about 0.40 to 0.60, and again the GPT-2

model demonstrated a significantly higher AUROC (Figure 6.3, 6.5). These results confirm that

our approach generalizes across two distinct EHR datasets.

Figure 6.2: Comparison of the sigmoid (left) and softmax (right) probabilities of positive versus

negative drug pairs using data that are bounded by all methods(MIMIC, N=74 DDEs).
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Figure 6.3: Comparison of the sigmoid (left) and softmax (right) probabilities of positive versus

negative drug pairs using data that are bounded by all methods(UW, N=27 DDEs).

Figure 6.4: AUROC for BCPNN, GPS, Logistic Regression and GPT-2 based next token prediction

(softmax and sigmoid), MIMIC
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Figure 6.5: AUROC for BCPNN, GPS, Logistic Regression and GPT-2 based next token prediction

(softmax and sigmoid), UW

6.5 Discussion

In this chapter, I evaluated our GPT-2–based model, which was described in the previous chapter,

for its ability to detect harmful DDIs that lead to ADRs. By leveraging the model’s generative

capabilities, I compared its performance against conventional DDI detection methods—including

BCPNN, GPS, and logistic regression. I found that GPT-2 outperformed the baselines in both

MIMIC and UW datasets. This is a compelling outcome given that EHR-based DDI detection,

in contrast to SRS, remains relatively uncommon due to challenges like incomplete documentation

and heterogeneous data structures.

Both BCPNN and GPS are widely accepted methods in pharmacovigilance for detecting single-

drug and multi-drug ADR signals [11, 113, 19]. They use shrinkage estimates to mitigate high false-

positive rates [19], but neither has been definitively shown to be superior in every context [88]. Prior

studies report average AUROCs of 0.5–0.7 on OMOP data for ADR detection, and no single metric
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was consistently best [19]. In our analysis, the BCPNN and GPS methods gave the output with

the same rank ordering, which is not surprising. Because BCPNN is simply log2(GPS)In keeping

with findings that machine-learning methods often outperform disproportionality-based metrics in

EHR data [51], I saw that our Transformer-based approach was more effective at distinguishing

truly harmful drug pairs.

I included LR as another baseline because disproportionality metrics are primarily designed

for SRS, whereas LR can incorporate more granular hospitalization-level data. In our analysis,

LR showed performance comparable to BCPNN and GPS in MIMIC but performed worse in UW.

As previously noted, EHR-based DDI detection is still uncommon, with most existing methods

developed for SRS. Notably, as described in the method, if a “common drug” appears in every

row, that predictor column becomes a constant (all ones). Including such a column—alongside

the model intercept—introduces complete collinearity, so it must be excluded. Consequently, any

interaction term involving that drug (A × B) simply reduces to the effect of B under the condition

that A is always present, rather than reflecting a true interaction. Numerically, in a binary dataset

where A = 1 for every observation, the column for A × B is identical to that for B. Although

the model can still be fit, the coefficient for this “interaction” effectively represents the effect of

B for patients who always receive Drug A. In MIMIC, this collinearity issue arose in LR models

for bradycardia and hyperkalaemia, so they were dropped in the bounded version. For UW, only

depressed level of consciousness, acute renal failure, respiratory depression, and blood pressure

increased had sufficient data to include both A × B and A × C interaction terms. Nevertheless, LR

still did not outperform the Transformer-based method. I speculate that LR’s weaker performance

in UW than in MIMIC stems from its smaller sample size and the absence of additional variables

such as gender.

Initially, I intended to scrutinize the interpretability of Transformer attention layers, similar to

previous work on gene–gene interactions [141, 125]. However, the attention weights varied widely

across different random seeds, prompting us instead to adopt the next-token prediction probability

as a more stable measure. I also enforced strict chronological ordering of ICD codes and drugs,

ensuring that diagnoses preceded medication usage. This sequence ordering minimized temporal

confounding and aligned with the real-world timing of clinical events. While I attempted to con-

struct hypothetical sequences (ICD code + common drug + positive drug + negative drug) to
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measure attention directly, the model’s output fluctuated too significantly with different initializa-

tions. Restricting our approach to realistic hospital sequences ultimately produced the most reliable

results.

Despite these promising findings, our study has several limitations. First, only a subset of

CRESCENDDI’s thousands of reference DDI–ADR pairs could be matched to EHR data, limiting

the number of conditions I could include. Expanding to a greater range of ADRs would offer further

evidence of model robustness. Second, while GPT-2 was chosen here for its superior performance

in earlier experiments, other Transformer architectures or additional hyperparameter tuning might

yield even better results. Third, our study was limited to MIMIC and UW; validating on other

EHR systems, preferably with richer clinical documentation (e.g., progress notes, medication ad-

ministration records, claims data), could enhance model performance. Lastly, I didn’t include other

transformer based methods as a baseline.

For future analysis, I will address the limitation discussed above. The CRESCENDDI reference

set can be extended to incorporate severity indicators and mechanistic features from systems phar-

macology [58, 61], potentially supporting new baselines such as modified Bayesian or ML-based

methods. Deeper exploration of attention-based DDI models [142, 107, 89] or fine-tuning with ex-

ternal data sources like FAERS or knowledge graphs [137] also represents a promising path forward.

Beyond pairwise interactions, future research should evaluate whether Transformer-based models

can predict more complex polypharmacy risks. Such extensions would further align with real-world

prescribing environments, where patients commonly take multiple medications simultaneously.

6.6 Conclusion

Our findings underscore the promise of applying Transformer-based language models— with value-

aware embeddings—to detect adverse drug reactions directly from EHR. Even with limited ICD-

based condition labeling and a modest number of reference DDI pairs, the model surpassed es-

tablished methods in discriminating known harmful drug combinations from negative samples. In

doing so, it reaffirmed the importance of harnessing the rich temporal and contextual information

embedded in EHR data for monitoring drug safety.
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Chapter 7

SUMMARY, CONCLUSIONS AND VISION

This chapter follows the outline of the last chapter of ”The Organization and content of infor-

matics doctoral dissertations” by Shortliffe 2016 [109].

7.1 Abstract

This final chapter summarizes how transformer-based models, leveraging electronic health record

(EHR) data, address important gaps in post-market drug surveillance. Traditional pharmacovigi-

lance methods often neglect temporal patterns, numeric data (e.g., dosage, lab values), and the com-

plexities of polypharmacy. Generative transformers trained on two distinct EHR datasets (MIMIC-

IV and UW), surpassed standard disproportionality metrics in adverse drug reaction (ADR) detec-

tion, incorporating value-aware embeddings to capture numeric details. In addition, this approach

effectively models drug–drug interactions (DDIs), demonstrating superior predictive performance to

simpler machine learning baselines. These results show the potential for transformer architectures

to enhance both ADR signal detection and patient safety.

7.2 Summary of accomplishments and Contributions

In this dissertation, I addressed the challenges in post-market drug surveillance by focusing on three

limitations of existing methods:

• Lack of robust temporal modeling

• Insufficient representation of numeric data (e.g., dosage, lab values)

• Limited characterization of drug drug interactions in polypharmacy

I proposed transformer-based methods that rely exclusively on EHR data rather than sponta-

neous reporting systems (SRS) data, demonstrating that:
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• A transformer model trained from scratch can surpass conventional disproportionality metrics

in ADR signal detection.

• Incorporating value-aware embeddings enhances prediction by encoding numeric information

(drug dose, lab measurements), addressing a major gap in existing sequence models.

• The trained models can effectively predict drug–drug interactions (DDIs) across diverse con-

ditions

All experiments were conducted on two EHR datasets, MIMIC-IV and UW, with consistent im-

provement reinforcing the feasibility of using clinical records (instead of SRSs) to improve ADR

signal detection.

7.2.1 Innovation

Most EHR-based ADR detection studies remain cross-sectional, capturing only drug–event co-

occurrences over narrow intervals and neglecting the temporal dimension essential for causal infer-

ence. In this dissertation, I introduced several innovations to address these gaps. First, I employed

GPT-based architectures to represent structured EHR data as time series. Although GPT has

proven powerful in general NLP tasks, few peer-reviewed publications had explored applying GPT-

like transformers to structured EHR data for ADR detection. Second, I integrated dose and lab

information directly into the sequence modeling, which is a feature rarely seen in drug safety stud-

ies, where dose is more often examined in pharmacokinetics than in observational post-market drug

surveillance. By incorporating graded semantic vectors and other value-aware approaches, I re-

tained granular numeric details such as creatinine fluctuations or daily drug dose changes. Third, I

modeled drug–drug interactions. Prior EHR-based ADR methods did not address drug interactions

or relied on narrow, manually selected sets of features. These contributions extend beyond phar-

macovigilance by providing value-aware embedding strategies for any sequence-to-sequence model

requiring numeric or continuous inputs. From a clinical standpoint, improving ADR and DDI de-

tection has direct implications for patient safety, particularly since individuals might not recognize

that newly experienced symptoms arise from harmful drug interactions.
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7.3 Assessment of hypotheses-from Chapter 1

Chapter 1 laid out three primary hypotheses:

• H1: Transformer-based models would outperform disproportionality metrics in identifying

ADR signals.

• H2: Numeric data (both dose and lab information) would further boost predictive performance

of the developed model.

• H3: Modeling DDIs implicitly would reveal additional valuable signal, improving detection

beyond single-drug models.

Results described in Chapters 3 and 4 clearly support Hypothesis 1. The transformer model sub-

stantially improved predictive accuracy compared to disproportionality-based approaches, reflect-

ing a better capture of temporal and contextual patterns. For Hypothesis 2, results confirmed that

models incorporating value-aware embeddings outperformed baseline architectures without numeric

representations, and these gains were reproducible across two different EHR datasets (Chapter 4,

5). Finally, Hypothesis 3 was validated by the significant boost in performance when exploring

polypharmacy-driven ADRs in Chapter 6. The transformer framework was effective at capturing

disease-related DDIs, exceeding the performance of simpler ML baselines (e.g., logistic regression).

7.4 Generalizability of the results

Although our experiments spanned two distinct EHR repositories (MIMIC-IV and UW), further

work is necessary to confirm the model’s robustness across broader health systems with different

populations, coding practices, and EHR structures. I also acknowledge that numeric embeddings

were limited to select labs and drug dosages. In principle, any continuous metric—such as vital

signs or biomarkers—could be encoded within the value-aware framework, potentially enhancing

generalizability for a wider range of clinical tasks.

The proposed approach is not limited to a single disease type or diagnostic code set; in principle,

it can be applied to any condition reflected in the EHR data, which underscores its high general-

izability. Although I did not perform fine-tuning for specific clinical domains(clinical trial data or
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data from a comprehensive disease registry), our findings indicate strong performance on gastric

bleeding and acute renal failure in particular. By fine-tuning on domain-specific datasets, the model

could encode more clinical relationships and perhaps achieve even better predictive accuracy. The

tool could be customized to support a wide range of diseases and practice settings, fulfilling the

broader goal of scalable, data-driven decision support within healthcare systems.

7.5 Range of applicability

In this study, the method I proposed outperformed method used in practice for phamracovigilance

signal detection. Given its flexibility, the proposed approach can theoretically be used to build

clinical decision support systems for EHR, flagging high-risk drug regimens in near real-time. How-

ever, domain expertise would be vital to calibrate or fine-tune the model for specific medical areas,

where frequent ADR or DDIs have been observed.

Despite these potential applications, the method is not yet ready for direct deployment into clin-

ical settings. There is still space for performance improvement. Furthermore, regulatory scrutiny

and thorough prospective validation trials would be necessary to ensure safety and reliability of

such approaches. Transformer-based algorithms show promise for post-market drug surveillance,

but we are not there yet. More work is needed to deploy such a tool into clinical practice.

7.6 Limitations

There are several limitations. First, the UW dataset was originally developed with specific reference

sets (e.g., OMOP and EU-ADR). Although I introduced unstructured data and mapped Unified

Medical Language System (UMLS) concepts to expand the vocabulary, the dataset may still omit

clinical signals(for instance, clinical terms might not be fully captured). Second, timestamp granu-

larity differs between MIMIC-IV (which tracks events by the minute) and UW (which often records

data by day). Yet, performance remained consistent despite these discrepancies.

A further limitation is that I only tested our method on MIMIC-IV and UW EHR data.

Institution-specific coding conventions and local workflows might affect direct transfer of our models

to other healthcare institutes. Lastly, while I highlight the potential utility of numeric embeddings,

I restricted them to drug dose and certain lab values. Other numeric data, such as vital signs or

imaging biomarkers, might further refine or complicate the model’s predictive power.
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Because each model was trained from scratch, I have presented the results from a single training

run for clarity. In practice, a more robust evaluation would include multiple training runs with

different random seeds to capture the variability in training. In our case, while I did conduct

multiple runs using various seeds(not reported here), the observed differences in performance for

the value-aware models were minimal, and our main conclusions remained consistent across all

experiments.

7.7 Future work

Although the proposed method consistently shows promising results for acute renal failure and

gastric bleeding, it could be further customized for specific clinical specialties. With appropriate

domain knowledge and fine-tuning, the model might respond to additional nuances relevant to

specific conditions, thereby offering stronger predictive performance in the targeted areas.

Another direction for future work is to experiment with different open-source LLM models, like

LlaMa, Deepseek etc., since GPT-2 is still a relative small model (but we trained from scratch).

More advanced models(with more parameters) might show even more impressive results.

Recent publications also suggest directions for enhancing our approach. One 2024 study trained

a generative transformer model to predict the next medical event— a disorder, a medication, or a

symptom, and used GPT-2 to forecast if a particular code would appear within the next 10(or 2 or 1)

tokens within various timeframe [63]. However, when the model encountered sequences it had never

seen, a drop in accuracy occurred. Nevertheless, this approach could potentially be integrated into

our existing framework. In another preprint authored by researchers at the UW, an architecture

similar to ours was applied to the eMERGE Network, with a few differences: it excluded positional

embeddings and used Sentence-BERT to flatten transformer-generated patient embeddings [136].

The authors did not train the model from scratch. They initialized the pretrained embeddings

from an autoencoder that they trained previously on ICD and medical procedure codes. They

included a logistic regression classifier for predicting future medical events and demonstrated high

accuracy, though they did not incorporate numeric data. Integrating our value-aware embeddings

could improve these approaches and extend their usefulness to broader EHR settings.

For DDI detection, multiple opportunities remain. Incorporating knowledge graphs or ontolo-

gies [137](e.g., SNOMED-CT, RxNorm) may enhance the algorithm’s ability to infer more complex
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drug–drug interactions. Additionally, developing gold standard or benchmark datasets—as dis-

cussed by Zhang et al. [143], would facilitate more uniform comparisons across DDI studies. Also,

extending our method to discover unknown DDIs is of interest for future work.

7.8 Vision and Close Remarks

Figure 7.1: Human plus a computer > human alone [48].

My journey into biomedical informatics was first started with the “central theorem of infor-

matics” illustrated in Figure 7.1[48], which suggests that a clinician’s mind plus a computer can

exceed the capacities of a clinician alone(thinking in the context of medicine). This principle res-

onates strongly today, as advanced generative models (e.g., GPT-o1, LLaMA variants) rapidly

emerge as collaborative tools in biomedicine. Recent reviews underscore the growing breadth of

LLM applications in healthcare—from training models on PubMed abstracts [77] to fine-tuning

them on patient–physician conversations [72], or using instruction prompt tuning for specialized

medical tasks [110, 117]. While the promise of these systems is immense, concerns around hallu-

cinations(generative AIs create misleading information), privacy, and misapplied outputs persist

[116].

Nevertheless, the synergy depicted in Figure 7.1 illustrates the potential of carefully integrating

human expertise with computational intelligence. Early studies show that LLMs can outperform

physicians on certain diagnostic tasks, yet combining clinician insight and AI recommendations can

yield unpredictable results[35]. Larger-scale prospective evaluations and regulatory frameworks will

be imperative for safe adoption.

Over time, it is likely that generative models will become inseparable from clinical practice,

supporting tasks like summarizing patient histories, suggesting therapeutic alternatives, or iden-

tifying high-risk medication interactions. Although the rapid development of LLMs may seem
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overwhelming, it offers unprecedented opportunities to augment how clinicians reason, communi-

cate, and make decisions. Embracing these capabilities responsibly, by ensuring robust validation

and transparency, will realize the vision of “(mind + computer) > mind alone.”

7.9 Conclusions

The work presented in this dissertation demonstrates how transformer-based architectures, when

integrated with value-aware embeddings and longitudinal EHR data, can tackle critical gaps in

ADR and DDI detection. A GPT-2 model trained from scratch on EHRs outperformed the current

FDA ADR signal detection. With the addition of value-aware embeddings derived from lab and

drug dose, the performance was enhanced even further. The best performing model was utilized

on detecting harmful DDI and showed superior performance when comparing to the conventional

methods used by FDA. As with any new technology, challenges surrounding data quality, inter-

pretability, and clinical integration must be met with collaboration between informaticians, clini-

cians, and regulatory bodies. By addressing these complexities, the next generation of models can

become powerful tools to improve patient safety across diverse healthcare systems.
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Joséphine A. Cool, Zahir Kanjee, Andrew S. Parsons, Neera Ahuja, Eric Horvitz, Daniel
Yang, Arnold Milstein, Andrew P. J. Olson, Adam Rodman, and Jonathan H. Chen. Large
language model influence on diagnostic reasoning: A randomized clinical trial. JAMA Net-
work Open, 7(10):e2440969–e2440969, 10 2024.

[36] Siavash Golkar, Mariel Pettee, Michael Eickenberg, Alberto Bietti, Miles Cranmer, Geraud
Krawezik, Francois Lanusse, Michael McCabe, Ruben Ohana, Liam Parker, Bruno Régaldo-
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Appendix A

APPENDIX

The parameters used to generate the pretrained embeddings. The semvecpy can be found on

Github1.

Table A.1: Parameters for Building a Positional Index with Semantic Vectors.

Parameter Value

-luceneindexpath semanticvectors/positional index

-encodingmethod embeddings

-windowradius 5

-minfrequency 1

-dimension 768

-seedlength 768

-docindexing none

-numthreads 64

-trainingcycles 4

-positionalmethod directional

-notnormalized true

1https://github.com/semanticvectors/semvecpy
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Figure A.1: Distribution of Norm Length of UW and MIMIC

Figure A.2: MSE change across different layers for models with graded value-aware embeddings,

MIMIC
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Figure A.3: MSE change across different layers for models with graded value-aware embeddings,

UW
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Figure A.4: Logistic Regression with full dataset, breakdown, MIMIC
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Figure A.5: Logistic Regression with full dataset, overall, MIMIC
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Figure A.6: Logistic Regression with full dataset, breakdown, UW
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Figure A.7: Logistic Regression with full dataset, overall, UW
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Figure A.8: GPT-2 based model, next token prediction method, Softmax vs Sigmoid, MIMIC
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Figure A.9: GPT-2 based model, next token prediction method, Softmax vs Sigmoid, UW
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Figure A.10: Comparison of the sigmoid (left) and softmax (right) probabilities of positive versus

negative drug pairs using full MIMIC dataset.

Figure A.11: Comparison of the sigmoid (left) and softmax (right) probabilities of positive versus

negative drug pairs using full UW dataset.
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Table A.2: Hyperparameters Used for Training the GPT-2 Model

Parameter Value/Description

Model architecture GPT-2 (custom, trained from scratch)

Embedding type Word Token Embeddings/Permutation embeddings

Sequence length Last 512 tokens (processed in reverse order)

Batch size (effective) 16 (gradient accumulation over 16 steps)

Learning rate 6 × 10−6

Weight decay 0.1

Warm-up steps 2000

Number of epochs 8

Optimizer AdamW

Training precision Mixed precision (FP16)

Early stopping patience 2 evaluation steps

Padding token ID 0

Maximum sequence length (tokenized) 1024 tokens

Evaluation metric Validation loss
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