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Biomedical and Health Informatics

Recent advancements in large language models (LLMs) have demonstrated human-level

performance on many specialized medical tasks, even without annotated training data.

However, three main challenges remain: (1) due to the sensitive and highly specialized nature

of clinical narratives, as well as the high cost of human expert annotation, there is a lack

of high-quality, well-structured, and clinically meaningful datasets for LLM training and

evaluation; (2) current medical LLMs show limited generalization ability to interpret and

extract complex clinical information on certain unseen natural language understanding (NLU)

tasks; and (3) as LLMs are typically trained on vast amounts of data, there is a substantial risk

of data contamination, where evaluation benchmarks unintentionally overlap with training

data, leading to inflated test performance and potentially reduced performance on truly novel

tasks.

In this work, we address these limitations through three core aims: (1) develop benchmark

datasets for clinical information extraction (IE), a key NLU subtask, across two critical medical

domains, and evaluate the performance of multiple state-of-the-art (SOTA) transformer-

based language models (LMs), under both fine-tuning and in-context learning settings; (2)

develop a more generalizable medical NLU model via instruction tuning, demonstrating

enhanced performance on previously unseen clinical NLU datasets; and (3) systematically

review existing detection approaches for data contamination and evaluate those approaches



on datasets used during pre-training and fine-tuning LLMs, with our own and three other

widely used open-source LLMs.

In summary, our work contributes to the development of both clinical benchmarks

and robust LLMs, as well as highlighting the ongoing challenges in benchmarking LLMs’

generalizability.
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GLOSSARY

AGENT-STYLE LARGE LANGUAGE MODELS (LLM AGENTS): LLMs enhanced with advanced
capabilities such as memory retrieval, strategic planning, collaboration with other mod-
els, and tool usage.

AUTO-REGRESSIVE TEXT GENERATION: A generation text approach in LMs where each
token is produced sequentially by conditioning on all previously generated tokens,
enabling the model to capture logical dependencies and maintain coherence in the
generated text.

BENCHMARKS: Standardized datasets and scoring metrics used to measure how well a
system performs on a specific task, providing a consistent basis for evaluation and
comparison.

BIDIRECTIONAL ENCODER REPRESENTATIONS FROM TRANSFORMERS (BERT): An encoder-
only, transformer-based language model known for its strong performance on natural
language understanding tasks.

CHAIN-OF-THOUGHT (COT) PROMPTING: A technique that guides language models to
generate intermediate reasoning steps before producing a final answer, thereby improving
performance on complex reasoning tasks.

CLINICAL DECISION SUPPORT: A set of tools or systems designed to assist healthcare
professionals by providing relevant, evidence-based insights.

CLINICAL REPORT GENERATION: The task of producing structured or summarized clinical
documentation from raw data, such as doctor-patient conversations or lengthy clinical
notes.

DATA CONTAMINATION: The overlap between an LM’s training and evaluation datasets.

ELECTRONIC HEALTH RECORD (EHR): A computer system for storing and managing im-
portant patient information documented during clinical care, including medical history,
test results, diagnoses, treatments, and medications.
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FINE-TUNING: A supervised training process that adapts a pre-trained language model
to a specific task or dataset by updating its parameters using labeled data, enabling
specialized predictions such as classification or sequence labeling.

IN-CONTEXT LEARNING (ICL): A technique where language models learn to perform tasks
by conditioning on a few examples provided within the input prompt, without additional
parameter updates or fine-tuning.

INFORMATION EXTRACTION (IE): An NLP task that transforms unstructured clinical
narratives into structured labels, enabling efficient and large-scale data analysis.

INSTRUCTION FINE-TUNING: The process of fine-tuning a pre-trained LLM on a diverse
set of tasks, datasets, and prompt formats to improve its ability to follow instructions
and generalize to unseen tasks and domains.

INTER-ANNOTATOR AGREEMENT (IAA): A measure of consistency among different human
annotators labeling the same data, indicating the reliability and quality of the annotation
process.

LANGUAGE MODEL (LM): A computational model that assigns probabilities to sequences
of words, enabling tasks such as text generation, prediction, and understanding.

LARGE LANGUAGE MODEL (LLM): A type of LM that is scaled up significantly in model
parameter size and trained on vast datasets, enabling enhanced capabilities in generating,
predicting, and understanding language with improved accuracy and generalization
across diverse tasks.

MASKED LANGUAGE MODELING (MLM): A pre-training objective where a random subset
of input tokens is masked, and the model learns to predict these masked tokens based
on surrounding context. Also known as the Cloze task, it leverages the distributional
hypothesis that words occurring in similar contexts have related meanings.

MULTIPLE-CHOICE QUESTION ANSWERING (MCQA): A task that involves selecting the
correct answer from a set of candidate options given a question and supporting context.

NAMED ENTITY RECOGNITION (NER): An NLP task that labels meaningful text spans
(named entities) with their corresponding types, such as persons, locations, or organiza-
tions.
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NATURAL LANGUAGE GENERATION (NLG): The task of generating human-like text from
structured or unstructured input representations.

NATURAL LANGUAGE INFERENCE (NLI): A task that involves determining the logical
relationship between two sentences, typically whether one sentence entails, contradicts,
or is neutral with respect to the other.

NATURAL LANGUAGE PROCESSING (NLP): A field at the intersection of linguistics, com-
puter science, and artificial intelligence focused on enabling machines to understand,
interpret, generate, and manipulate human language.

NATURAL LANGUAGE UNDERSTANDING (NLU): A subfield of NLP that focuses on inter-
preting and extracting meaningful data from unstructured text.

NEXT SENTENCE PREDICTION (NSP): A binary classification pre-training task in which
the model is given pairs of sentences and trained to determine whether the second
sentence logically follows the first in the original text. NSP helps the model understand
inter-sentence relationships, benefiting downstream tasks like question answering and
natural language inference.

PRE-ANNOTATION: The process of using a baseline system to generate initial ground-truth
labels of varying quality, which are subsequently reviewed and corrected by human
annotators.

PRE-TRAINING: The initial training phase, where an LM like BERT learns from large-scale
unlabeled text corpora using self-supervised objectives to capture language patterns
before fine-tuning on specific tasks.

REINFORCEMENT LEARNING FROM HUMAN FEEDBACK (RLHF): A training technique that
uses human feedback to guide the reinforcement learning process, aligning the model’s
outputs with human values and expectations to produce safer and more helpful re-
sponses.

RELATION EXTRACTION (RE): An NLP task that identifies and classifies semantic rela-
tionships between recognized entities in text.

RETRIEVAL-AUGMENTED GENERATION (RAG): A method that enhances language model
generation by incorporating relevant information retrieved from an external knowledge
base into the input context, improving performance especially in domains requiring
up-to-date or specialized knowledge.

xv



SCALING LAW: An empirical relationship showing that LLM performance improves pre-
dictably as model size, amount of training data, and diversity of fine-tuning tasks
increase, enabling larger models to learn more complex semantic patterns.

SEMANTIC TEXT SIMILARITY: The task of assessing how closely two sentences align in
meaning by assigning a semantic similarity score.

SENTENCE AND DOCUMENT CLASSIFICATION: The task of assigning a meaningful label
to a text snippet or document.

TOKENIZATION: The process of splitting words into one or more tokens from the fixed
vocabulary. This method enables models to effectively handle rare or out-of-vocabulary
words by breaking them down into smaller, recognizable units.

TRANSFORMER: A deep neural network architecture introduced by Vaswani et al. [305].
It is built around a self-attention mechanism that captures contextual relationships
among tokens in a sequence, regardless of their distance. The use of multi-head
attention enables parallel computation and scalability, making transformers well-suited
for large-scale natural language processing tasks.

VOCABULARY: A fixed set of tokens or subword units that an LM recognizes and uses to
encode text. The vocabulary serves as the building blocks for representing input text
during model training and inference.
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Chapter 1

INTRODUCTION

1.1 Context and Motivation

Electronic Health Record (EHR) systems provide an effective means of storing and managing

important patient information captured during the hospital course, documenting information

such as medical history, test results, and medications [219]. According to a 2021 survey, 96%

non-federal acute care hospitals have adopted a certified EHR system [218]. In addition to

structured components, unstructured clinical narratives within the EHR system [77], are

written by healthcare providers and capture nuanced patient information such as symptoms

[365], diagnostic hypotheses, and treatment choices. Thus, understanding those unstructured

clinical narratives is essential for treatment decision making [128], patient care management,

quality insurance, and secondary clinical research [265].

Despite their benefits, the implementation of EHR systems has also been associated

with notable drawbacks, most notably the extensive administrative demands and mental

strain they impose on clinicians [337]. These pressures have contributed to severe burnout

among care providers, increasing the risks of depression, substance abuse, and early career

departure [337]. Recent advances in natural language processing (NLP) systems, particularly

through large language models (LLMs), have shown the potential to mitigate these burdens

by streamlining clinical workflows. For example, automatic clinical text summarization

[304], diagnosis and treatment recommendation [331], and automatic error correction [4],

are promising applications to reduce the clerical workload and cognitive fatigue associated

with EHR usage. Beyond clinical workflows, these LLMs also show promise in secondary

applications such as medical text simplification for the general public [91] and automated

disease surveillance [221].
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Given the growing importance of clinical LLMs, rigorous evaluation is critical to ensure

their safety, reliability, and ethical deployment [267]. During this process, benchmark datasets

provide a consistent and objective framework to assess LLM performance across standardized

tasks. These benchmarks not only enable meaningful comparisons between LLMs, but

also help identify their strengths and weaknesses, thereby guiding researchers in system

improvement and development.

1.2 Objectives and Contributions

In this work, we focus on evaluating and enhancing LLMs for clinical applications, with

particular focus on information extraction (IE), medical natural language understanding

(NLU), and data contamination detection among evaluation benchmarks.

More specifically, our contributions can be summarized as the following three items:

1. Clinical notes often contain detailed, unstructured descriptions of patient conditions

written by healthcare providers. To allow processing such rich information at scale and

in real time, we apply IE methods that convert text into structured data. In this work,

we focus on developing benchmark data sets and IE systems for two important domains:

pediatric social determinants of health (SDoH) [87] and cancer [89]. In both domains,

our IE systems reach performance close to human inter-annotator agreement (IAA).

The IE systems and benchmark datasets described in this chapter are based on work

presented in our prior publications [87, 89].

2. Medical NLU is an important NLP application that interprets and extracts meaningful

information from unstructured texts [1]. We introduce a unified format for span-based

and multiple-choice NLU tasks, including IE. Using this unified format, we then fine-tune

a biomedical LLM on a new instruction dataset built from multiple publicly available

medical sources. Our fine-tuned system, BioMistral-NLU, achieves strong generalization

and outperforms other baseline models on unseen medical NLU benchmarks [90]. The

corresponding chapter is reproduced from our prior publication [90].
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3. Although LLMs have shown great performance on various benchmark tasks, there

have been concerns about the reliability of those evaluation results, due to data

contamination, where evaluation data overlap with training data. We review 50 studies,

identify common assumptions behind contamination detection methods, and test three

assumptions through case studies on 4 open-source LLMs, including our BioMistral-

NLU. Our findings show that all tested assumptions fail under data distribution shifts,

suggesting the challenge of detecting direct data contamination. Our results also

indicate that, given the vast amount of training data, current LLMs may learn from

data distributions rather than memorize exact examples [88]. The corresponding chapter

is reproduced from our prior publication [88].

1.3 Guide for the Reader

The remainder of this thesis is organized as follows:

Chapter 2. Background and Motivations: This chapter reviews the key literature

that underpins our research agenda, covering four focal areas from Chapter 3 to Chapter 6

Chapter 3 and 4. Clinical Information Extraction (IE): Two Key Tasks: The two

chapters investigate information extraction (IE) as a method for transforming unstructured

clinical narratives into structured data, enabling downstream applications such as EHR

management and risk prediction. Focusing on the pediatric (Chapter 3) and cancer (Chapter

4) domains, each chapter begins by outlining the clinical importance of IE, and then details

our contributions, including the development of annotation schemas, the construction of

domain-specific datasets, and the design of evaluation protocols to assess both data quality

and system performance. We proceed to describe the deployment of state-of-the-art (SOTA)

transformer-based language models, trained using supervised fine-tuning and in-context

learning, tailored to IE tasks in these two clinical settings. Finally, we present experimental

results demonstrating that our models achieve performance levels comparable to human

inter-annotator agreement (IAA) across both datasets.

Chapter 5. BioMistral-NLU: Generalized System for Medical Natural Lan-
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guage Understanding (NLU): This chapter begins by defining the task of medical NLU,

highlighting its importance, and also identifying a key challenge: generalized LLMs often have

a great performance gap to in-domain fine-tuned systems on those specialized medical NLU

tasks. Motivated by this gap, we introduce a unified NLU framework that includes task formu-

lation, a standardized NLU prompting format, and the creation of a novel instruction-tuning

dataset, MNLU-Instruct. Based on this unified NLU framework, we describe the development

of our instruction-tuned BioMistral system, including the training pipeline, evaluation setup,

and baseline comparison systems. Finally, we present experimental results demonstrating that

our system generalizes effectively to unseen standardized medical benchmarks, outperforming

even larger models.

Chapter 6 Detecting Data Contamination in Medical Benchmarks: This chapter

begins by defining the critical issue of data contamination in LLM benchmarks and highlighting

its potential to impact model performance, thereby motivating our study. It then describes the

methodology for collecting relevant literature and introduces a taxonomy of contamination

types, which is categorized by level (instance-level vs. dataset-level) and contamination

type (direct vs. indirect). Afterwards, the chapter provides rigorous categorization and

mathematical definitions for those assumptions underlying various detection methods, with

a focus on direct contamination, the most commonly studied category. It also reviews

approaches targeting indirect and task-level contamination. Finally, it presents a case study

that evaluates three core assumptions across four open-source LLMs. The results reveal that

these assumptions frequently fail, especially under data distribution shifts, highlighting the

need for better detection and regulation methods for data contamination.

Chapter 7 Conclusion and Future Work: The final chapter summarizes the key

contributions of this thesis, reflects on limitations, and outlines future directions.

Appendix A NLP Background: This chapter in the appendix provides some back-

ground knowledge for clinical NLP, covering key applications, commonly used systems, and

standard evaluation methodologies.
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1.4 References

The chapters of this dissertation are adapted from my peer-reviewed, first-author publications

listed below:

• Chapter 3 : adapted from Fu et al. [87];

• Chapter 4 : adapted from Fu et al. [89];

• Chapter 5 : adapted from Fu et al. [90];

• Chapter 6 : adapted from Fu et al. [88].

The literature review in Chapter 2 synthesizes and contextualizes findings from all of the

above works.
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Chapter 2

BACKGROUND AND MOTIVATIONS

In this chapter, we survey the background literature that motivates each of our contri-

butions: the two clinical information-extraction tasks presented in Chapters 3 and 4, the

generalized medical NLU system detailed in Chapter 5, and the data-contamination detection

framework explored in Chapter 6.

2.1 Extracting Social Determinants of Health from Pediatric Patient Notes

Health outcomes and quality of life are affected by the conditions in which people work and

live, and are referred to as Social Determinants of Health (SDoH) [84]. SDoH are particularly

important in pediatric populations because health disparities have a long-term impact on

future attainment of health, including educational and economic success [291, 67]. Clinicians

have continuously adapted practices by systematically gathering pediatric patients’ SDoH

during clinical consultations [93, 116, 148]. Previous research has identified screening and

intervention for SDoH risks in pediatric patients associated with better health outcomes and

highlighted the necessity for a more comprehensive SDoH tool [212].

However, there are difficulties in documenting SDoH in Electronic Health Records (EHRs)

in a tabular format, mainly due to the diversity of SDoH determinants, individual determi-

nants’ infrequent occurrence, and inconsistent reporting practice [174]. Many pediatric SDoH

elements are primarily documented within the clinical narratives from EHRs. Such predomi-

nance of unstructured SDoH information in the EHRs impedes the systematic collection and

utilization of SDoH information in clinical and research settings, limiting the potential for

data-driven inventions to improve individual and public health.

To address these challenges, natural language processing (NLP) information extraction
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(IE) models are needed to extract semantic representations of SDoH, to enable large-scale

and real-time use of this information. IE in the clinical domain and, more broadly, in the

general domain has predominantly used fine-tuning-based techniques; recent advancements in

instruction-tuned large language models (LLMs) [290], trained on large data repositories, are

enabling in-context learning approaches.

Although there is a robust body of IE research exploring SDoH for adult populations,

including the development of annotated data sets and data-driven IE models, there is

comparatively little IE research investigating the SDoH of pediatric patients. In Chapter 3,

we will present the Pediatric Social History Annotation Corpus (PedSHAC), an annotated

corpus of ten distinct SDoH determinants on clinical narratives from pediatric patients from

the University of Washington (UW) hospital system. This corpus bridges the gaps in the

literature by creating a human-annotated comprehensive and fine-grained corpus of SDoH

phenomena for pediatric patients.

As our work of PedSHAC encompasses both dataset curation and system development,

the subsequent sections situate our contributions within the broader landscape of SDoH

corpora and SDoH IE methodologies.

2.1.1 SDoH Corpora

The interplay of various social and economic factors on patient health has led to an increased

interest in investigating SDoH. To facilitate SDoH exploration, multiple SDoH corpora have

been developed. However, their annotation schema might have generally lacked granularity

and comprehensiveness, or the patient population might have limited extension into the

pediatric domain

For the adult population, many studies have focused on a limited number of SDoH

factors with a singular focus, such as smoking status [299, 259], homelessness [104, 29], and

substance use [317, 342, 47, 13]. Previous research also addresses SDoH factors in specific

contexts, such as sexual health [80] and hospital readmission rate [213]. Our prior SDoH

work investigated adult SDoH factors using a fine-grained, event-based annotation scheme
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encompassing detailed status and type labels for adults [189].

Pediatric SDoH factors such as adverse childhood experiences were researched in the adult

patient population [29, 328, 327]. The rest of prior SDoH work focused on adult populations

doesn’t necessarily extend to pediatric-patient-focused corpora, because pediatric populations

have unique SDoH factors, and there are many factors associated with caregivers that impact

the SDoH and health of pediatric patients. For example, education access [61] and food

insecurity [23] are especially important to pediatric patients. The clinical notes of pediatric

patients may describe employment associated with patient caregivers [156, 334]; at the same

time, patient parents’ mental health [277] become important as pediatricians continually

evaluate whether children may be at risk for child abuse and neglect [79]. PedSHAC bridges

this gap in the literature with comprehensive fine-grained annotation of SDoH determinants

with a focus on pediatric patients.

In the following sections, we will describe the related work on the relevant corpora and

clinical IE systems.

2.1.2 SDoH IE Methods

SDoH IE is an increasingly explored task, and the modeling approaches range from manually

curated rules [235, 111], traditional/shallow machine learning models [55, 317], neural networks

[29, 94], to transformer-based LLMs [235, 37].

Bidirectional Encoder Representations from Transformers (BERT) [66] is frequently used in

SDoH extraction tasks for text classification [349, 350, 108] and entity and relation extraction

[249, 190]. Sequence-to-sequence approaches that utilize generative LLMs, like Text-to-Text

Transfer Transformer (T5) [242], have also achieved high performance [251]. The most recent

generation of LLMs, such as GPT-4 [226], are pre-trained on large amounts of data and

instruction-tuned [229], enabling prompt-based learning methods with zero or few in-context

examples. Recent work demonstrates the use of GPT-based models in few-shot clinical IE

[6, 338].

This work explores pediatric SDoH extraction using multiple transformer-based methods,
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including fine-tuning through BERT- and T5-based models, and in-context learning using

GPT-4. Our experiments showed human-comparable performance through fine-tuning and

relatively high performance through in-context learning. Our pipeline is versatile and can be

readily adapted to various IE tasks, as a reference for the broader research community.

2.2 Extracting Medical Problem and Drug Information from Oncology Notes

Clinical notes capture detailed descriptions of patient status and disease progression from the

care provider’s perspective through unstructured text [161]. In oncology, these narratives are

comprehensive and cover diverse symptoms [65], multiple drug cycles, and side effects [261].

Such unstructured notes contain valuable information that complements structured data in

electronic health records (EHRs) [77], such as symptoms [365], diagnostic hypotheses, and

treatment decisions. Understanding these clinical narratives is crucial for treatment decisions

[128], patient management, and quality assurance.

Natural language processing (NLP) methods for information extraction (IE) can convert

unstructured narratives into structured data [318], enabling large-scale, real-time use of those

rich information in clinical decision support applications and generation of real-world evidence

in learning health systems. High-performing IE models require advanced techniques and

annotated datasets for training and evaluation. Existing research has produced systems that

extract information about cancer diagnoses and treatments [60]; however, a significant gap

remains. Specifically, existing frameworks do not fully capture the relationships between cancer

diagnoses, symptoms, and medications. This gap highlights the need for a unified approach

for characterizing medical problems and drug information, including their interconnections.

Chapter 4 details our work to address this gap.

In the following sections, we will describe the related work on the relevant corpora and

clinical IE systems.
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2.2.1 Medical Problem and Drug Data Sets

Clinical IE includes a variety of classification tasks, including text classification, relation

extraction (RE), and event extraction (EE) [318]. We utilize EE to characterize medical

problems and drugs, and RE to determine the relationships between them. Each event

includes a trigger representing a clinical concept (problem or drug) and fine-grained attributes

(e.g., assertion or anatomy) [60]. Previous research on event-based medical problem extraction

either (1) focuses on a subset of problems, such as symptoms [365] or diseases and disorders

[240], or (2) lacks granular annotation. For instance, the 2010 i2b2/VA challenge [301] only

included assertion attributes for medical problems (present vs. absent), without detailing

severity or anatomy. Cancer-focused EE studies [354, 56, 40] often overlook key factors, like

symptoms (excluding pain) [113] and comorbidities [239], which are essential for understanding

diagnosis and treatment. We present a comprehensive annotation schema that captures all

medical problems [188, 296, 365].

The clinical relationships between drugs and medical problems inform treatment and

diagnosis, but are often complex. Most existing literature narrowly focuses on a subset of

possible relations, including adverse drug events [114, 126] and clinical temporal relationships

[283, 308, 32] in clinical notes and gene-cancer interactions in biomedical literature [147, 43].

The 2010 i2b2/VA challenge annotated six detailed relations between medical problems and

treatments in discharge summaries, which we use to characterize interactions between medical

problems and drugs in clinical narratives of oncology notes.

2.2.2 Clinical IE Approaches

IE allows for the secondary use of clinical narratives in clinical and translational research

[318], as well as near real-time EHR clinical decision support functionalities. It can enhance

understanding of drug discontinuation, symptom monitoring, and adverse event management

[11, 68, 173, 217]. Most clinical IE approaches employ separate models for event and

relationship extraction in multi-step processes. These models have progressed from rule-
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based systems [18, 260, 275] and feature-engineered models [58, 59, 255] to neural networks,

culminating in transformer architectures [305, 160]. Bidirectional Encoder Representations

from Transformers (BERT) [66], an encoder-only model, has shown superior performance in

clinical IE [160]. Clinical variants of BERT [12] have achieved high performance in clinical

IE tasks, like drug-problem RE [252]. Some BERT-based architectures, like Packed Levitated

Marker (PL-Marker) [341], adopt a two-step approach for extracting spans (arguments)

and relationships (argument roles), including IE for medical imaging reports [234]. BERT

architectures with multiple output layers, like Span-based Event and Relation Transformer

(SpERT) [76], can jointly extract spans (arguments) and relationships (argument roles),

including the extraction of social determinants of health [190].

Recent progress in generative language models (GLMs) includes encoder-decoder models,

like the Fine-tuned Language Net Text-To-Text Transfer Transformer (Flan-T5) [54], and

decoder-only models, like the Large Language Model Meta AI (LLaMA) [293] and Generative

Pre-trained Transformers 4 (GPT-4) [226]. GLMs have set new performance standards

in various clinical benchmark tasks. Smaller models like T5 [241] have been fine-tuned

for specialized tasks such as medical document classification, named entity recognition

(NER) [181], and medical database query generation [70]. GLMs with billions or trillions of

parameters, such as GPT-4, are called Large Language Models (LLMs) and excel at in-context

learning (ICL) [362]. ICL allows these models to adapt to tasks based solely on prompts

without changing their parameter weights and has been successfully applied to clinical IE

tasks [243, 87, 118].

2.3 Generalized Medical NLU System

Medical Natural Language Understanding (NLU) encompasses a variety of tasks aimed

at enabling machines to understand, interpret, and respond to clinical and biomedical

language. Within this domain, research has focused on tasks like Information Extraction

(IE) and Document Classification (DC) [330]. To create a more holistic understanding of

medical NLU, two major benchmark datasets have been curated: the Biomedical Language
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Understanding Evaluation (BLUE) [236] and the Biomedical Language Understanding and

Reasoning Benchmark (BLURB) [102]. These datasets, which include a wide range of medical

NLU tasks, are widely used to assess the capabilities of various LLMs in medical contexts

[81, 320, 49].

The evaluation of medical foundation models focuses on complex medical tasks, such as

medical exams (MedQA dataset) [253, 14], document summarization [253, 335]. Those tasks

require medical knowledge and reasoning abilities, beyond simple medical NLU. However,

when evaluated in simple NLU tasks, medical foundation models can fall short to smaller-scale

fine-tuning-based approaches. For example, GPT-4 falls short compared to traditional NLP

models in SDoH event extraction [243], and Me-LLaMA underperforms relative to traditional

BERT-based methods in zero-shot named entity recognition (2010 i2b2) [301] and relation

extraction (2013 DDI) [115]. Our experimentation on the Pediatric SDoH and CACER

datasets from Section 3.2 4.2, also supports this observation. These shortcomings are often

attributed to errors in adhering to the desired output format and misinterpreting human

intentions within the highly specialized medical domain. This highlights the necessity for

targeted Instruction tuning of LLMs in medical NLU.

In this section, we review the literature on generalized medical NLU systems, with

particular emphasis on instruction-tuning, a widely adopted strategy for developing generalized

LLMs. Building on the gaps identified in the prior literature, Chapter 5 presents our research

on a generalized medical NLU framework.

2.3.1 Generalized System for Medical NLU

Recent studies have examined how generalized LLMs can perform medical NLU tasks without

specific training. For instance, Agrawal et al. (2022) [7] demonstrated the potential of LLMs

for clinical NLU tasks through few-shot ICL. Hu et al. (2023) [122] evaluated the performance

of ChatGPT on clinical Named Entity Recognition (NER) tasks, using a subset of NLU

datasets. Similarly, Wang et al. (2023) [320] proposed a new prompting strategy for multiple

clinical NLU tasks using proprietary LLMs like ChatGPT [2] and GPT-4 [5]. However,
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their evaluations were limited to small sample sizes from the BLUE benchmark. Chen et

al. (2023) [49] and Feng et al. (2024) [81] also evaluated several LLMs using the BLURB

benchmark. While ChatGPT and GPT-4 outperformed other LLMs, they significantly lagged

behind fine-tuned, in-domain systems. This performance gap underscores the need for more

generalized systems tailored to medical NLU.

2.3.2 Instruction Tuning for Medical NLU

Instruction tuning involves fine-tuning pre-trained LMs on a wide array of instruction-following

tasks, enabling the model to understand and respond to natural language instructions. This

process helps LLMs generalize to unseen tasks in zero-shot or few-shot settings [54, 229].

Instruction-tuning datasets typically cover a range of tasks such as reasoning, question-

answering, dialogue, and summarization [359]. Instruction tuning has been explored in

general domain NLU tasks, such as Information Extraction (IE) [316, 134, 258, 310, 183]

and NER [366, 361]. These models have shown promise in generalizing to diverse tasks by

leveraging a unified instruction format. However, to date, there has been limited adaptation

of such generalized systems to the medical domain.

Several studies have made strides toward adapting instruction tuning for medical NLU

tasks, primarily focusing on dialogue-based systems like ChatDoctor [352] and MedAlpaca

[109]. Additionally, medical foundation LLMs such as MedGemini [253] and Taiyi [186] show

potential across various NLU tasks, though comprehensive evaluations are still lacking. Many

prior systems have focused on specific medical NLU tasks, such as Table Question Answering

(QA) [187], NER [361], and Information Extraction [258], with little exploration of tasks like

sentence similarity or natural language inference (NLI). As of now, there is no unified system

capable of generalizing across all critical medical NLU tasks. In this work, we aim to fill this

gap by evaluating our system in a zero-shot setting, using two well-established benchmarks

that cover seven essential medical NLU tasks.
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2.4 Data Contamination

Recent advances in LLMs have led to impressive results across a wide range of natural

language processing tasks, positioning them as powerful tools for general-purpose applications

[5, 20]. However, one major challenge that undermines fair and accurate evaluation of LLMs

is the issue of data contamination, where overlap exists between an LLM’s training corpus

and its evaluation benchmarks [25]. Such overlap can lead to artificially high scores, creating

the false impression that a model has effectively generalized to new data [25, 256, 168].

To address these concerns, researchers have proposed various techniques to detect con-

tamination in language model training data. These techniques are not only important for

evaluating model performance fairly, but also for identifying the presence of proprietary or

sensitive content in training corpora [336, 205].

Despite the emergence of these methods, all existing contamination detection techniques

rely on specific assumptions—about the model’s access, the structure of the training and

evaluation data, or the nature of language generation—that may not generalize across all

contexts1. While prior surveys have discussed detection strategies or mitigation techniques,

none have comprehensively examined or validated the foundational assumptions these methods

depend on [336, 123, 121].

To address the gaps outlined above, Section 6 will present our work on a systematic

categorization of the current research on data contamination and an empirical assessment of

the effectiveness of these approaches.

1This review includes contamination detection approaches applicable to both large and small language
models.
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Chapter 3

PEDSHAC: SOCIAL DETERMINANTS OF HEALTH FROM
PEDIATRIC PATIENT NOTES

In this chapter, we present our novel pediatric SDoH corpus, Pediatric Social History

Annotation Corpus (PedSHAC), which is the first annotated corpus of pediatric clinical

narratives to utilize comprehensive and fine-grained SDoH annotations, including assigning

SDoH labels such as Status and Type that could be incorporated into structured data fields

within EHRs to represent patient information better. We believe that this corpus will be a

valuable resource in support of understanding the role of SDoH in managing children’s health

and improving outcomes. Using PedSHAC, we explored various LLM-based IE strategies and

demonstrated that detailed SDoH representations can be extracted with high accuracy. The

de-identified PedSHAC corpus, annotation guideline, and code are made available through

our GitHub1.

3.1 Methods

In this section, we will describe the details of our dataset curation and system development.

3.1.1 Creating the PedSHAC Corpus

This work utilized the clinical notes of pediatric patients from the UW hospital system. The

patient cohort consists of a random sample from the general pediatric population to improve

generalizability across patient demographics. The clinical notes span a ten-year period

(1/1/2012-12/31/2021) with 198k distinct notes from 36k distinct patients. Clinical notes

are organized into topical sections that are delineated by specific heading formats. Patient

1https://github.com/uw-bionlp/PedSHAC
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SDoH can be described throughout the clinical narrative; however, SDoH are most frequently

documented in the social history sections of the clinical notes. To focus the annotation on

SDoH-dense portions of the clinical notes, we applied a rule-based approach to identify topical

section headings and the social history sections, yielding 11k social history sections for 8k

distinct patients. The social history section text for a patient can be very similar or identical

across notes, so we randomly selected one social history section per patient, resulting in

8k patients, each with a single social history section. Finally, we randomly sampled 1,260

out of 8K social history sections for SDoH annotations. Clinical notes in PedSHAC are

well-represented across different age groups, emphasizing early childhood and adolescent

cohorts. PedSHAC’s patient age distribution is visualized in Figure 3.1.

Figure 3.1: Patient age distribution in the PedSHAC corpus.

Annotation Scheme

We created detailed annotation guidelines for ten SDoH (referred to here as event types), as

listed in Table 3.1. The three substance events, alcohol, drug, and tobacco, are annotated and

evaluated separately, but their performance is reported together due to their relatively low

frequency.

Each event is defined by a trigger and a set of arguments that specify the event’s SDoH

category, current status, and subtype. The trigger is a span with an event-type label.

Each argument attaches to the corresponding trigger and is assigned a multi-class label,
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referred to here as a subtype label 2, representing normalized SDoH concepts (such as Status

- past, current) that are more suitable for downstream clinical applications. Because the

most important clinical information is usually stored in a structured format in EHRs, the

normalized SDoH concepts as labels can be directly added to other structured information

to create a more comprehensive patient representation. Arguments can be categorized into

required and optional. The required arguments define the most important attributes of the

event. A trigger can only be annotated if all required arguments can be resolved.

The annotation scheme and event type distribution are specified in Table 3.1. SDoH

information was annotated using the BRAT rapid annotation tool [278]. Figure 3.2 is an

example describing the patient’s living arrangement and caregivers’ employment.

Figure 3.2: An annotation example: the triggers are in boldface. The box above a trigger

shows the event type, arguments, and subtype labels.

2arguments and subtype labels can be considered as attribute names and attribute values. We chose this
naming convention following the previous N2C2 SDoH challenge [191].
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Figure 3.3: Our one-step (T5-Event) and two-step (T5-2sQA) extraction models. T5-Event

extracts all SDoH events, including triggers and arguments, in one query. T5-2sQA extracts

triggers and arguments in separate queries, where Step Two includes the predicted triggers

from Step One.

IE Evaluation

We follow the previous N2C2 SDoH challenge [191] evaluation criteria. We evaluate the

trigger and argument extraction performance for each event. Two triggers are considered

equivalent if they have the same event type and overlapping spans. The trigger extraction is

framed as a named entity recognition task, and the precision, recall, and F1 are calculated.

Two arguments are considered equivalent if they are attached to equivalent triggers and have

the same argument type and subtype labels, and are evaluated using precision, recall, and F1.
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Event
Trigger

& Arg.

Trigger examples

& Argument subtypes

# labels IAA

F1Train Validation Test

Adoption Trigger “adopted", ... 27 4 9 100.0

Education

Access

Trigger “5th grade" , “junior year", ... 227 35 74 80.0

Status (yes,no) 227 35 74 80.0

Employment
Trigger “Employment: ... ", “works", ... 390 45 117 81.1

Status
(employed, unemployed, retired,

on disability, student, homemaker)
390 45 117 77.8

Food Insecurity
Trigger “food stamps", “food insecurity", ... 37 5 8 40.0

Status (current, past, none) 37 5 8 40.0

Living

Arrangement

Trigger “lives", “foster care", ... 676 101 195 90.4

Status (current, past, future) 676 101 195 88.5

Type*

(with both parents, with single

parent, with other relatives, with

foster family, with strangers)

566 86 160 88.4

Residence* (home, institution, homeless) 136 22 38 38.1

Mental Health

Trigger “depression", “self-harm", ... 45 11 15 66.7

Status (current, past, none) 45 11 15 53.3

Experiencer (patient, parent/caregiver) 45 11 15 66.7

Substance Use

- Alcohol /

Drug / Tobacco

Trigger “meth", "alcohol", “smokes",... 265 38 78 86.4

Status (current, past, none) 265 38 78 85.7

Experiencer (patient, parent/caregiver) 265 38 78 73.2

Trauma

Trigger “mentally abusive", “bullying", ... 132 23 33 88.9

Status (yes, no) 132 23 33 88.9

Type

(divorce / separation, loss,

psychological, physical, domestic

violence, sexual)

132 23 33 84.6

Table 3.1: Annotation scheme and event statistics for PedSHAC, where * indicates optional

arguments. The train, validation, and test sets contain 894, 121, and 245 notes, respectively.

The IAA micro-averaged F1 (%) is calculated on the last round of double annotation, consisting

of 90 notes. The IAA F1 micro averages on triggers, arguments, and triggers plus arguments

are 85.1, 80.0, and 81.9, respectively.
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Annotator Agreement

Six medical students at UW annotated SDoH events in our dataset. We first performed two

practice rounds to train the annotators and refine the annotation guidelines, with 5 and 10

notes, respectively. After the practice rounds, each note was annotated by two annotators

(double annotation), with a third annotator adjudicating disagreements. The Inter-Annotator

Agreement (IAA) is evaluated using the criteria in Section 4.1.3. We doubly annotated

360 notes through 4 rounds (90 notes per round) and then singly annotated the remaining

885 notes. PedSHAC has an IAA micro average of 85.1 F1 across all triggers and 80.0 F1

across all arguments in the last double-annotation round with 90 notes. Low IAAs are from

infrequently occurring events such as Food Insecurity and Mental Health, and the annotation

group carefully discussed every disagreement. PedSHAC is split into training, validation, and

test sets. Table 3.1 presents the distribution of SDoH for each split along with the IAA for

all event types. The entirety of the test set and the majority of the validation set are doubly

annotated.

3.1.2 SDoH Information Extraction

We experimented with various LLM types and learning strategies, including i) fine-tuning

BERT, ii) fine-tuning T5, and iii) in-context learning with GPT-4. The generative model

experimentation with T5 and GPT-4 explored multiple prompting strategies, including i)

single-step text2event (Event), and ii) two-step question answering (2sQA). Both prompting

approaches were explored with T5 through fine-tuning and GPT-4 through in-context learning.

Fine-tuning BERT (mSpERT): Following prior work in the N2C2 SDoH challenge

[191], we use our high-performing, multi-label variation of the Span-based Entity and Relation

Transformer model (mSpERT) [76, 190]3, as the BERT baseline. mSpERT is a span-based

extractor that jointly extracts entities and relations. In the PedSHAC extraction task,

mSpERT assigns multiple labels to a given span and assumes all predictions for a given span

3https://github.com/Lybarger/sdoh_extraction

https://github.com/Lybarger/sdoh_extraction
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are associated with the same event. As all PedSHAC arguments share the same span as the

trigger, mSpERT did not generate any relation predictions between spans.

Fine-tuning T5 with single-step text2event Prompting (T5-Event): Recent work

[182, 193] demonstrates that entity and relation extraction tasks can be reformulated into

text2event tasks using generative encoder-decoder models like T5 [242, 54] and decoder-only

models like GPT-4 [226]. We map each event annotation to a structured text representation

[251, 182]4. Figure 3.3 illustrates our T5-Event approach. Input sequences included the

entire social history section and a model instruction. The target sequence was a sequence of

SDoH events containing trigger type and text span, followed by the required and optional

arguments. The trigger span was repeated with its argument to associate the arguments

with the trigger span. Multiple events in the output were separated with ‘AND’ for parsing.

T5-Event extracts all PedSHAC SDOH events for a social history section in one step.

Fine-tuning T5 with Two-step QA Prompting (T5-2sQA): We utilize a two-step

pipeline approach to first extract trigger spans [193] and then resolve subtype labels through

multiple-choice questions [194]. Figure 3.3 illustrates our two-step approach. In step 1, the

model input is a prompt specifying the target event type and the social history section text,

and the model’s desired output is a list of trigger spans associated with the target event type.

In step 2, we apply multi-choice QA to resolve the argument subtype labels for each identified

trigger and each argument type relevant to the event type. The input prompt specifies the

argument, the relevant trigger within the note, and all possible argument subtypes. An

additional choice, “none,” is added for optional arguments, indicating the argument may not

be present for that event. The model output is the selected subtype.

GPT-4 with In-context Learning: Previous research demonstrates LLMs can achieve

high performance through in-context learning [6]. Additionally, some proprietary LLMs,

including GPT-4, cannot currently be fine-tuned. Using prompt-based, in-context learning,

information about the desired task is conveyed through instructions and few-shot examples.

4https://github.com/romanows/SDOH-n2c2/

https://github.com/romanows/SDOH-n2c2/
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The larger context window of recent LLMs, including GPT-4 [226], which can accommodate

up to 32k tokens, allows detailed text-based instructions and several response examples to

be included in the prompt. We explored three in-context learning strategies: i) Event and

2sQA – simple instructions without explanation of annotated phenomena. For GPT-Event,

our instruction contained a list of all the event and argument types and an illustration of the

T5-Event output format using a randomly chosen example note. GPT-2sQA uses the same

prompts provided to T5-2sQA, ii) GPT + guide – 2sQA prompt with a brief description of

target trigger/argument based on a summary of the annotation guideline, iii) GPT + 3-shot

– three few-shot examples, in addition to the GPT + guide prompts. For the +3-shot setting,

we randomly selected three example social history sections from the train set per GPT query,

with some restrictions: (1) for trigger extraction: the three example notes contained zero,

one, and more than one triggers of specific event type respectively; (2) for required argument

extraction, three randomly selected examples of events with that argument type (positive

examples); and (3) for optional argument extraction such as residence, one random negative

example as an event without that argument, and two random positive examples, are included

from event associated with the argument type.

3.1.3 Experimental Paradigm

In fine-tuning, we trained extraction models on the train set, optimized the hyperparameters

on the validation set, and applied the best-performing models to the withheld test set.

In in-context learning, we utilized the annotation guideline and examples from the train

set. We initialized the BERT-based mSpERT model from Bio+ClinicalBERT [12]. For T5

experimentation, we initialized from Flan-T5-Large (780M) [54], an instruction-tuned T5

variant. For GPT-4 experiments, we used OpenAI’s GPT-4-32k (version: 2023-03-15-preview)

with the chat completion API provided through our HIPAA-compliant Azure server instance

and utilized the ‘role’ preset (‘system’, ‘user’, and ‘assistant’) arguments for providing our

prompts. The system message includes the same instructions as the T5 experiments (except

for the subtype options) and the distilled annotation guideline. The user message includes
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the note and subtype options for the argument extraction. We utilize multiple user-assistant

input pairs to simulate the conversation history as in-context learning few-shot examples.

3.2 Results

3.2.1 Trigger and Argument Evaluation

Following the evaluation criteria described in Section 4.1.3, we report the extraction per-

formance on the withheld PedSHAC test set in Table 3.2 under two settings: i) fine-tuning

with mSpERT and T5 and ii) in-context learning with GPT-4. We validate the F1 scores

and assess significance using a pairwise non-parametric test (bootstrap test, p-val < 0.05)

[30] for all approaches, but only present a subset of significance testing results in Table 3.2

due to lack of space. We consider the mSpERT model as a baseline for all approaches, with

GPT-Event and GPT-2sQA base as a baseline for in-context learning approaches. The ‘*’

indicates performance fine-tuning approaches with significance over mSpERT or vice versa

and † marks in-context learning models with significantly higher performance than GPT-Event

and GPT-2sQA base. The highest performance in each row is boldfaced.

Comparing performance against human IAA5, GPT+3-shot shows comparable

performance in trigger micro average (82.3 F1) to corresponding IAA (85.1 F1), and T5-2sQA

shows argument micro average (78.4 F1) close to corresponding IAA (80.0 F1). For event

types with lower IAA rates, such as Mental Health (trigger and all arguments) and Living

Arrangement (residence argument), the extraction performance is also lower, indicating

complexity in the SDoH descriptions.

5Note that the last round IAA is not directly comparable to LLM performance. Because (1) IAA is from
the last double-annotation round, while the model performance is calculated on the whole test set, (2) the
test set has resolved the annotator disagreement from the IAA. Therefore, the IAA is not an upper bound
for LLM performance on the test set, but a reference to ‘good’ performance.
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Event
Trigger

& Arg.

# gold

labels

Extraction performance (F1)

Fine-tuning In-context learning

mSpERT
T5-

Event

T5-

2sQA

GPT-

Event

GPT-2sQA

base +guide
+guide

+3-shot

Adoption Trigger 9 84.2 82.4 84.2 58.1 66.7 66.7 54.5

Edu. Access
Trigger 74 78.0 79.1 84.1 71.6 75.9 84.9 85.7†

Status 74 78.0 79.1 84.1 71.6 53.3 85.5† 84.5†

Employment
Trigger 117 75.1 78.9 81.1 69.1 73.4 85.5*† 89.2*†

Status 117 71.4 76.3 74.3 60.8 64.0 76.9† 80.6*†

Food Insecurity
Trigger 8 93.3 87.5 93.3 53.3 0.0 70.0 87.5

Status 8 93.3 87.5 93.3 53.3 0.0 70.0 87.5

Living Arrg.

Trigger 195 84.8 86.5 85.4 82.3 80.9 83.7 84.0

Status 195 82.6 83.4 84.4 80.2 78.4 81.0 78.4

Type 160 83.3 82.7 88.7* 76.6 75.4 81.2 77.9

Residence 38 63.5 67.6 62.2 27.7 27.2 28.0 28.6

Mental Health

Trigger 15 38.1 25.0 36.4 26.3 51.9 53.3 51.6

Status 15 28.6 25.0 34.8 26.3 35.7 38.7 43.8

Experiencer 15 9.5 8.3 17.4 21.1 35.7* 40.0* 43.8*

Subst. Use

Trigger 78 85.5* 81.6 81.9 54.1 64.2 73.5† 80.2†

Status 78 81.4 78.1 81.9 50.8 63.2 69.0 76.8†

Experiencer 78 74.5 80.3 80.6 49.2 63.2 72.1† 80.0†

Trauma

Trigger 33 62.1 54.5 53.3 58.6 5.7 55.3 70.2

Status 33 51.7 54.5 54.2 58.6 5.7 55.3 63.2

Type 33 55.2 51.5 54.2 55.2 5.7 55.3 66.7

Micro Avg
Trigger 529 79.6 79.5 80.9 69.9 71.3 79.8† 82.3†

Arguments 844 75.3 76.0 78.4* 62.0 60.0 69.8† 71.6†

Table 3.2: Model performance F1 (%) on event triggers and arguments from the PedSHAC

withheld test set. The asterisk * indicates that performance was significantly better (p<0.05)

than mSpERT or vice versa. The symbol † marks in-context learning models with significantly

higher performance than GPT-Event and GPT-2sQA. The highest performance in each row

is in boldface.
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For fine-tuning approaches, all models exhibit high trigger extraction performance

with no significant difference. Comparing arguments micro average, T5-2sQA demonstrates

significantly better performance than mSpERT, as well as all other in-context learning models.

But on the level of individual argument types, T5-2sQA performance is similar to mSpERT

and T5-Event, with the exception of the Living Arrangement - type argument. We observed

no significant difference between T5-Event and T5-2sQA, indicating that with sufficient fine-

tuning data, the Flan-T5-large model can extract multiple events with complex, fine-grained

event annotations appearing at the same time.

Comparing in-context-learning approaches with GPT-4, GPT-Event and GPT-

2sQA base approaches demonstrate relatively lower performance when limited scheme in-

formation is incorporated into the prompt. Similar to the T5-Event and T5-2sQA models,

the GPT-Event and GPT-2sQA base approaches have no significant difference in the trigger

and argument extraction performances. Starting from GPT-2sQA base, adding the guide-

lines (+guide) provides the model with a detailed annotation scheme description, leading

to significant improvement as 8.5 (from 71.3 to 79.8) among triggers and 9.8 (from 60.0 to

69.8) among arguments. Adding three in-context learning examples further improves the

performance (GPT+3-shot) from the base 2sQA with 11.0 (from 71.3 to 82.3) among triggers

and 11.6 (from 60.0 to 71.6) among arguments. Adding the guidelines to the GPT-2sQA

model (+guide) shows comparable trigger performance with the fine-tuned models. The

GPT+3-shot achieves the highest trigger extraction performance, albeit without statistically

significant improvement from the GPT+guide. Specifically, the GPT+3-shot model shows a

significant increase in performance for Education access, Employment, and Substance Use

extraction over GPT-Event and GPT-2sQA base, while showing a significant increase even

over mSpERT for Employment extraction. The GPT+3-shot model demonstrates similar

performance to the fine-tuned models for extracting Education Access, Employment, Living

Arrangement, and Substance Use event types.
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Event #

gold

labels

Event extraction performance (F1)

Fine-tuning
In-context

learning

mSpERT
T5-

Event

T5-

2sQA

GPT-

Event

GPT+

3-shot

Adoption 9 84.2 82.4 84.2 58.1 54.5

Edu. Acc. 74 78.0 79.1 84.1 71.6 84.5

Employment 117 71.4 73.5 74.3 60.8 79.7

Food. Insec. 8 93.3 87.5 93.3 53.3 73.7

Living Arrg. 195 72.8 69.7 74.9 19.8 12.6

Mental Health 15 9.5 8.3 17.4 21.1 37.5

Subst. Use 78 75.9 75.0 80.6 45.9 78.0

Trauma 33 51.7 51.5 53.3 55.2 59.6

Micro

Avg
529 71.6 70.4 74.7 42.6 54.0

Table 3.3: Model performance F1 (%) with the event-level evaluation on the PedSHAC

withheld test set.

3.2.2 Event-level Evaluation

We additionally assess performance using a more rigorous event-level evaluation criteria,

which requires the equivalence (defined in Section 4.1.3) of all arguments in an event type. A

predicted event is considered correct if and only if its trigger overlaps with a trigger in the

gold standard and all arguments in the event are correctly identified with the correct subtype

labels. Table 3.3 presents the event-level performance for the best GPT-2sQA approach

and the rest of the approaches. We conduct the same pairwise significance testing across all

models as Section 3.2.1, yet exclude the results from Table 3.3 to improve readability.

The T5-2sQA model achieves the highest micro-average performance, as well as significantly
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better performance than the in-context learning approaches in Living Arrangement, Substance

Use, and micro average. Both mSpERT and T5-Event have similar performance to T5-2sQA.

There is no significant difference among all fine-tuning models in any event.

Note that the trigger extraction performance bounds event-level performance. Comparing

Table 3.2 with Table 3.3, three fine-tuning approaches have a relatively small performance

drop on the micro average from trigger to event, as 6.2 (from 80.9 to 74.7) for T5-2sQA, 8.0

(from 79.6 to 71.6) for mSpERT and, 9.1 (from 79.5 to 70.4) for T5-Event. This is because

trigger extraction is a more challenging task, and the fine-tuning-based LLMs can correctly

predict the argument if they are able to correctly identify the trigger. This demonstrates great

promise for fine-tuning-based LLMs’ downstream clinical use at the event extraction level.

On the other hand, the GPT+3-shot shows a performance drop of 28.3 (from 82.3 to 54.0).

This is mainly because the GPT+3-shot model shows poor performance on some arguments

(i.e. Living Arrange - residence) and the difficulty of predicting multiple arguments correctly

at the same time for the same event.

3.2.3 Error Analyses

Comparing errors across different learning strategies, we observed that the fine-tuning models

tend to have relatively lower recall than precision, while the in-context learning models tend

to have lower precision than recall. While fine-tuning models perform well in extracting

SDoH for event types well-represented in the training set, they demonstrate relatively poorer

generalizability. This could be because fine-tuning models contain much fewer parameters

than GPT-4 and have less prior knowledge about some SDoH factors. For example, if a Mental

Health trigger phrase is uncommon and not previously seen in the train set, the fine-tuning

models can fail to extract it. On the other hand, the in-context learning approaches tend to

interpret SDoH extraction in a broader context and extract events outside the annotation

scheme. For example, ‘Dad </name>, Mom </name> and Sister </name>’ is a list of

the family members’ names, which does not explicitly state the patient’s living arrangement.

However, the GPT+3-shot approach considers this span implying a Living Arrangement event
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and annotates it as a trigger.

Without fine-tuning, GPT+3-shot is very sensitive to the instructions provided in the

form of the guideline. For example, our guideline did not state that the residence subtype

needs to be explicitly mentioned, and GPT-4 predicted descriptions such as ‘lives with parents’

having the optional argument residence with the subtype home’. Such false positives resulted

in a precision of 17.2 and 28.6 F1 for the residence argument. GPT+3-shot also sometimes

extracts meaningful SDoH information but fails to overlap with the gold annotation, especially

in the Food Insecurity events. For example, clinicians tend to follow a template format: ‘Food

insecurity: NO’. while GPT+3-shot tends to extract the phrase following the prefix and

predicts ’No’ as the trigger, the annotators annotate the prefix, ‘Food insecurity’, as the gold

trigger. On the other hand, because T5-based approaches learn from abundant annotated

data, they were able to learn from the actual implementation of the guide and implicitly

understand edge cases that are not explicitly defined in the guide. Future GPT-based models

could use better-designed prompts to incorporate more detailed instructions or better sample

selection approaches for in-context learning.

Consistent with errors identified by prior work [129], both generative models (T5 and

GPT-4) show a problem of hallucination [129], outputting with improper formats, which range

from minor modifications to spacing, punctuation, and casing. Another type of hallucinated

response is spans that do not correspond to the original text, such as synonyms to the

original SDoH determinants. We consider the generated output invalid if the predictions do

not comply with the predefined output format or the predictions contain predicted spans

that do not exactly match the original text. We observed a 3-5% invalid rate for trigger

prediction and less than 1% for argument prediction in the QA approaches. Future work

could apply approaches to better constrain the prediction within the note and annotation

scheme, including rule-based post-editing such as minimum edit distance, self-verification

[95], and constrained decoding [182].
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3.3 Conclusion

In this work, we present a novel corpus, PedSHAC, annotated for SDoH. Our corpus has 1,260

social history sections of pediatric patients annotated across 10 SDoH event types. We envision

such fine-grained annotation on multiple critical SDoH types can help the research community

study the impact of SDOH on other child health outcomes. We explored LLM-based IE across

multiple dimensions, including pre-trained architectures – mSpERT, Flan-T5, and GPT-4;

learning strategies – fine-tuning and in-context methods; and prompting approaches – one-step

text-to-event and two-step QA. Our results demonstrate that detailed SDoH representations

can be extracted from pediatric narratives with performance comparable to human annotators,

providing an automatic approach for incorporating valuable SDoH information in clinical and

research applications.

Future work for the corpus development could include addressing the current limitations,

through actual user studies to pinpoint the needs and possibly expanding the current SDoH

annotation to encompass more hospital systems and pediatric subpopulations. We also plan

to explore other IE approaches such as (1) using effective data selection strategies such as

active learning [189] in the annotation phase could help save annotation costs, (2) GPT-4

prompt-tuning including the involvement of medical experts, more strategic selection of

in-context examples (e.g. semantically similar instance from a trained text encoder [177]),

automatic prompt generation [367], and self-verification [324], to further improve the response

quality.

Our proposed automatic IE approaches allow extracted SDoH information to be directly

incorporated in EHRs in a tabular form, we envision our work to help downstream clinical

applications through better quantifying the presence of various SDoHs in pediatric populations.

3.4 Limitations

Our annotation of the SDoH events in PedSHAC is limited to a single hospital system and its

pediatric population. The distribution of the SDoH events may not be representative of other
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pediatric populations. The relatively lower frequencies of some of the event types may result

from the patient population at our institution. The current annotation scheme does not allow

multiple events of the same event type to have the same trigger span. For example, in the

sentence, ‘He lives with grandma first, and then with his parents’, both past and current

Living Arrangement events should have the same trigger ’lives’ but is not allowed. In future

work, we plan to modify the annotation scheme to allow multiple events of the same type

associated with the same trigger. Some downstream clinical research may need even more

fine-grained annotation.
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Chapter 4

CACER: CLINICAL CONCEPT ANNOTATIONS FOR CANCER
EVENTS AND RELATIONS

In this chapter, we focus on two cancer populations: prostate cancer and diffuse large

B-Cell lymphoma (DLBCL). Prostate cancer is the second most common cancer among men

and exhibits considerable heterogeneity [268, 245]. Some patients have a less aggressive,

chronic form, whereas others face a highly aggressive disease linked to increased morbidity

and mortality, necessitating more intensive treatments [245]. Similarly, DLBCL represents the

most common aggressive lymphoma [285]. Together, these cancers exemplify the spectrum of

chronic and aggressive cancer trajectories.

We introduce Clinical Concept Annotations for Cancer Events and Relations (CACER),

a novel corpus of cancer patient clinical oncology notes from Fred Hutch Cancer Center, with

detailed annotations for medical problems, drugs, and their relationships. We benchmark

this dataset with high-performing models and outline future directions. Key contributions

include:

• We provide comprehensive, fine-grained annotations for 48k medical problem and drug

events and 10k drug-problem and problem-problem relations. CACER will be made

available to the research community pending institutional review board approval.

• We develop state-of-the-art extractors using BERT models and GLMs via supervised

fine-tuning and ICL approaches. For GLMs, we explore various prompting strategies,

including Question-Answering (QA). RE encompasses long-distance, inter-sentence

relationships.
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4.1 Methods

4.1.1 Creating the CACER Corpus

Data Set Collection

We used a clinical data set of outpatient records for two types of cancer, prostate cancer

and DLBCL, from the Fred Hutch Cancer Center from 2015-2018. This data set includes

1,453 prostate cancer patients (with 10k notes) and 818 patients with DLBCL (with 11k

notes). CACER consists of 575 clinical notes randomly sampled from this data set. Following

de-identification, we randomly sampled notes containing over 30 lines and manually excluded

clinical notes that were duplicates, EHR templates, or overlapped with other notes. We

divided the data into training (400 notes), validation (60 notes), and test (115 notes) subsets,

ensuring that no patient was included in multiple subsets. Appendix B.1 provides detailed

dataset statistics and patient demographics.

Event Annotation Schema

The CACER annotation schema encompasses medical problem (Problem) and drug (Drug)

events, along with the relations between them. It builds upon the schema used in our previous

research on COVID-19 symptoms [188] and lung and ovarian cancer symptoms [296]. We

expanded the symptom annotation guidelines to encompass all medical problems and drug

events in the cancer domain.

Each Problem event is marked by a trigger and multiple attributes (i.e., arguments).

The Problem trigger is a text span that most clearly and concisely expresses the medical

problem. An argument has a name (i.e., ‘argument type") such as Duration and a value

that corresponds to a text span such as ‘three months". For some argument types, such as

Assertion, their values can be normalized into a pre-defined set of subtypes (e.g., ‘present",

‘absent"). For instance, the subtype ‘present" might correspond to text spans such as ‘is

observed" or ‘was found", or it is simply implied by the occurrence of a disease name. We call
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the argument with a subtype label a ‘labeled" argument and the one without a ‘span-only"

argument. Figure 4.1 provides examples for both types of arguments. Drug events only

include a trigger, without any arguments. We will address the potential for incorporating

more fine-grained drug annotations within oncology notes in the discussion section. Table

4.1 summarizes the event annotation schema. Our annotation guideline is available on the

project’s GitHub page.

Event
Trigger

& Arg.

Trigger examples

& Argument subtypes

# labels IAA F1

Train Valid Test
Without

preAnn

With

preAnn

Drug Trigger* ‘ibuprofen’, ‘lupron’, ... 11118 2104 3534 97.5 97.1

Problem

Trigger* ‘cancer’, ‘vomitting’... 21453 3575 6555 89.6 96.5

Assertion*

{present, hypothetical,

absent, conditional,

possible, not_patient}

21453 3575 6555 87.2 94.0

Change
{worsening, no_change,

improving, resolved}
1440 293 418 78.4 85.1

Severity {mild, moderate, severe} 775 168 254 84.6 89.8

Anatomy ‘prostate’, ‘back’, ... 9880 1638 2877 82.9 91.9

Characteristics ‘recurrant’, ‘metastatic’, ... 4749 830 1439 66.2 87.2

Duration ‘1 year’, ‘two weeks’, ... 930 171 298 92.9 81.7

Frequency ‘every day’, ‘rarely’, ... 245 35 79 92.3 69.6

Overall - - 72043 12389 22009 88.4 94.1

Table 4.1: Event schema, pre-annotation performance, and inter-annotator agreement (IAA)

for the CACER dataset. The required trigger and arguments are labeled by *. A valid event

must have all required arguments.
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Figure 4.1: Annotation example from CACER. line 1 includes the intra-sentence relation,

Causes and line 2-4 contains the inter-sentence relation, administered for. The inter-sentence

relation is indicated by the note section subtitle, ‘ASSESSMENT AND PLAN’, linking the

treatment to the main diagnosis.

Relation Annotation Schema

We use six Drug-Problem and Problem-Problem relation types from the 2010 i2b2/VA corpus

[301], as shown in Table 4.2. Each relation includes a head, a tail, and a relation type. For

Drug-Problem relations, the head is a Drug trigger, and the tail is a Problem trigger. For

Problem-Problem relations, both the head and the tail are Problem triggers, where the tail

Problem describes characteristics of the head Problem or identifies it as the cause or superclass

of the tail.

Relation annotation requires either: (1) explicit linguistic cues indicating a relationship or

(2) implicit relationships based on medical knowledge. Most relations are intra-sentence and

are based on verb phrases like ‘prescribed for.’ Inter-sentence relations can be inferred by

section headers, e.g., “Cancer Treatment ->... on <DATE>, Lupron is given.” indicates an

AdminFor relation between cancer and lupron. Otherwise, they are frequently implicit and
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rely on general medical knowledge. A given Problem or Drug may be mentioned multiple

times in a note, but only the closest pairs of triggers are annotated. We define the relation

context window as the smallest continuous sequence of sentences that includes both head

and tail triggers. In CACER, < 1% of the relations have a context window longer than five

sentences.

Annotation is carried out using a web-based annotation tool, BRAT [279]. Example

annotations are shown in Figure 4.1.

Relation Head entity

All relations Intra-sentence relations

# labels IAA

F1

# labels IAA

F1Train Valid Test Train Valid Test

AdminFor

Drug

3715 762 1422 75.4 2456 373 783 86.9

NotAdminBecause 130 49 54 50.6 106 37 44 50.0

Causes 729 232 321 75.1 644 199 278 75.7

Improves 502 87 133 62.5 342 53 65 71.1

Worsens 257 68 121 43.0 199 52 70 47.2

ProblemInteracts

WithProblem (PIP)
Medical problem 1257 259 350 54.1 1141 238 304 54.5

Overall - 6590 1457 2402 69.6 4888 952 1544 74.6

Table 4.2: Relation schema, statistics and IAA for the CACER dataset. All relation tails are

medical problems.

4.1.2 Building IE Systems

The CACER IE task comprises multiple subtasks. The extraction of Drug and Problem events

requires the identification of triggers and argument spans, prediction of the relationships

(argument roles) between triggers and arguments, and resolution of the subtype labels for

labeled arguments. Additionally, the relations between Drug and Problem must be predicted.

The subtasks can be performed through multi-step extraction approaches, as well as end-to-
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end approaches that jointly extract all phenomena. Our experiments used BERT models

and GLMs, incorporating both fine-tuning and ICL. Hyperparameters, such as batch size,

gradient accumulation steps, and number of epochs, were optimized on the validation set,

and the best-performing models were then evaluated on the test set. Model performance was

assessed using a one-sided, bootstrap T-test with 10,000 iterations, where a sample is a note,

and the p-value threshold is 0.05.

For BERT-based encoder models, we selected SpERT [76] and PL-Marker [341], both

using Bio+ClinicalBERT [12], pre-trained on biomedical and clinical texts, as their encoder.

For GLMs, we fine-tuned Flan-T5-large [54] and Llama3-8B-instruct [20] and used GPT-4

in an ICL setting [226]. All GLMs used a consistent prompt format, as shown in Figure 4.2

and Figure 4.3. For fine-tuned GLMs, we applied parameter-efficient fine-tuning (PEFT)

with low-rank adaptation (LoRA) [119]. GPT-4 experiments were conducted in a Health

Insurance Portability and Accountability Act-compliant Azure environment.

Event Extraction (EE)

Almost all event arguments co-occur in the same sentence as the trigger, so EE models

operate on sentences. The GLM event extraction used a common format [251, 87], where

the input prompt contains a task description and the target sentence, and the output is a

structured text representation of the extracted events ordered by the location of the trigger. If

no events are extracted, the output is ‘None’. Each event is presented in a uniform template

comprising a trigger and all arguments. Individual triggers or arguments start with a type

label, followed by a subtype label or spans. Multiple spans of the same argument type are

separated by the token <s>, as in ‘<Problem> pain <Assertion> present <Anatomy> back

<s> neck <Duration> ...’. Events are separated by the [SEP] token. To be considered

valid, all predicted text spans must occur exactly as they do in the original sentence. GPT-4

experimentation utilized ICL, where the prompt included a concise summary of the annotation

guidelines and two randomly selected in-context sentence examples (one containing both

Problem and Drug events and another without events). The complete EE prompts and
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condensed annotation guideline can be found in the Appendix B.2 and Appendix B.3.

Figure 4.2: Input and output formats for GLMs in EE.

Relation Extraction (RE)

Figure 4.3: Input and output formats for GLMs in RE.
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RE is unconstrained by sentence boundaries, and relations may span the entire note. We

define the context window for a relation as the smallest continuous sequence of sentences

that includes both head and tail events. We consider the RE input to be all context windows

that are smaller than 400 BERT tokens and five sentences. This approach covers 98.7% of all

relations. Details of the context window implementation are in the Appendix B.4.

Figure 4.3 presents the two RE formats for GLMs: Marker and QA. The Marker format

aligns with PL-Marker, using special markers to denote Drug and Problem triggers in the

input. The model outputs one relation type per line, returning a default None label if no

relation is identified. If multiple instances of a relation type are found, they are separated

by a [SEP] token. To avoid duplication, only relations extracted from their specific context

windows are considered valid predictions, even when there is overlap between intra- and

inter-sentence relations. The QA format identifies relations through multiple-choice questions,

following previous work [270]. For each possible event pair in a context window, a unique

input prompt is created that includes task instructions, the context window with labeled

event pairs, and the potential relations based on condensed annotation guidelines. There

are five possible Drug-Problem relations, one asymmetric Problem-Problem relation, and the

option to indicate no relation by ‘None of the above’. The complete RE prompts can be

found in the Appendix B.2.

4.1.3 Inter-Annotator Agreement (IAA) and IE Evaluation

We calculated IAA and evaluated the performance of our IE systems using precision, recall,

and F1. For events, we employed a relaxed evaluation similar to the N2C2 SDoH challenge

[191]. Two triggers are equivalent if they have the same event type and overlapping spans.

Two labeled arguments are equivalent if (1) their argument types match, (2) their subtype

labels match, and (3) they are attached to equivalent triggers1. Span-only arguments are

considered equivalent if (1) their argument types match, (2) their spans overlap, and (3) they

1For labeled arguments, the subtype label normalizes its corresponding span into a categorized value.
Therefore, we focus on the subtype label and do not additionally evaluate the argument span.
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are attached to equivalent triggers. For relations, equivalence is established if (1) the head

and tail triggers are equivalent and (2) the relation types match.

4.2 Results

4.2.1 CACER Annotation

CACER was annotated by three University of Washington (UW) medical students. To

familiarize themselves with the schema and refine the guidelines, annotators independently

annotated five notes per training session, across a total of six such sessions. Across the

annotation rounds, events were annotated first, followed by the annotation of relations between

events. IAA was calculated per round to monitor quality, and disagreements were discussed.

The training set was singly annotated, 78% of the validation set was doubly annotated, and

the test set was fully doubly annotated.

In the first two rounds, annotators demonstrated consistent annotation of triggers, enabling

the development of high-performing pre-annotation models. Previous research has shown that

using pre-annotation can speed up the gold standard development for clinical NER, while

maintaining similar IAA [175]. We trained a pre-annotation model on 29 notes from rounds

1-2 to assist annotators in focusing on more complex tasks and accelerate annotation. The

pre-annotation model was a multi-label variation of SpERT (mSpERT) [76, 190], built with

Bio+Clinical BERT [12]. We evaluated the pre-annotation model on four singly-annotated

notes containing 293 Problem and 174 Drug triggers, achieving 85.2 and 83.3 F1, respectively.

Starting in round 3, notes were pre-annotated with triggers and arguments, but without the

trigger-argument linkages. Annotators reviewed and corrected these pre-annotations, and

added the trigger-argument linkages in the process.

Table 4.1 presents the IAA for events with and without the use of pre-annotation. Pre-

annotation improved the overall IAA and the IAA for Problem triggers but did not impact

the IAA for Drug triggers or some Problem arguments. Annotators reported pre-annotation

was helpful as it saved time, which is consistent with the findings from previous research
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[175]. However, we observed a decline in IAA for the two less frequent Problem arguments,

Duration and Frequency. This decline is likely due to the limited training data (29 notes)

used to create the pre-annotation classifier and the linguistic variability in the expression of

these terms, such as ‘at night’ for Frequency. The pre-annotation classifier has a higher rate

of false negatives for these two arguments, resulting in some missed annotations and lower

IAA. To address these issues and improve IAA, we reviewed disagreements during feedback

discussions after each annotation round. Additionally, all test samples were doubly annotated

to ensure annotation consistency.

Table 4.2 presents the IAA for relations, focusing on intra-sentence relations, where

sentence boundaries are defined using SpaCy (en_core_web_sm) 2. Intra-sentence relations

account for 70.7% of relations. The micro-average relation IAA is 74.6 F1 for intra-sentence

relations and 69.6 F1 for all relations. Inter-sentence relations pose significant challenges due

to their implicit expression, making them more difficult to identify and define. To enhance

the RE IAA, we conducted a quality check on singly annotated notes using an RE model

to identify annotation inconsistencies. We trained the FLAN-T5 model using the GLM-QA

format with gold standard events, as described in the following Section, Relation Extraction,

on singly annotated notes from one annotator and then used to predict results for notes

annotated by another. A third annotator reviewed and corrected any discrepancies between

the model and human labels.

2https://spacy.io/
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4.2.2 Event Extraction (EE) Results

Event
Trigger

& Arg.

#

Labels

BERT-based LM GLM

SpERT PL-Marker Flan-T5
Llama 3

8B

GPT-4

(ICL)

Drug Trigger 3,534 94.0 93.9 91.4 95.0 82.9

Problem Trigger 6,555 93.1 93.1 90.9 93.2 68.2

Problem Assertion 6,555 89.3 89.6 86.4 89.8 62.7

Problem Change 418 72.0 71.5 75.2 73.0 35.0

Problem Severity 254 74.7 73.3 69.7 70.5 35.7

Problem Anatomy 2,877 81.7 83.0 67.4 79.9 57.0

Problem Characteristics 1,439 71.9 75.0 57.5 68.8 17.0

Problem Duration 298 72.9 72.7 67.5 69.6 22.4

Problem Frequency 79 64.6 62.2 65.3 65.6 45.1

Overall – 22,009 88.3 88.8 83.9 88.2 61.7

Table 4.3: Event extraction F1 performance. Except for GPT-4 (ICL), all approaches are

finetuned on the CACER train set. Bold numbers represent the highest numerical scores.

Underlined numbers denote the top-performing systems, indicating statistical significance

over non-underlined systems. There is no significant difference between any of the underlined

systems.

Table 4.3 presents the EE performance. BERT and Llama3 show no significant difference

in overall F1 scores but significantly outperform Flan-T5 and GPT-4 (ICL). The top three

models achieve performance close to IAA (without pre-annotation) for triggers, frequent

arguments, and overall performance. However, for less frequent arguments (Severity, Duration,

and Frequency), the best models underperform compared to IAA. For GLMs, EE performance

decreases in sentences with multiple events due to the generation of longer texts, increasing the
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likelihood of cascading errors from previously generated tokens. We noted that GPT-4 (ICL)

significantly underperforms other models in almost every category of trigger and argument

performance, except for the infrequent argument, Frequency. This underperformance is pri-

marily due to GPT-4 (ICL)’s occasional non-compliance with in-context annotation guideline

instructions. For instance, GPT-4 (ICL) tends to merge attributes such as Characteristics

and Anatomy into Problem triggers, resulting in the omission of meaningful arguments.

Error Analysis

Error

Types

Error

Subtypes

Language Models

SpERT PL-Marker Flan-T5 Llama 3 8B GPT-4 (ICL)

False

Negatives

Abnormal measures 12 3 2 4 0

Uppercases/Abbreviations 5 4 2 4 2

Headers 18 24 16 14 6

Long spans 6 6 4 0 0

Dense events 0 0 42 14 0

Others 24 28 42 32 78

False

Positives

Overlapping spans 25 0 0 0 0

Hallucinations 0 0 0 0 23

Others 32 25 26 18 101

Mis-classi-

fication

Arguments 4 2 2 2 12

Labels 6 4 4 2 10

Switched events and arguments 2 6 4 5 12

Overall - 134 102 144 95 244

Table 4.4: Types of EE errors in 5 sampled notes from the CACER test set. The 5 notes have

987 event triggers and arguments in total. The category, dense events, refers to the scenario

where locations of multiple events are in close proximity. The category, switched events and

arguments, refers to the scenario where an event trigger is classified as an argument, or vice

versa.
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We conducted an error analysis by randomly sampling 5 notes from the test set and manually

characterizing the associated EE errors. Table 4.4 presents a distribution of error types by

LM.

There are diverse sources of false negatives (FNs), including: (1) abnormal test results

(FN Problem events) such as ‘PSA started rising up to 9.2 ’; (2) words in all caps, to express

emphasis or represent abbreviations and acronyms such as ‘ATIVAN ’, ‘VALIUM ’, ‘SVI,

‘ECE ’ (casing issues may be mitigated with case-normalization in preprocessing); (3) Anatomy

arguments in section headers such as ’Genitourinary : no rash/erythema in groin area’; (4)

long Problem triggers, such as ‘activity is pretty much confined to walking to the bathroom

from the bed ’. (5) locations of multiple events in close proximity (dense events), which are

usually from a procedural checklist such as ‘he denied any significant symptoms including

headache, loss of consciousness, vision change, chest pain, ...’. There can be more than 15

such Problem events in a single sentence, and Flan-T5 and Llama 3 8B can fail to capture

the last few events.

As a frequent source of false positives (FPs), SpERT tends to classify multiple overlapping

spans. For example, in the phrase ‘red raised rash’, SpERT classifies three Characteristics

arguments, ‘red ’, ‘raised ’, and ‘red raised ’. These overlap errors could be reduced through

post-processing by merging the overlapping spans of the same type. GPT-4 tends to generate

hallucinations for labeled arguments, which are either nonsensical or not accurately reflective

of the source content provided [129]. For example, GPT-4 generates the Severity argument

label, severe, for the event ‘metastasis cancer ’, even though no descriptions of its severity

are involved. The other FPs are frequently associated with nuanced discrepancies to the

annotation task definition, and we find many common FPs among multiple LMs. For example,

the clinical measure, ‘PSA nadir ’ is misclassified as a Problem event; ‘happened last night’

is a single time point but misclassified as a Duration argument. Those types of FPs are

especially frequent for GPT-4.

The mis-classifications involve (1) incorrect argument types, for example, ‘pain 8/10 ’ is a

Severity argument but is predicted as Characteristics ; (2) incorrect subtype labels for labeled
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arguments, for example, the Assertion in ‘prescribed for future pain’ should be hypothetical

but is predicted as possible; (3) misclassification of event triggers as arguments or vice versa,

for example, ‘bony metastasis with concerning lesions’ should have two Problem events

(‘metastasis ’ and ‘lesions ’) but ‘lesions ’ labeled as a Characteristics argument.

4.2.3 Relation Extraction (RE) Results

CACER includes both intra- and inter-sentence relations. Table 4.5 presents the RE per-

formance: Table 4.5A includes all relations, and Table 4.5B includes only intra-sentence

relations. Both tables detail overall performance, assuming gold standard events and end-to-

end performance using predicted events. In the RE tasks, Llama with a QA format achieved

the highest F1 but was not significantly better than SpERT or PL-Marker. In Table 4.5A, the

QA prompting strategy surpassed the Marker approach, suggesting that the more constrained

QA format is a better approach for GLMs. Additionally, breaking down complex RE tasks

into individual entity-pair tasks achieves higher performance.

In Table 4.5B, GPT-4 (ICL) exhibited significantly poorer performance than all other

methods, with many false positives. A major source of false positives for Problem-Problem

relations is the listing of multiple Problems, such as symptoms, adverse events, and comor-

bidities, in close proximity within oncology notes, without contextual descriptors or medical

knowledge to indicate actual relationships. GPT-4 inference incurs higher computational and

financial costs, so we did not evaluate GPT-4 (ICL) further in other experiment settings.

For intra-sentence RE with gold standard events in Table 4.5B, except for GPT-4 (ICL),

all approaches achieved higher overall F1 than human IAA. However, when longer-distance,

inter-sentence relations are included (Table 4.5A), performance is similar to IAA. This under-

scores the challenges of long-distance RE, where co-reference and varied relation expressions

are involved. Such relations are also often indicated by section headers without explicit

descriptions.
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Table 4.5A, all relations

Relation
#

Labels

BERT-based LM GLM - marker format GLM - QA format

SpERT PL-Marker Flan-T5
Llama 3

8B

GPT-4

(ICL)
Flan-T5

Llama 3

8B

GPT-4

(ICL)

AdminFor 1,422 - 71.9 56.4 57.4 - 75.0 76.4 -

NotAdminBecause 54 - 52.9 42.4 35.0 - 57.4 57.4 -

Causes 321 - 75.7 51.9 57.3 - 78.4 78.7 -

Improves 133 - 56.4 43.2 43.8 - 63.5 54.3 -

Worsens 121 - 28.6 31.6 28.4 - 42.6 34.6 -

PIP 350 - 58.0 38.0 40.1 - 52.9 54.3 -

Overall 2,402 - 67.4 50.3 52.1 - 69.2 70.3 -

Overall

(predicted events)
2,402 61.8 62.0 48.6 51.6 - 62.2 65.3 -

Table 4.5B, intra-sentence relations

Relation
#

Labels

BERT-based LM GLM - marker format GLM - QA format

SpERT PL-Marker Flan-T5
Llama 3

8B

GPT-4

(ICL)
Flan-T5

Llama 3

8B

GPT-4

(ICL)

AdminFor 765 - 84.6 78.4 79.8 71.8 86.8 88.8 83.7

NotAdminBecause 44 - 55.8 57.1 50.7 35.4 61.9 62.5 36.4

Causes 274 - 80.8 71.0 75.5 63.1 83.5 84.4 74.4

Improves 65 - 73.8 65.6 62.1 45.9 72.5 68.4 56.7

Worsens 70 - 40.4 41.1 40.8 32.7 52.8 45.6 49.5

PIP 304 - 61.5 53.8 58.1 22.4 56.4 58.6 46.3

Overall 1,522 - 76.5 69.3 71.7 56.7 76.7 78.9 65.9

Overall

(predicted events)
1,522 70.2 70.6 64.8 69.4 - 67.9 73.1 -

Table 4.5: Relation extraction performance. Except for GPT-4 (ICL), all approaches are

finetuned on the CACER train set. Except for the two overall F1 with predicted events,

all RE F1 are based on gold events. Bold numbers represent the highest numerical scores.

Underlined numbers denote the top-performing systems, indicating statistical significance

over non-underlined systems. There was no significant difference among any of the underlined

systems.
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Error Analysis

Error

Types

Error

Subtypes

All Relations

(Predicted Events)

Intra-sent Relations

(Gold Events)

SpERT PL-Marker Flan-T5 llama 3 8B GPT-4 (ICL)

False

Negatives

FN events 6 4 23 11 -

Relations implicated by symbols 6 2 0 0 0

Dense events 10 5 4 9 8

Other Intra-sentence relations 2 14 2 0 1

Other Inter-sentence relations 15 12 9 5 -

False

Positives

FP events 4 2 8 3 -

Dense events 8 10 9 5 8

Other Intra-sentence relations 1 1 9 3 7

Other Inter-sentence relations 0 0 15 11 -

Mis-classi-

fication
- 4 7 8 5 7

Overall - 56 57 87 52 31

Table 4.6: Types of RE errors in 5 sampled notes from the test set. The 5 notes have 128

relations in total, and 87 of the 128 relations are intra-sentence. All GLMs’ predictions are

generated under the QA prompting format.

We conducted an error analysis for RE using the same 5 notes as in Table 4.6 by manually

characterizing the RE errors. We analyzed all RE errors for BERT-based LMs and GLMs

with the QA format. For GPT-4 (ICL), we only analyzed errors associated with intra-sentence

relations, as GPT-4 experimentation did not include inter-sentence relations. Table 4.6

presents a breakdown of RE error types. Cascading errors from EE, including FN and

FP event trigger predictions, result in RE errors. Another major error source is from

dense events with ambiguities and possibly hierarchical interactions. Consider the following

example, ‘Significant hypotension while hospitalized, consistent with sepsis. Persisted despite

antibiotics.’ PL-Marker captured the Worsen relation between ‘antibiotics ’ and ‘sepsis ’, but
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missed the Worsen relation between ‘antibiotics’ and ‘hypotension’ and the PIP relation

between ‘sepsis ’ and ‘hypotension.’

While BERT-based models generated more FNs, GLMs generated more FPs. The FNs for

BERT-based models usually come from (1) relations implicated by punctuations, such as the

sentence with a colon, ‘AKI : Cr peaked to ..., likely due to supratherapeutic cyclosporine’,

resulting in an FN associated with ‘cyclosporine’ Causes ‘AKI ’; (2) inter-sentence relations

where the multiple sentences discuss the same conditions, such as the sentences about the

metastasis, ‘pelvis revealed extensive bony metastasis ... Lupron was given’, resulting in

the FN relation, ‘Lupron’ AdminFor ‘metastasis ’. FPs for GLMs are usually from (1) over-

predicting relations when multiple events occur in close proximity, like a list of events; and

(2) inter-sentence relations with the same trigger names, for example, ‘... mild rash and

groin pain developing; monitor ... prescribed Oxycodone prn for pain’, where the model must

disambiguate which reference to ‘pain’ is associated with the ‘Oxycodone’ prescription.

The misclassifications stem from Drug-Problem relations, where models often confuse

Causes with NotAdminBecause. While the former indicates that the Problem event is an

adverse effect of the Drug, the latter does not. Sentences with ambiguities, such as ’Drug A

was discontinued because of Problem B ’, require medical knowledge to distinguish between

these two relations.

4.3 Discussion

4.3.1 Drug Annotation Schema

Previous studies on fine-grained drug annotations in clinical narratives, such as those re-

ported in i2b2 2009 [300], n2c2 2018 [114], and MADE 1.0 [126], have explored the detailed

characterization of Drug events through attributes including dosage, route, and frequency.

However, these attributes are not directly transferable to cancer treatment protocols, where

drugs are typically administered as part of a regimen. For example, the R-CHOP regimen

— a commonly used treatment for non-Hodgkin lymphoma (NHL) — combines multiple
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drugs (Rituximab, Cyclophosphamide, Doxorubicin Hydrochloride, Vincristine Sulfate, and

Prednisone) each with specified dosages, routes, and frequencies that are synergistically de-

signed to maximize therapeutic efficacy. Such regimens reflect a complex matrix of attributes

that differ significantly from the singular drug attributes documented in traditional drug

annotation tasks, thereby rendering these methods less applicable to oncology. Our approach

of annotating Drug event triggers as specific regimens can potentially be integrated with

a hierarchical pharmacological knowledge base [199]. These knowledge bases are designed

to characterize component medications and therapeutic contexts, among other elements,

providing a structured framework for understanding and organizing complex oncology [199].

4.3.2 Comparison Across Models

In EE and RE, comparing BERT models (SpERT and PL-Marker) and the top-performing

GLM (Llama3) reveals no significant differences in overall end-to-end performance. In RE with

gold standard triggers, Llama3-QA achieves the highest numerical performance. EE involves

identifying specific textual spans and their relationships, while relation prediction focuses

on reasoning about pre-identified events, relying on comprehensive language understanding.

Although Llama3 performs similarly to BERT models in trigger identification, it excels in

understanding relationships between triggers. However, Llama3-QA requires a separate query

for each potential relation, unlike BERT models that extract all relationships in a sentence in

one step. This higher performance of Llama3 comes at an increased computational cost.

It is important to consider the extraction task requirements to balance performance

benefits and computational costs. LLMs excel in tasks demanding medical knowledge and

advanced reasoning and have achieved high performance in complex tasks, like medical

exams [270], common-sense reasoning [159], and dialogue summarization [343]. However, for

tasks that require lower levels of abstraction, like identifying Drug triggers, the enhanced

capabilities of LLMs may be unnecessary, as smaller models like BERT and T5 can achieve

comparable high performance. Future research could investigate the minimal scale of language

models required to match human performance, especially for tasks that do not require high
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levels of abstraction. This would enable more computationally efficient models to achieve

significant performance gains without the exponential increase in computational demands.

4.3.3 Considerations for Clinical Deployment

Our experiments show that fine-grained Problem and Drug information can be extracted with

similar performance to human annotators. Deploying such IE systems can enable large-scale,

real-time information usage in EHR-embedded clinical decision support applications and

generate real-world evidence for learning health systems. This may lead to more effective,

safe, and efficient care and a broader evidence base for decision-making at various levels in

healthcare systems.

Although the best-performing RE models achieve performance comparable to IAA, the

overall IAA of 69.6 F1 indicates the inherent annotation challenges of this task. To address

false positives, it may be possible to incorporate confidence scores when annotating and

predicting relations. For example, BERT models and open-source GLMs can directly generate

such scores as SoftMax probabilities; GLMs can also implement a second verification step

to reduce false positives [95]. False negatives are difficult to detect and may lead to severe

consequences if adverse drug events are missed. An ensemble approach using multiple models

may help capture more relations, but the effectiveness of this strategy depends on model

quality and does not guarantee improved performance [52].

To facilitate large-scale deployment, the extracted Problem and Drug event triggers could

be normalized to standardized medical lexicons like the International Classification of Diseases

(ICD-10) [228, 130, 274]. This normalization would enhance the integration of our IE systems

into existing systems.

4.4 Conclusion

This study presents the Clinical Concept Annotations for Cancer Events and Relations

(CACER), a novel corpus that provides detailed annotations of medical problems, drugs,

and their relationships from clinical narratives of oncology notes. Our baseline experiments
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with state-of-the-art transformer-based models achieved performance levels comparable to

annotator agreement. Error analysis revealed several challenges facing current high-performing

models: (1) enhancing the ability to generalize to unseen events for EE and (2) deciphering

the complex context and medical knowledge required for RE. Future work will focus on (1)

aggregating decisions from both fine-tuned and ICL LMs to balance precision and recall, (2)

exploring parameter-efficient fine-tuning (PEFT) of LLMs using techniques such as Low-Rank

Adaptation (LoRA) [120], and (3) integrating domain-specific knowledge into RE techniques

and improving model capacity to accurately identify relationships across longer textual

distances.
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Chapter 5

BIOMISTRAL-NLU: GENERALIZED SYSTEM FOR MEDICAL
NATURAL LANGUAGE UNDERSTANDING (NLU)

Driven by these motivations outlined in Section 2.2, in this chapter, we will (1) propose

a unified NLU framework for NLU tasks in GLMs, (2) instruction-tune BioMistral-7B for

medical NLU tasks using the proposed framework, and (3) evaluate our instruction-tuned

system and demonstrate its superior overall zero-shot NLU performance on two standardized

medical NLU benchmarks, outperforming larger, SOTA foundation models.

5.1 Method

5.1.1 A Unified NLU Framework

Task Formulation

We approach the NLU problem by reframing it as a text generation task. Based on NLU

task definitions from the BLURB benchmark [102], we categorize the most common NLU

tasks into two main output formats: span extraction and QA format. Free-text Format

is deployed when some model outputs involve free-text spans extracted from the original

input. This format can include label types, text spans, and subtype labels. It is a superset of

the event extraction formats used in the two datasets from Chapter 3 and 4. QA Format

is deployed when all model outputs are constrained to specific label types. This format is

widely adopted [194], which has also demonstrated good performance in cancer RE, as shown

in Section 4.2 with the CACER dataset.

Using the main output formats, we formulate seven important clinical NLU tasks under

a unified NLU format. This format makes it easier to evaluate different NLU tasks and

could help transfer knowledge when the system is fine-tuned for a broader set of tasks. Six
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of these tasks are based on the BLUE and BLURB benchmarks and include named entity

recognition (NER), document classification (DC), relation extraction (RE), multiple-choice

question answering (QA), natural language inference (NLI), and semantic text similarity

(STS). Additionally, we’ve added event extraction (EE), which is widely studied in the medical

field [85]. In EE, an event consists of a trigger and several arguments that describe the

event. The extraction of event triggers (ETE) and arguments (EAE) is similar to NER, while

classifying event arguments (EAC) into subtypes is like sequence classification.

Unified NLU Format

These seven medical NLU tasks can be grouped into three main categories: (1) token

classification, (2) sequence classification, and (3) sequence regression. Figure 5.1 demonstrates

example input-output text pairs for each NLU task.

Figure 5.1: Examples of input-output formats for each medical NLU task within our proposed

unified framework.
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NER, ETE, and EAE are token classification tasks, where each token in the input

sequence is assigned a specific class label1. In token classification, the input consists of a

user instruction along with pre-defined token labels, and the target text. The output is

organized such that each line contains the class label and the corresponding tokens identified

as belonging to that class, listed in the order they appear in the target tokens. Continuous

tokens belonging to the same class are grouped into text spans (i.e., entities), separated by

ellipses (“...”). For instance, an entity might be labeled as “Disease: fever...headache”. If no

tokens are identified as entities, the output will be “None”.

EAC, DC, RE, QA, and NLI are sequence classification tasks, where a class label is

assigned to the entire input token sequence (see Table 5.3). In sequence classification, the user

instruction provides a set of predefined class labels, typically formatted as multiple-choice

options, which is common in instruction tuning [54]. For example, “(B) fevers happen with

headache”. The model’s output is one or more of these multiple-choice options. In DC, the

input text is the medical document. In RE, it is the text snippet with labeled named entities.

For NLI, the input consists of a premise-hypothesis pair. In QA, the user instruction presents

a task-related question, and the input is the relevant medical text.

STS is a sequence regression task, where a numeric score is assigned to the entire

input, representing the semantic text similarity between two input sentences. Our user

instructions for STS include multi-choice options that reflect the scoring criteria from the

original publication. For example, “(A) The two sentences are on different topics (score 0)."

MNLU-Instruct Dataset

To build the instruction tuning dataset MNLU-Instruct, we focus on seven key medical NLU

tasks and utilize clinical and biomedical NLU datasets from publicly available resources. The

MNLU-Instruct does not overlap with any datasets from our evaluation benchmarks, BLUE

and BLURB. In order to evaluate the generalizability of our proposed system, we deliberately

1Tasks like NER are often referred to as sequence labeling tasks in NLP literature [112]. However, in this
work, we adopt the term “token classification tasks” for consistency with the BLURB framework [102].
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exclude any QA datasets from MNLU-Instruct, reserving medical QA as novel evaluation

tasks. Beyond NLU tasks, we additionally include three medical summarization tasks, to

enhance the system’s text summarization and comprehension abilities. Due to the scarcity

of public medical datasets for NLI and STS, we also incorporate general-domain datasets,

including SNLI [39], Multi-NLI [325], and SIS-B [309]. The final MNLU-Instruct dataset is

derived from 33 publicly accessible datasets, as detailed in Table 5.1.

Task Datasets used for instruction-tuning

NER

i2b2 2006DeID [298], i2b2 2011Coreference [302], i2b2 2012Temporal [283], i2b2 2014 DeID [281],

GENIA [346], linnaeus [154], tmVar [321], DrugProt [208], BioRed [185], GNorm [211],

NLM-Gene [124], ClinicalIE [7], BC4CHEMD [155], PubMed PICO [135], PICO-Data [216]

EE i2b2 2009Medication [300], i2b2 2018ADE [114], n2c2 2022SDoH [191]

DC
i2b2 2006Smoking [299], i2b2 2008Obesity [297], TrialStop [247],

n2c2 2018 [282], 2024 SemEval Task 2 [140], MTSamples [3]

RE
i2b2 2011Coreference [302], i2b2 2012Temporal [283], BioRed [185], EUADR [303],

DrugProt [208]

NLI BioNLI [28], SNLI [39], Multi-NLI [325]

STS SIS-B [309]

Summ PubMedSum [57], CDSR [105], AciDemo [343]

Table 5.1: The MNLU-Instruct dataset, which is used for fine-tuning: NLU and summarization

datasets and tasks curated from existing open-source medical corpora.

The input-output pairs for NLU tasks in MNLU-Instruct are constructed using a task-

agnostic prompting approach, as illustrated in Figure 5.1. This method directly adapts

predefined labels from the original datasets, expanding shortened labels (e.g., from ‘GENERIF’

to ‘Gene reference into a function’). To enhance the diversity of the dataset, we randomize

the order of task labels for each input-output pair. This includes shuffling token labels in

token classification tasks and multi-choice options in sequence classification and regression

tasks. When training splits are missing or when datasets contain only a few examples, we

use the entire dataset for training. A complete list of dataset labels, prompts, and statistics



55

is available in our project GitHub repository2.

5.1.2 System Development and Experiment Setup

In this section, we will introduce our instruction-tuning setup, evaluation datasets, evaluation

metrics, and comparative systems.

System Development: Instruction-tuning

We hypothesize that instruction-tuning on a diverse yet relevant set of tasks can improve

the generalizability of LLMs for medical NLU tasks. To test this hypothesis, we fine-tune a

high-performing medical LLM on MNLU-Instruct and evaluate its performance in a zero-shot

setting. Figure 5.2 demonstrates our instruction-tuning and zero-shot evaluation pipeline.

Figure 5.2: Proposed system development, evaluation, and deployment pipeline for our

foundation NLU model.

2https://github.com/uw-bionlp/BioMistral-NLU

https://github.com/uw-bionlp/BioMistral-NLU
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We select BioMistral-7B-DARE as our baseline system, which was the state-of-the-art open-

source LLM for multiple medical QA tasks at the time of our experiment3 [159]. For simplicity,

we refer to BioMistral-7B-DARE as BioMistral throughout this work. BioMistral-7B is adapted

from Mistral-7B-Instruct-v0.1 [131] by pre-training on PubMed articles. BioMistral-7B-DARE

is created by merging the model weights of BioMistral-7B with the original Mistral-7B-Instruct-

v0.1 using the Drop And REscale (DARE) technique [348]. DARE enables domain adaptation

while preserving the model’s instruction-tuned capabilities.

We fine-tune BioMistral using all model parameters on MNLU-Instruct, resulting in

BioMistral-NLU-FT. However, fine-tuning LLMs on specialized domains can risk degrading

their generalization ability for broader tasks [9]. To mitigate this, and to preserve the

versatility of the original BioMistral, we apply the technique of Drop And REscale (DARE)

[347] as recommended by Labrak et al. [159]. DARE merges LMs fine-tuned from the same

base model by randomly dropping most delta parameters (i.e., differences from the base

model) and rescaling the rest, enabling the creation of a combined model without additional

training. Using this approach, we construct our final system, BioMistral-NLU, by merging

the parameters of BioMistral-NLU-FT with those of BioMistral.

The experiment is conducted using the alignment-handbook4 package. Based on the

engineering guidelines from the alignment-handbook GitHub discussion, we set the number of

epochs to 3, the batch size to 16, and the learning rate to 2e-04 with a warm-up ratio of 0.1,

using 4 A100 GPUs. The other hyperparameters follow the default configuration specified by

the alignment-handbook. For inference, we use the vllm package5 and set the temperature to

0. The entire fine-tuning process for BioMistral-NLU takes less than one day.

3https://huggingface.co/BioMistral/BioMistral-7B-DARE

4https://github.com/huggingface/alignment-handbook

5https://github.com/vllm-project/vllm

https://huggingface.co/BioMistral/BioMistral-7B-DARE
https://github.com/huggingface/alignment-handbook
https://github.com/vllm-project/vllm
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Evaluation Datasets and Metrics

We evaluate BioMistral-NLU in a zero-shot setting using the BLURB and BLUE benchmarks.

Due to the sensitivity of clinical note-based corpora, we exclude two inaccessible datasets

from BLUE, namely ShARe/CLEF [284] and MedSTS [319]. Some datasets appear in both

benchmarks, leading to a total of 7 tasks and 15 unique datasets being evaluated.

The evaluation datasets are developed using the unified prompt format outlined in Figure

5.1. The entity types and multi-choice options for these datasets are provided in Tables 5.2

and 5.3.

Dataset Named entities

BC2GM Gene

BC5-chemical Chemical

BC5-disease Disease

NCBI-disease Disease

JNLPBA Protein, Cell type, RNA, Cell line, DNA

EBM PICO Interventions, Participants, Outcomes

Table 5.2: NER datasets used in the evaluation.

For consistency with prior studies, we adopt the same evaluation criteria used in BLUE

[236] and BLURB [102]. Token classification tasks are assessed using F1 scores at the entity

level, except for the PICO dataset, which is evaluated at the token level. For sequence

classification tasks, accuracy is used when class labels are balanced (e.g., in NLI and QA

tasks). In cases where class labels are imbalanced (e.g., in RE), F1 scores are used. For the

sequence regression task (STS), system outputs are converted into numerical integer scores

and evaluated using Pearson correlation.
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Task Dataset Multi-choice options

DC HoC 10 cancer hallmarks

QA
PubMedQA yes / maybe / no

BioASQ yes / no

RE

GAD 2 gene-disease relations

DDI 4 drug-drug interactions

ChemProt 5 chemical-protein relations

i2b2-2010 8 medical problem relations

NLI MedNLI entails / neutral / contradicts

STS BioSSES 5 similarity score definitions

Table 5.3: Sequence classification and regression datasets used in the evaluation.

Comparative Systems

We compare our proposed system, BioMistral-NLU, with our baseline, the original BioMistral-

7B-DARE, as well as other high-performing systems.

Proprietary LLMs: We compare against ChatGPT [2] and GPT-4 [5]. We reference

prior research that evaluates these proprietary LLMs on the BLURB benchmark [49, 81]6.

ChatGPT’s performance is reported under one-shot in-context learning (ICL), while GPT-4’s

performance is based on randomly selected 3-shot examples for Named Entity Recognition

(NER) tasks and zero-shot for other tasks. Furthermore, the prompts for these models are

strategically optimized for each dataset, making these systems highly competitive. Given

that Feng et al. (2024) [81] demonstrated GPT-4’s superiority over FLAN-T5-XXL [54],

PMC-LLaMA-13B [326], and Zephyr-7B-Beta [295], we exclude these systems from further

evaluation.

Open-source LLMs: We also compare with the original BioMistral-7B-DARE and

6GPT-4 version: gpt-4-0613. ChatGPT version: GPT-3.5, though the exact version was not specified in
the original publication.

https://platform.openai.com/docs/models/gpt-4-turbo-and-gpt-4
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LLaMA-3.1-8B-Instruct7 [20]. In our controlled experiments, we evaluate these open-source

LLMs using our proposed unified prompting format, as explained in Section 5.1.1.

The evaluation of those LLMs is conducted in a zero-shot setting, except for NER datasets.

Since the instruction-tuning phase for these foundation LLMs includes QA tasks, our baseline

systems successfully generate outputs containing the original multi-choice options from

sequence classification and regression tasks in a zero-shot setting. However, our desired token

classification output format is less common during the instruction-tuning phase of these

open-source models. To address this, we provide other baseline LLMs with an explanation of

the output format along with two in-context examples. These 2-shot examples are randomly

selected from the training split of each dataset, and we ensure that the outputs from these

examples are distinct to prevent any bias toward a specific answer. More details about the

prompts and few-shot sample selection can be found in the example prompts can be found in

our project GitHub8.

Task- and Dataset-Specific Fine-Tuned LM: BERT-FT. To better understand

the performance gap between generalized foundation LLMs and domain-specific fine-tuned

systems, we refer to the reported results of BERT-based models from the BLUE [236] and

BLURB [102] benchmarks. For each dataset, the BERT-FT model is fine-tuned specifically

on its respective training split.

5.2 Result

Following the practice in BLURB [102], we average system performance across datasets for an

overview. As shown in Table 5.4, BioMistral-NLU outperforms the baseline BioMistral with

an increase in the macro average score of 19.7 for BLURB and 16.7 for BLUE. Meanwhile,

BioMistral-NLU outperforms the proprietary models, achieving an increase in the macro

average score of 9.0 over ChatGPT, and 2.7 over GPT-4 for BLURB.

Our results demonstrate that instruction-tuning on diverse medical NLU tasks using our

7https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct

8https://github.com/uw-bionlp/BioMistral-NLU

https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://github.com/uw-bionlp/BioMistral-NLU
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unified format effectively improves the LLMs’ generalizability to unseen NLU datasets. In

this section, we will analyze the results and characterize the gaps between the systems.

5.2.1 Comparison Across Systems

When comparing BioMistral-NLU with the baseline BioMistral, we observe an average

performance improvement of 33.7 in F1 scores for NER tasks and 8.2 for other tasks. This

difference can likely be attributed to the instruction-tuning phase of BioMistral. While

the NER task may have been less frequent during BioMistral’s instruction-tuning, tasks

such as QA, which use a similar prompting strategy, may overlap with some of BioMistral’s

instruction-tuning tasks. Therefore, instruction-tuning on a broader spectrum of NLU tasks

could enhance the generalizability of LLMs across domains.

For comparison with proprietary LLMs in the BLURB benchmark, BioMistral-NLU

outperforms GPT-4 by an average F1 score of 9.7 on NER tasks. However, for other BLURB

tasks, BioMistral-NLU’s performance is 2.0 higher than ChatGPT and 5.4 lower than GPT-4.

This performance discrepancy is expected due to GPT-4’s significantly larger parameter size

and its exposure to a more diverse instruction-tuning corpus, which enhances its ability to

generalize for complex tasks involving advanced reasoning, in line with empirical findings on

model scaling [145, 54].

When comparing BioMistral-NLU to dataset-specific fine-tuned systems such as BERT-FT,

we find a performance gap of 20.3 points in BLURB and 26.3 points in BLUE. This difference

likely stems from the inherent ambiguity in medical NLU tasks, where even human annotators

can disagree on interpretations, leading to discrepancies in task outcomes [333, 222]. BERT-

FT systems leverage extensive domain-specific training data, which reduces such ambiguity.

In contrast, BioMistral-NLU, which relies on generalized task definitions from input prompts,

faces challenges in addressing these ambiguities effectively, making it difficult for it to match

the performance of fine-tuned systems.
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Task
Evaluation

Metric
Dataset

# test

ins-

tances

In-domain Generalized LLMs with zero- or few-shot ICL

BERT-FT
[236] [102]

Chat
-GPT

[49]

GPT-4
[81]

Llama

-3-8B

BioMistral

Baseline Ours

NER

Entity-

level F1

BC2GM† 6,322 84.5 37.5 54.6 12.6 34.1 61.5

BC5-chemical†∗ 5,385 93.3 60.3 78.2 52.5 45.0 89.9

BC5-disease†∗ 4,424 85.6 51.8 63.9 38.7 33.7 67.0

NCBI-disease† 955 89.1 50.5 66.0 33.5 39.9 61.8

JNLPBA† 8,657 79.1 41.3 45.4 33.3 25.6 64.4

Token-

level F1
EBM PICO† 24,474 73.4 55.6 33.5 20.2 19.6 55.3

DC F1 HoC†∗ 315 81.5 51.2 62.5 23.1 47.3 63.8

QA Acc
PubMedQA† 500 60.2 76.5 70.6 71.0 72.0 70.2

BioASQ† 263 94.8 88.6 85.7 78.7 74.9 86.7

RE F1

GAD† 534 84.0 52.4 51.5 55.6 55.0 58.5

DDI†∗ 5,761 82.4 51.6 37.7 13.2 10.0 13.0

ChemProt†∗ 14,744 77.2 34.2 37.6 35.2 28.6 38.1

i2b2-2010∗ 6,292 76.4 - - 38.9 30.9 41.8

NLI Acc MedNLI∗ 1,422 73.5 - - 49.1 49.3 57.5

STS
Pearson

Corr
BioSSES†∗ 20 92.3 42.8 89.3 67.9 69.1 80.8

Overall
Macro

average

BLURB† - 82.9 53.4 59.7 41.2 42.7 62.4

BLUE∗ - 82.8 - - 39.8 39.2 56.5

Table 5.4: Our proposed system, BioMistral-NLU’s zero-shot performance on 15 unseen

medical NLU datasets from 2 benchmarks: BLURB (labeled by †) and BLUE (labeled by ∗).

Bold indicates superior performance over the BioMistra-7B and Llama-3-8B, which utilize the

same, dataset-agnostic prompts as BioMistral-NLU. Underline indicates better performance

over the ChatGPT and GPT-4 ICL, which utilize dataset-specific prompts.

5.2.2 Error Analysis

For the NER tasks, a notable challenge for BioMistral-NLU is accurately identifying the

boundaries of named entities. For example, in the BC2GM gene NER dataset, the model

predicted “Id - 1” as a named entity, while the gold-standard annotation was “mouse Id - 1”.
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To assess the impact of such discrepancies, we used a relaxed evaluation criterion, where

named entities are considered equivalent if their spans overlap. Under this relaxed criterion,

BioMistral-NLU shows an average F1 improvement of 15.5 across the five NER datasets.

Despite its instruction-tuning benefits, BioMistral-NLU experienced a drop in performance

on the PubMedQA dataset compared to its baseline, BioMistral. This decline highlights the

potential drawbacks of fine-tuning on specialized datasets, which can lead to the model’s

degradation in broader tasks. While the MNLU-Instruct dataset includes document sum-

marization tasks, it does not directly transfer to the question-answering tasks, leading to a

performance dip.

In RE tasks, BioMistral-NLU shows recall rates significantly higher than its precision

(by 10 to 70 points), suggesting a tendency to identify a higher number of false positives.

This issue arises primarily when the model predicts relations between entities that do not

fit any of the predefined relation categories. Instead of recognizing “no relation,” the model

erroneously assigns a wrong relation label.

In the sequence regression tasks, such as BioSSES, BioMistral-NLU tends to predict

intermediate similarity scores (e.g., 2 or 3) more frequently than extreme values (0, 1, 4, or

5). This pattern indicates a tendency to under-represent extreme values, which could be a

consequence of the model’s generalization on less specific input prompts.

5.3 Discussion

We have demonstrated that instruction-tuning on diverse medical NLU tasks can enhance

LLMs’ downstream generalization to unseen medical NLU datasets in a zero-shot setting. In

this section, we will evaluate the impact of instruction dataset composition, focusing on two

components: instruction-tuning tasks and domains.

5.3.1 Impact of Instruction-tuning Tasks

We aim to assess the impact of instruction-tuning task selection from two perspectives: (1) its

relevance to downstream tasks and (2) its task diversity. Focusing on these two perspectives,
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we fine-tune the baseline system, BioMistral, with different subsets of tasks used to build

BioMistral-NLU. We evaluate the fine-tuned system on the 4 RE datasets from Table 5.4 in

a zero-shot setting, and compare the macro-average F1 scores across the 4 RE datasets.

To study the impact of task relevance, we first construct two instruction-tuning setups:

(1) with the RE task (w/ RE) and (2) with the DC task (w/o RE). We chose the DC

task because DC employs a similar QA prompting format to RE and it contains 6 diverse

datasets from Table 5.1. To study the impact of task diversity, besides DC and RE, we

additionally include 2 and 4 more randomly selected tasks from Table 5.1. More specifically,

our experiment settings are:

1. w/ RE:

(a) 1 task: RE

(b) 3 tasks: RE, NLI, NER

(c) 5 tasks: RE, NLI, NER, EE, STS

2. w/o RE:

(a) 1 task: DC

(b) 3 tasks: DC, NLI, NER

(c) 5 tasks: DC, NLI, NER, EE, STS

All fine-tuning experiments are controlled by using a fixed number of 50,000 data instances

and running for three epochs. We maintain an equal number of instances for each task (i.e.,

50,000/k instances per task when fine-tuning with k tasks), and randomly sample fine-tuning

instances from all datasets within the same task.

After BioMistral is fine-tuned with the same number of instances, we observe the following

from Figure 5.3: (1) Overall, setting 1 (with RE) consistently outperforms setting 2 (without

RE), due to its relevance to the RE datasets used in downstream evaluation; (2) In both

settings, system performance increases with the number of fine-tuning tasks, demonstrating

the benefits of fine-tuning with multiple tasks; (3) When fine-tuning on a single task, whether

fine-tuning improves system performance on downstream tasks depends on the similarity

between fine-tuning task and the downstream task.
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Figure 5.3: Average zero-shot performance on the 4 RE datasets, after instruction-tuning on

50k instances.

5.3.2 Impact of Instruction-tuning Domain

After demonstrating the benefits of diverse instruction-tuning tasks, we now examine individual

tasks. Note that the BLUE benchmark includes both biomedical and clinical datasets:

biomedical data comes from scientific publications, while clinical data consists of semi-

structured clinical notes from patients [329]. In this section, we assess how domain selection

affects downstream generalizability.

We follow a similar experimental setup as described in Section 5.3.1, fine-tuning BioMistral

for three epochs over 25,000 data instances. The fine-tuned system is evaluated on six

biomedical NER datasets from Table 5.2 in a zero-shot setting, using macro average F1 scores.

The instruction-tuning NER datasets from MNLU-Instruct 9 are divided into biomedical and

clinical splits. Our experiments include fine-tuning on a single split (BioMed / Clinical)

and both splits (Both). We additionally combine single splits or include additional instances,

creating a similar experiment setting with 50k instances. We use the 2-shot BioMistral

described in Section 5.1.2 as the baseline system.

From Figure 5.4, we observe the following: (1) Instruction-tuning on the BioMed domain

alone consistently outperforms tuning on the Clinical domain alone when using the same

9We also include event triggers as named entities.
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Figure 5.4: Average zero-shot performance on 6 biomedical NER datasets, when finetuned on

different domains.

number of instances. (2) Compared to the baseline, instruction-tuning on the Clinical domain

negatively impacts downstream performance on the BioMed domain. (3) Combining instances

from both domains improves downstream generalizability to the BioMed domain, even with

the same total number of instances. (4) Increasing the number of instances from the BioMed

or Both domains improves performance, whereas more instances from the Clinical domain

alone decrease performance.

5.4 Conclusion

In this chapter, we introduce a unified prompting format for 7 important medical NLU tasks,

and develop an instruction-tuning dataset based on publicly available clinical and biomedical

corpora. Our experiment demonstrates that fine-tuning across diverse medical NLU datasets

improves the system’s generalizability in a zero-shot setting with dataset-agnostic prompt

tuning. Our ablation study underscores the necessity for instruction tuning across diverse

medical NLU tasks, including domain-specific lexicon and common biomedical tasks.

Our future work will focus on further improving the generalized LLM’s zero-shot perfor-

mance on medical NLU tasks and narrowing its gap to in-domain fine-tuned systems. Because

LLMs often struggle to adhere to in-context annotation guidelines [358], our future work

will focus on integrating nuanced task descriptions from annotation guidelines into both the

fine-tuning and inference stages [258]. Future work could also involve a self-verification step
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[95] or using a knowledge base as augmentation [166] to reduce false positives in the sequence

classification tasks.
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Chapter 6

DETECTING DATA CONTAMINATION IN MEDICAL
BENCHMARKS

Motivated by the gaps highlighted in Section 2.4, we make the following contributions

related to data contamination detection:

1. Conduct a systematic review of 50 papers related to data contamination detection in

LMs.

2. Present formal, mathematical definitions for different types and levels of data contami-

nation.

3. Categorize and analyze the key assumptions and requirements underlying existing

detection approaches, evaluating whether these assumptions are validated in current

literature.

4. Use real-world case studies to show that several unverified assumptions fail under

practical scenarios.

6.1 Literature Evaluation

6.1.1 Paper Collection

To systematically investigate approaches for data contamination detection, we implement

a three-step literature review process with 3 sources of papers: (1) four key survey papers

[336, 123, 121, 63] and papers from the 1st Workshop on Data Contamination at ACL 20241;

(2) relevant papers cited by the papers from Source (1); and (3) relevant papers cited by the

papers from Source (2).

From the above three sources, we collect 50 relevant papers on data contamination.

1https://conda-workshop.GitHub.io/.

https://conda-workshop.GitHub.io/
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We additionally filter these papers according to the inclusion criterion: the paper must

propose and/or evaluate detection approaches for data contamination in text datasets and

LMs. Furthermore, eight studies solely discussing risks and mitigation strategies for data

contamination do not meet the inclusion criteria and are excluded.

Consequently, our review includes a total of 50 papers. Among them, we systematically

summarize those detection approaches and present formal mathematical representations for

their underlying requirements and assumptions. We then evaluate whether these underlying

assumptions are true under different scenarios, as described below.

Data contamination can occur at the instance or dataset level, and the detection approaches

for them can be different. To facilitate the discussion, we would like to first provide formal

mathematical definitions of data contamination at these levels, based on the descriptive

definitions from previous research [336, 25, 123].

6.1.2 Instance-Level Contamination

In this study, we focus on text datasets and define a language instance x as a sequence of

word tokens. Originally, direct instance-level contamination is defined as the presence of

an instance x within an LM M ’s training set, DM , i.e. x ∈ DM [336]. However, LMs often

do not publish their exact training corpus, but instead refer to multiple datasets, as subsets

of DM [362]. These datasets typically undergo various pre-processing steps, such as de-

duplication, filtering, masking, and removing noise. Consequently, LMs are trained on slightly

different versions of the same dataset [230]. Meanwhile, there is also indirect instance-level

contamination from greater variations of the dataset, such as machine paraphrasing [339].

To account for such minor differences and indirect contamination, in our Definition D1

below, we introduce a Binary Indicator Function for Instance-Level Contamination,

b(x, x′), which returns True (1) if two instances are considered to be the same and False

(0) otherwise. Researchers can determine what instances are considered to be the same by

defining b(x, x′) accordingly.
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Detection

Approach

Require-

ments (ID)

Assump-

tions (ID)
Detection Rearch

Critiques on

Those Approaches

Instance

Similarity

(9 papers)

Disclose (R1)

& Release (R2)
None

[71], [78], [171], [250],

[64], [339], [238], [165],

[200]

Prob.

Analysis

(16 papers)

None
Absolute

Prob. (A1)

[273], [266], [205], [198],

[276], [323], [170]

[198], [62], [74], [42],

[206]

Perturbed

Instance (R3)

Ref.

Prob. (A2)
[201], [198], [227] [74], [198], [206]

Ref.

LM (R4)

Ref.

Prob. (A3)

[45], [198], [209], [353]

[204]

[198, 62, 74, 42],

[206]

Other Other [127], [357]

Instance

Gen.

&

Instance

Select.

(20 papers)

None
Verbatim

Mem. (A4)

[46], [142], [195], [75]*,

[292], [263], [100]*

Key

Info.

(R5)

Key

Info.

Gen. (A5)

[64], [244], [48], [231],

[45], [44], [176], [100]

None
Gen.

Variation (A6)
[73]

Metadata

(R6)

Metadata

Mem. (A7)
[257]* [146]* [62]

Answer

Mem.

(5 papers)

Instance

Perturb. (R7)

Answer

Change (A8)

[176]*, [207]*, [345]*, [369]*,

[246]*

Table 6.1: Existing detection approaches for direct data contamination, their requirements and

assumptions, and critiques they received. Some papers cover multiple detection approaches

with different assumptions. Most detection methods apply to both instance- and dataset-level

contamination, while * denotes those limited to dataset-level contamination. In this study,

we show that the underlined assumptions may not be often satisfied.
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Definition D1. Instance-Level contamination: Let DM be the training data of an LM

M . The binary function f(M,x) is defined as follows:

f(M,x) =

 1 if ∃x′ ∈ DM , b(x, x′) = 1

0 if ∀x′ ∈ DM , b(x, x′) = 0
(6.1)

We define an instance x to be seen by M , or M is contaminated by x, iff f(M,x) = 1.

Conversely, we define an instance x as clean or unseen by M iff f(M,x) = 0.

The detection of instance-level contamination is commonly referred to as membership

inference attack (MIA). The goal of MIA is to determine the probability of an instance

being used to train an LM, namely, f̂(M,x) [121].

6.1.3 Dataset-Level Contamination

Prior research implicitly refers to dataset-level contamination at two degrees: partial dataset

contamination and full dataset contamination.

Definition D 2. Full Dataset Contamination: A dataset D is fully contaminated

(fully seen) by an LM, if every instance within this dataset is contaminated. Namely,

∀x ∈ D, f(M,x) = 1.

When creating benchmarks for detecting data contamination, previous work typically

generates the fully contaminated split. For example, [198] created contaminated and clean

datasets, respectively from the training and validation splits of the LM’s pretraining corpus.

Shi et al. [266] focused on LMs which disclosed that they used Wikipedia event data for

training, and created the contaminated dataset from the Wikipedia event data which were

published before the LMs’ release.

Definition D3. Partial Dataset Contamination: A dataset D is partially contaminated

(paritially seen) by an LM M , if at least one instance within D is seen. Namely, ∃x ∈

D, f(M,x) = 1.
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In practice, especially when reporting contamination from benchmark datasets [73] or

detecting copyrighted content [146, 48], people focus more on evaluating partial dataset

contamination.

Definition D4. Unseen/Clean Dataset: A dataset is clean (unseen) by an LM, if none

of its instances is contaminated. Namely, ∀x ∈ D, f(M,x) = 0.

6.2 Detection of Direct Data Contamination

Direct data contamination is the most common and well-researched type of data contami-

nation. In this section, we categorize the existing detection approaches, their requirements,

assumptions, and the critiques they received (see Table 6.1). The requirements are defined

as the preliminary conditions necessary for conducting certain detection approaches. The

assumptions are what the authors of detection approaches assume to be true; the assumptions

either are explicitly stated by the authors or can be inferred from the detection approaches.

Most detection methodologies for direct contamination are primarily developed to address

instance-level contamination; however, they can be adapted to account for dataset-level

contamination. Consequently, unless specified otherwise, this section will concentrate on

instance-level contamination.

The performance of a detection method depends on how well its requirements are met

and the reliability of its assumptions. Therefore, we group the detection approaches based on

their assumptions and requirements.

6.2.1 Instance Similarity

When DM is known, detection approaches based on instance similarity directly deploy

Equation 6.1, by proposing a similarity function to measure b(·, ·) and comparing a new

instance with every x ∈ DM .

Previous research focuses on developing a better or more efficient similarity function.

Examples of similarity calculation can be conducted through exact match [71], fuzzy match
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[238, 162], automatic NLG evaluation metrics [78, 64], and another LM [339]. Tools have

also been developed to allow efficient search within a large DM , such as Data Portraits [200]

and ROOTS Search Tool [238].

Although this approach does not rely on underlying assumptions, it has two requirements:

Requirement R1. DM needs to be disclosed.

Requirement R 2. DM must be accessible, which is often hindered by legal, privacy

constraints, and expired website links.

Case Study: To examine how often these two requirements are met, we analyzed the

top 10 LMs on the Vellum LLM leaderboard2. We found that none of the LMs fulfilled R1,

the most basic requirement, let alone R2 (see Appendix D.3 for details).

6.2.2 Probability Analysis

When the training dataset DM is unavailable, but the LM M ’s output token probabilities are

known, probability analysis has been used to detect potential instance-level contamination.

We group those detection approaches by their assumptions, and unless specified otherwise,

they have no requirements.

Absolute Probability

Given an instance x, probability analysis measures instance-level contamination through

PM(x), the probability of the instance x based on an LM M .

Assumption A1. Seen instances will have higher probabilities than unseen ones, and there

exists a threshold, ξp, that separates seen instances from unseen ones:

PM(x)

 ≥ ξp if f(M,x) = 1

< ξp if f(M,x) = 0
(6.2)

2https://www.vellum.ai/llm-leaderboard#model-comparison. Accessed on Oct 6, 2024.

https://www.vellum.ai/llm-leaderboard#model-comparison
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Previous research measures PM (x) through perplexity [45, 170] or approximates it through

LM loss [323], which can be impacted by the instance domain and simplicity. To improve

upon this assumption, Shi et al. [266] evaluates only the average token probability of top p%

least likely tokens in an instance (Min p% Token), assuming that unseen instances contain

more low-probability outliers in Wikipedia events and books. Similarly, Song and Shmatikov

[273] assesses probabilities of the k most frequent tokens.

Likewise, Srivastava et al. [276], Wei et al. [323], and Meeus et al. [205] proposed inserting

special strings as watermarks into the training data, using the probability of these watermarks

to detect data contamination.

However, Maini et al. [198] and Duan et al. [74] have demonstrated that the perplexity

and min top p probabilities are close to random in detecting direct instance-level data

contamination across different splits of the Pile dataset. Maini et al. [198] suggests that shifts

in perplexity and infrequent word probabilities may be attributed to temporal events on

platforms like Wikipedia, rather than contamination. Similarly, Cao et al. [42] highlighted

that perplexity and token probability approaches are ineffective for code generation tasks.

Reference Probability by an Instance

Instead of assuming the probabilities of all the seen instances are higher than the probabilities

of all the unseen instances, this approach compares the probabilities of similar instances.

Requirement R3. There exists an algorithm which, given an instance x and an LM M ,

can automatically generate a similar unseen instance, x′.

Assumption A2. If x and x′ are similar and M has seen x but not x′ , the probability of x

should be much higher than that of x′ based on M:

PM(x)

 ≫ PM(x′) if f(M,x) = 1

̸≫ PM(x′) if f(M,x) = 0
(6.3)

Utilizing this assumption, Mattern et al. [201] construct a similar, reference instance x′ by

replacing individual words in x with their synonyms. However, in practice, the observation
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that PM(x) ≥ PM(x′) might result from replacement with rare words. This assumption has

been proven false by Maini et al. [198] on different splits of the Pile dataset [92]. In addition

to this synonym-based perturbation, Maini et al. [198] demonstrate the ineffectiveness of

other perturbation approaches, including white space, characters, random deletion, and case

changes.

Another study, Oren et al. [227], constructs the reference instance by randomly shuffling

(exchanging) the order of sentences in the original instance. They make another assumption

of the exchangeability, positing that all orderings of all the instances in an exchangeable

benchmark should be equally likely if uncontaminated. This assumption might not be valid

for coding and reasoning tasks.

Reference Probability by Another LM

This type of approach compares the probability of an instance based on two LMs.

Requirement R4. Given an instance x, we can find another LM M ′ such that x is unseen

by M ′.

Assumption A3. If x is seen by M but not M ′, then PM(x) should be much higher than

PM ′(x):

PM(x)

 ≫ PM ′(x) if f(M,x) = 1

̸≫ PM ′(x) if f(M,x) = 0
(6.4)

Previous research has utilized term frequency [204], the zlib entropy [45], and another

LM [45, 209] as the reference model. However, Maini et al. [198] and Duan et al. [74] have

demonstrated that those reference models perform close to random guessing across various

domains. Cao et al. [42] also show the zlib entropy does not work for code generation tasks.

Instead of using reference probabilities at the sentence level, Zanella-Béguelin et al. [353]

deploy a reference model for both individual token probability and its probability rank within

the vocabulary.
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6.2.3 Instance Generation and Instance Selection

In this section, we investigate underlying requirements and assumptions for detection ap-

proaches based on instance generation and instance selection.

Instance generation detects contamination by treating x as a prefix-suffix pair, x = (xp, xs).

These approaches evaluate the LM M ’s generated output, M(xp), conditioned on xp. If

M(xp) is similar or identical to xs, x will be predicted as seen. Based on this core intuition,

instance generation approaches vary in their assumptions regarding input-output pairs and

language generation approaches. Unless specified otherwise, those approaches below focus on

instance generation.

For instance selection, instead of directly generating answers, the LM is tasked with

selecting the most likely xs from a set of candidate options in a multi-choice format. However,

detection approaches relying on instance selection face a fundamental limitation: even if x is

unseen, the LM might still choose the correct xs by accident. Consequently, these approaches

are generally not employed to detect instance-level contamination but rather to assess the

probability of full dataset contamination.

Verbatim Memorization

This type of approach assumes LMs can memorize their training data, to certain extent.

Assumption A4. Given a prefix-suffix pair x = (xp, xs), if x has been seen by an LM M ,

xs can be generated (memorized) by M through greedy decoding, when given the input xp.

Mg(xp)

 = xs iff(M,x) = 1

̸= xs iff(M,x) = 0
(6.5)

Duarte et al. [75] and Golchin and Surdeanu [100] define xs as sentences or passages,

and create similar instances to xs by paraphrasing xs using another LM. They use instance

selection, and assume that the contaminated LM will be more likely to select the verbatim

option.



76

However, instance-level contamination does not always lead to verbatim memorization.

Utilizing instance generation, Kandpal et al. [142], Carlini et al. [44], Carlini et al. [46], and

Tirumala et al. [292] demonstrate that verbatim memorization requires repeated exposures

to this instance x during training, and a larger LM and longer input length xp can result in

better memorization. Schwarzschild et al. [263] used the minimum length of xp needed to

generate the desired output xs to define the degree of memorization.

Similarly, Kandpal et al. [142] and Carlini et al. [45] study a relaxed version of this

assumption, where the LM can generate xs through different sampling strategies in decoding,

such as top-k or top-p (Nucleus) sampling [117]. They reach a similar conclusion that data

contamination does not necessarily lead to memorization.

Key Information Generation

This type of approach assumes that, if an LM has seen an instance, it can generate x’s key

information based on its context.

Requirement R5. An instance x can be paraphrased into a slot-filling, context-key pair,

x = (xc, xk). The key xk is usually a representative sub-span of x, such as dates and names.

The rest tokens in x compose the context, xc.

Assumption A5. If x is seen, M will be able to produce similar output to xk when given xc.

S(M(xc), xk)

 ≥ τs if f(M,x) = 1

< τs if f(M,x) = 0
(6.6)

Here, M(xc) denotes the output of the LM M through a certain decoding method. S(·, ·) is

a text similarity function, and τs is the contamination threshold. One can use the similarity

functions described in Section 6.2.1.

Leveraging this assumption, prior studies have masked key information within specific

datasets, including input questions in NLP benchmarks [64, 100, 176], column names in SQL

code generation questions [244], character names in books [48], and labels in NLI and SST

tasks [195].
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Generation Variation

This type of approach explores how an LM’s outputs vary if it has seen an instance during

training.

Assumption A6. Suppose an instance x can be represented as a prefix-suffix pair, x = (xp, xs).

If an LM M has seen x, then given xp, M will generate something identical or similar to xs

under different sampling strategies:

Var({M·(xp)})

 < ξv if f(M,xp) = 1

≥ ξv if f(M,xp) = 0
(6.7)

where V ar({M·(xp)}) measures the variations of outputs from M under diverse, different

sampling strategies when given xp; ξv is a threshold, based on the type of input xp and

sampling strategies.

Dong et al. [73] defines the metric V ar(·) as ‘Contamination Detection via output Distri-

bution’ (CDD), and utilizes this assumption to detect memorization in coding and reasoning

benchmarks. However, this assumption can lead to false positives for other tasks, such as

multiple choices, where the output is more constrained and has less variation.

Metadata-based Memorization

This type of approach determines whether an LM has seen a dataset D by using D’s metadata.

Requirement R6. Given a dataset D, we can construct an input prompt xm including D’s

metadata m, such as dataset name, split, and format.

Assumption A7. If an LM M has seen a dataset D, when given D’s metadata, M is able

to generate instances that are very similar to some x ∈ D. ∃x ∈ D,S(M(xm), x) ≥ τm if D is seen

∀x ∈ D,S(M(xm), x) < τm if D is unseen
(6.8)
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Here, M(xm) is the set of instances that M generates when given D’s metadata m;

S(M(xm), x) represents the highest similarity between x and any instance x′ as a subsequence

of M(xm); τm is the contamination threshold for S(·, ·).

Sainz et al. [257] and Golchin and Surdeanu [100] utilized this assumption to demonstrate

that OpenAI systems memorized many instances from widely used benchmarks. However,

this approach can have false negatives if the LM’s training phase does not preserve the linkage

between D’s metadata and instances [62].

6.2.4 Answer Memorization

Answer memorization is usually conducted at the dataset level. It introduces perturbations

to the original dataset, measures the LM’s performance change, and aims to detect whether

the LM’s high performance is due to memorizing its answer.

Requirement R7. Given an LM M and an evaluation dataset D, one can generate a similar

dataset D′ that is unseen by M , by modifying every x ∈ D.

Assumption A8. Suppose datasets D and D′ are similar and an LM M has seen D but not

D′, M ’s performance on D (Eval(M,D)) will be much higher than its performance on D′

(Eval(M,D′)).

Eval(M,D)

 ≫ Eval(M,D′) if D is seen

̸≫ Eval(M,D′) if D is unseen
(6.9)

Previous research evaluates answer memorization in multiple-choice (MC) tasks by in-

troducing variations such as altering numbers in mathematical tasks [207], changing the

order of MC options, etc. [344, 369]. Razeghi et al. [246] show that multiple LMs perform

better on numerical reasoning tasks involving frequently occurring numerical variables in

their pretraining data. Similar to this assumption, Liu et al. [176] detects if the LM can still

predict the correct answer after removing all MC options.
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6.3 Other Types of Contamination

Besides direct data contamination, previous research also investigates indirect data contami-

nation (6 papers) and task contamination (5 papers).

6.3.1 Indirect Data Contamination

Indirect data contamination occurs when an instance x is not seen by an LM M , but something

(x′) derived from x is. For instance, x′ can be a paraphrase or a summary of x [339].

Indirect data contamination is often hard to track and trace [25]. For example, OpenAI

uses online user conversations for training, which could include variations of benchmark

datasets3. Another example involves knowledge distillation, where an LM utilizes instances xk

generated by another LM M ′ during training, and these instances xk may resemble instances

from the training set DM ′ of M ′ [307].

Detection Approaches for Indirect Data Contamination

Compared to direct contamination, indirect data contamination is much more challenging to

detect. Dekoninck et al. [62] and Cao et al. [42] show that many probability-based detection

approaches are ineffective for indirect data contamination.

However, prior research showed that three approaches may still be applicable: (1) the

instance similarity measured by another LM [339], (2) the CDD metric [73], which leverages

Assumption A6 by measuring output variations rather than directly comparing with original

instances, and (3) directly tracking the disclosed usage of datasets. For example, Balloccu

et al. [25] reviewed the datasets evaluated using OpenAI APIs.

3https://help.openai.com/en/articles/5722486-how-your-data-is-used-to-improve-model-performance.
Accessed on Oct 6, 2024.

https://help.openai.com/en/articles/5722486-how-your-data-is-used-to-improve-model-performance
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6.3.2 Task Contamination

Task contamination occurs when any instance of the same task is seen by an LM [168].

Detecting task contamination is crucial for assessing an LM’s generalizability to unseen

tasks [54]. Tasks can include applications such as machine translation, summarization, and

mathematical calculation. Task contamination is a broader concept than data contamination:

if some labeled instances from a dataset are seen by an LM, the associated task is contaminated,

but task contamination doesn’t always imply the dataset has been seen.

Task contamination generally evaluates an LM’s performance on a particular task at the

dataset level. The idea is that if an LM has previously seen the task, its performance will be

much higher compared to unseen tasks of similar difficulty.

For example, as noted by Aiyappa et al. [10], LLMs show improved performance on the

same benchmark after model updates, which may be influenced by data contamination during

LLMs’ continuous training. Ranaldi et al. [244] and Li and Flanigan [168] also find that

OpenAI models perform significantly better on benchmarks released before the model’s release

than on those released later, when task difficulty is controlled or performance is normalized

using a baseline model. To ensure fair comparisons across tasks, Li and Flanigan [168] control

task difficulty using a baseline system. However, Cao et al. [42] also note that LMs do not

necessarily perform worse on more recent code generation benchmarks.

6.4 Case Study

Besides the case study in Section 6.2.1, we aim to evaluate whether the assumptions outlined

in Table 6.1 are universally applicable across different domains, for direct and instance-level

MIA.

6.4.1 Assumptions to Evaluate

As shown in Table 6.1, prior research has verified that 4 out of 8 assumptions can fail

under certain conditions. Meanwhile, some assumptions have specific requirements, and their
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applicability depends on how well these requirements are met. Therefore, we focus on two

unverified assumptions that have no such requirements for evaluation, limiting confounding

factors and deferring the testing of other assumptions to future studies. We also validate one

verified assumption (Assumption A1) to confirm the consistency of our findings with prior

research.

Assumption A1: Absolute Probability. In the assumption that seen instances will

have a lower perplexity and fewer low-likely (outlier) tokens, we measure perplexity by an

instance’s first k tokens (PPL_k) [45]; Min p% Token by the average token probabilities

among p% least likely tokens [266].

Assumption A4: Verbatim Memorization. We expand this assumption from the

instance level to the token level, assuming an LM will memorize some tokens in seen instances.

We measure the percentage of tokens in an instance ranked as the k most likely in casual

language modeling (Mem k). The k value of 1 represents greedy decoding, and larger than 1

simulates the decoding with top k token sampling.

Assumption A6: Generation Variation. We evaluate the assumption that, given a

seen prefix sequence, the LM exhibits less variation (i.e., higher certainty) in predicting the

next token under different token sampling strategies. Since lower entropy indicates greater

certainty, we measure entropy over the top k most likely tokens (Entropy k) (see Appendix

D.4 for details).

6.4.2 Experiment Design

To enhance the generalizability of our results, we evaluate these assumptions using four

different types of LLMs, with datasets used in different training phases, shown in Table 6.2.

We also investigate the impact of model size on MIA performance, using seven Pythia models

with parameter sizes ranging from 70M to 13B.

Except for the UltraChat dataset, each dataset consists of multiple smaller subsets from

different domains. For our experiments, we randomly sample 9 subsets from each, and

consider each subset as an individual dataset. To minimize distribution shifts between seen
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and unseen datasets, we randomly select 1,000 instances from the training split (seen) and

1,000 instances from the test split (unseen) within each dataset. If a test split is unavailable,

we sample from the validation split. If there are fewer than 1,000 unseen instances, we use

the entire test split, ensuring that each split contains at least 100 instances.

LM
#

Params

Training

Phase

#

Epochs

Trainset

Size

Batch

Size

Seen & Unseen Datasets

Used in Our Case Study

Pythia [34] 70M - 12B
Pretraining

≈ 1.5 825 GiB 2M Pile [92]

OLMo-2 [220] 7B ≈ 2 22.4 TB ≈ 4M AlgebraicStack [22]

Zephyr-7B-β [295] 7B Supervised

Fine-tuning

1-3 9.3 GB 512 UltraChat [69]

BioMistral-NLU [90] 7B 2 3.6 GB 64 Medical-NLU [90]

Table 6.2: LMs and datasets used in the case study. Except for the UltraChat dataset, each

dataset contains multiple subsets from different domains. The trainset refers to the whole

trainset used in each LM’s corresponding training phase, as described in their original paper,

which is a superset of seen & unseen datasets used in our case study.

Following prior work [266], we evaluate MIA performance using the area under the ROC

curve (AUC) at the instance level, representing the probability that a seen instance has a

better score (higher or lower) than an unseen instance [101].

6.4.3 Results

Within-Domain MIA

Table 6.3 shows the AUC for each MIA method across representative subsets (domains) of

each dataset. Complete results for all datasets and domains are available in Appendix D.5.1.

On pretraining datasets, all metrics perform close to random guessing, with AUC close to

50. We also observed the same pattern with different sizes of Pythia LMs. Our results for

Assumption A1 are consistent with critiques they received (see Section 6.2.2). We suspect

that during pretraining, LMs are more likely to learn underlying data distributions, instead
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of memorizing specific instances.

On fine-tuning datasets, we observed a great variation in MIA AUC across domains. The

best-performing metric, PPL_200 on the RE-2012temp dataset, can have an AUC as high as

99.4. This suggests that data contamination from memorizing training instances remains a

risk during the fine-tuning phase. Overall, the performance of the perplexity-based metric

improves as the number of tokens increases. This trend is linked to the fine-tuning process,

where tokens at the beginning of the training instance serve as input prompts but are not

explicitly learned during training.

Training Phase Pretaining Supervised Fine-tuning

Model Pythia-6.9B OLMO-2-7B Zephyr-7B-β BioMistral-NLU-7B

Assumptions & Metric
Youtube-

Subtitles
ArXiv

Github-

Coq

Github-

Isabelle

Ultra

Chat

DC-

MTSample

RE-

2012temp

PPL_50 50.7 50.7 47.1 50.9 55.3 51.9 62.5

PPL_100 50.4 51.1 48.2 53.1 59.1 60.0 95.3

PPL_200 49.6 50.9 48.5 51.6 60.1 58.9 99.4

Min 5% token 48.5 51.3 49.4 54.0 63.6 47.4 92.9

Min 15% token 48.6 51.3 49.3 53.6 63.0 51.7 93.3

A1

Min 25% token 48.5 51.4 49.3 53.1 61.5 53.3 93.4

Mem 5 49.1 52.7 52.1 48.7 52.2 47.9 41.4

Mem 15 48.6 51.9 50.6 58.6 53.1 49.1 45.2A4

Mem 25 48.2 51.6 49.4 59.2 53.1 50.3 48.9

Entropy 5 49.3 52.0 47.2 52.3 54.3 55.4 93.2

Entropy 15 49.0 52.0 47.8 52.1 54.1 54.8 93.1A6

Entropy 25 48.9 51.9 48.6 52.5 54.0 54.1 93.1

Average AUC 49.0 51.8 49.0 53.3 55.9 52.0 74.1

Seen 13.2±16.0 7.9±3.7 10.5±8.1 8.4±5.2 5.3±4.6 1.7±0.2 1.4±0.1
PPL

Unseen 12.7±10.6 8.0±3.6 9.9±7.2 9.2±6.5 6.2±4.1 1.8±0.2 3.0±1.6

Table 6.3: Average MIA AUC for different LMs. For LMs evaluated on multiple subsets

(domains) of the same dataset, we present the results from the subsets with the lowest

and highest average AUC. The last two rows, marked as ‘PPL_200’, represent the average

perplexity ± STD, from the first 200 tokens within every instance. The color green represents

AUCs higher than 60.
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Cross-Domains MIA with Data Distribution Shifts

Within the same domain, the similar average PPL between seen and unseen instances indicates

that they have similar underlying distributions, but also a high variation (STD). However,

PPL differs a lot across domains. We therefore examine the impact of distribution shifts

from different domains on the MIA performance, with the scenario where seen and unseen

instances are from different domains.

Figure 6.1: Average MIA AUC for the Pythia-6.9b model with PPL_200, when the seen and

unseen instances are from different domains. The abbreviations represent the domains in

Table D.9 in the Appendix D.5.1.

We present the AUC with PPL_200 in Figure 6.1. The AUC is high in the top-right

corner when seen instances are from a domain with lower average PPLs and unseen instances

are from a domain with higher average PPLs. Conversely, the bottom-left corner has low

AUCs. This indicates that the accuracy of PPL_200-based MIA highly depends on the



85

domain difference, instead of the seen vs. unseen distinction. More information about the

PPL_200 distribution within and across domains is in Appendix D.5.2. A similar trend is

observed with other metrics (see Appendix D.5.2 & D.5.3).

6.5 Discussion

In our case study, we observed that the evaluated MIA approaches perform well only on

certain domains of datasets used during the fine-tuning phase, but not during the pretraining

phase. This discrepancy may be attributed to the significantly larger dataset and batch sizes

employed in the pretraining phase.

Together, our case study and prior research show that 6 out of the 8 assumptions listed in

Table 6.1 can often be invalid under certain conditions. The other two unverified assumptions,

key information memorization (A5) and answer change due to memorization (A8), depend on

very specific requirements, complicating their evaluation. Overall, our findings suggest that

MIA remains a challenging task.

The limited effectiveness of MIA in pretraining phases suggests detecting data contamina-

tion in benchmarks remains an important challenge for LLM evaluation. While poor MIA

performance may indicate a lack of direct instance memorization, models could still learn

underlying distributional patterns of benchmark data, enabling artificially high performance

on the benchmark datasets [62]. On the other hand, privacy and copyright risks persist, as

LLMs might learn from sensitive/proprietary data (e.g., patented concepts) without triggering

MIA alarms.

6.6 Conclusion

In this study, we present a comprehensive survey of 50 studies focused on data contamination

detection and their underlying assumptions. Our theoretical analysis reveals that these

assumptions may not apply consistently across different contexts.

Our case studies showed that 3 out of the 8 assumptions are not universally applicable

across all training phases and dataset domains, especially for datasets used in the pretraining
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stage. Our cross-domain MIA experiments additionally show that many assumptions measure

an LM’s goodness of fit, which is not necessarily the result of instance memorization due to

data contamination. Thus, detecting data contamination remains challenging.

Links to all relevant papers and the code for the case study are available on our project

GitHub4.

6.7 Ethical Considerations

In this work, we employed multiple LMs and their training sets, which may contain sensitive

and/or identifiable information. For example, the Pile [92] includes content crawled from

the Internet. The BioMistral-NLU-7B and its training set contain datasets derived from

de-identified clinical notes [90]. Therefore, we only downloaded the necessary instances and

published the numerical results from our experiments. In our project GitHub, we only release

our code for data sampling and MIA approaches to ensure reproducibility; we do not publish

any actual data instances or LMs. We recommend the community to check the corresponding

regulations before deploying the datasets and LMs for other purposes.

4https://github.com/velvinnn/LLM_MIA

https://github.com/velvinnn/LLM_MIA
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Chapter 7

CONCLUSION AND FUTURE WORK

This chapter concludes the thesis by summarizing its key contributions, discussing limita-

tions, and proposing directions for future work. Finally, I end this chapter with reflections

and closing remarks.

7.1 Key Contributions

This thesis makes three primary contributions toward the reliable evaluation and enhancement

of LLMs for clinical applications:

1. Creation of high-quality clinical IE resources. We developed two human-annotated

benchmark datasets on two important clinical domains: Pediatric SDoH and Cancer

Symptoms & Treatments. Each dataset is constructed with medical annotators, double

annotation on the test set, and publicly available guidelines. These resources fill critical

gaps in open clinical corpora and provide rigorous test beds for downstream model

evaluation.

2. Systematic benchmarking of state-of-the-art models. By comparing (1) fine-tuned

BERT variants, (2) instruction-following LLMs through ICL, and (3) fine-tuned

instruction-following LLMs, we showed that task-specific fine-tuning still outperforms

few-shot ICL by a non-trivial margin. Our best fine-tuned models achieved F1 scores

that approach inter-annotator agreement, demonstrating practical viability for clinical

IE.

3. Extending evaluation beyond IE to NLU. After observing the limited performance

of generalized LLMs on clinical IE tasks, we decided to improve their performance on
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the broader medical NLU tasks, which encompass IE as a subset. We instruction-tuned

the open-source LLM, BioMistral, on a curated suite of biomedical NLU tasks. Despite

its moderate parameter count, BioMistral delivered SOTA zero-shot accuracy on the

widely used BLURB and BLUE benchmarks, surpassing much larger closed-source

LLMs.

4. A principled study of data contamination in LLM evaluation. We study another

critical issue in evaluating LLM, data contamination, featuring the overlap between

the training and evaluation sets. Data contamination can potentially inflates LLM

performance on benchmark evaluations and leads to performance degradation on similar

but unseen datasets. We survey existing detection methods for data contamination and

mathematically categorize their underlying assumptions. Additionally, we conduct a

case study examining three types of assumptions with four different open-source LLMs.

Our results show that all tested assumptions fail in detecting the use of pretraining

corpus and data domain distribution shifts. This suggests that, in such scenarios, LLMs

may have been learning general data distributions rather than memorizing specific

sentences.

7.2 Limitations

• Dataset Availability: Due to the sensitive nature of clinical narratives, we plan to

release the two IE datasets following Institutional Review Board (IRB) approval and

careful de-identification of the source clinical notes. Access will be granted to researchers

upon signing an appropriate data use agreement.

• Evaluation of BioMistral-NLU: Currently, the evaluation of BioMistral-NLU is

limited to six natural NLU tasks included in the BLURB and BLUE benchmarks.

Further assessment across a broader range of NLU tasks and diverse clinical domains is

needed for its generalizability and robustness.
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• Limitations from the Data Contamination Study: The literature review included

50 studies, but relevant papers may have been missed due to search limitations. The

focus was primarily on English-language models; detection methods for non-English LMs

or non-text modalities were not addressed. Approaches from other machine learning

domains may be transferable, but were not explored. LLM memorization varies based

on multiple factors (e.g., dataset domain, size, batch size). Observations from the case

study may not generalize to all LMs or training settings.

7.3 Future Work

More Comprehensive Evaluation of BioMistral-NLU To establish real-world reliabil-

ity, BioMistral-NLU must be stress-tested on datasets that differ along multiple axes—not

only in clinical specialty (e.g., radiology, emergency medicine, mental health) but also in

note type (discharge summaries vs. progress notes), writing style, patient demographics,

and institutional conventions. Systematically sampling these factors will reveal whether

performance drops stem from vocabulary drift, discourse structure, or genuinely novel clinical

concepts. Such analyses can in turn guide targeted instruction-tuning or lightweight adapter

training for domains where zero-shot generalization remains weak.

Multi-Agent Clinical NLP Pipelines Emerging research frames LLMs as cooperative

agents that can delegate subtasks to specialized models or retrieval services. Exploring how

BioMistral-NLU can act as a specialized NLU agent, and coordinate with other agents, is

also a promising direction.

Better Detection and Mitigation of Data Contamination Our case study showed

that multiple assumptions under existing contamination detection algorithms can fail, with

large pre-training corpora and data domain shifts. Future work should either develop more

advanced algorithms for data contamination detection, or craft more standardized governance

protocols on the use of existing benchmarks, as well as proprietary or sensitive data, for
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model training.

Pathways to Clinical Adoption Bridging the gap between research and clinical deploy-

ment requires comprehensive, real-world studies that measure not only model performance

but also clinician workload, decision latency, and patient outcomes. Key milestones include:

integration with EHR systems through standards like FHIR [21]; grounded text generation

that links LLM-generated responses with source evidence for more informed decision making;

and rigorous bias audits across demographic and institutional strata.

7.4 Final Remarks

The advent of ChatGPT has ushered in a transformative era in NLP. During the latter half

of my PhD journey, I witnessed the rapid evolution of the clinical NLP landscape, marked

by innovations such as ICL [6], RAG [166], CoT [322] and the emergence of autonomous

agents [315]. This period has been both exhilarating and challenging, offering unprecedented

opportunities for exploration and growth.

Shunyu Yao’s essay, The Second Half, articulates a pivotal shift in the AI research paradigm.

He posits that while the initial phase of AI focused on developing new training methods and

models, the forthcoming phase will emphasize rigorous evaluation, particularly in high-stakes

domains like healthcare [340]. In this section, I want to bring up two important directions in

LLM evaluation: generalization and clinical alignment. For researchers in clinical NLP, it

is especially important to work closely with clinical practitioners to evaluate clinical NLP

systems - not only in research settings, but also in how they influence physicians’ workflows

and decision-making in real-world clinical practice.

Recent studies present a nuanced picture of large language models (LLMs) like ChatGPT

in clinical settings. For instance, one study by Goh et al. [98] found that GPT-4 assistance

significantly improved physicians’ clinician decision accuracy without increasing demographic

bias, boosting accuracy from 47% to 65% for White male patients and 63% to 80% for Black

female patients; however, another trial by Goh et al. [99] showed no significant improvement
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in physician diagnostic reasoning when LLMs were used alongside traditional tools, though

LLMs alone outperformed both physician groups, highlighting their diagnostic potential but

also underscoring the need for better integration into clinical workflows. These contrasting

outcomes may stem from differences in study design and context: the first study employed

standardized video vignettes with controlled variables, allowing for focused assessment of AI

assistance on specific clinical decisions, while the second study involved a broader range of

diagnostic scenarios, reflecting greater complexity and variability in physician performance.

Additionally, the manner, in which physicians receive GPT-4-generated recommendations

after initial assessments versus having access to an LLM alongside conventional resources,

could have influenced the effectiveness of AI assistance in enhancing clinical decision-making.

Given these motivations, more comprehensive evaluation of clinical NLP systems in

realistic settings is essential. This includes both simulated and real-world evaluations. In

simulated settings, the focus can lie in developing realistic benchmarks, designing more

human-aligned automatic evaluation metrics, and assessing the consistency of LLM outputs

with established clinical literature and guidelines. Real-world evaluation, on the other hand,

should focus on human-computer interaction (HCI) research, particularly how to design and

integrate these systems in ways that effectively support clinical practitioners within their

actual workflows.
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Appendix A

NLP BACKGROUND

In this chapter, we first present a comprehensive overview of important tasks in clinical

NLP. We then introduce two widely adopted categories of transformer-based systems: Bidi-

rectional Encoder Representations from Transformers (BERT), a model known for its strong

performance on language understanding tasks, and decoder-only generative large language

models (LLMs), which are designed to produce coherent and contextually appropriate text

based on input prompts. Finally, we examine the importance of benchmark development,

outlining key considerations such as dataset representativeness, task diversity, and evalua-

tion metrics, which are essential for assessing and comparing model performance in clinical

applications.

A.1 Clinical NLP Tasks

In this section, we categorize the clinical NLP tasks into two categories: Natural Language

Understanding (NLU) and Natural Language Generation (NLG).

A.1.1 Natural Language Understanding (NLU) Tasks in the Clinical Domain

Clinical narratives contain fine-grained, context-rich information beyond standardized, struc-

tured EHR components [153, 138]. For example, those unstructured EHRs - such as discharge

summaries, progress notes, and radiology reports - often include symptom descriptions [365],

temporal relationships [283], and complex clinical reasoning [31]. However, this semantic

variation and highly specialized language in free-text clinical narratives pose challenges for

large-scale data retrieval and analysis [153].

To harness the rich information embedded in both clinical narratives, medical Natural
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Language Understanding (NLU) employs NLP techniques to interpret and extract meaningful

data from unstructured texts [254, 1]. Here, we introduce some fundamental NLU tasks

included in the medical Language Understanding and Reasoning Benchmark (BLURB), a

widely used dataset in biomedical NLU [102], as well as the Speech and Language Processing

textbook [141]

Named Entity Recognition (NER) is a task to label meaningful text spans (named

entities) with their type [141]. NER can identify medication mentions [300] for pharmacovigi-

lance and person names [298] for de-identification. For example, in the sentence, “Anna is

taking ibuprofen for pain relief after removing her wisdom teeth.”, an NER system would

detect “Anna” as a person name and “ibuprofen” as a medication. A related task is medical

event extraction, which extracts named entities as events, and assigns fine-grain attributes

to them [196, 114].

Relation Extraction (RE) is the task of identifying meaningful relationships between

the recognized entities in text [141]. For example, important relations include temporal

relations for treatment timeline [283], condition-treatment relations [301], as well as adverse

drug reactions [106]. For example, from the sentence, “Acetaminophen heals his fever.”,

a relation extraction system should infer a drug–disease treatment relationship between

“Acetaminophen” and “fever ”.

Sentence and Document Classification is the task of assigning a meaningful label

to a text snippet [141]. For example, it can be used to identify a patient’s smoking status

[299], recognize obesity and its co-morbidities [297], or determine eligibility for inclusion in a

research cohort based on clinical text [282].

Multiple-Choice Question Answering (MCQA) is the task of selecting the correct

answer based on a given question, context, and a set of candidate options. This task is

commonly used to evaluate an NLP system’s ability to comprehend information, perform

reasoning, and possibly demonstrate its internal medical knowledge. Examples of popular

MCQA datasets are PubMedQA [137], derived from PubMed abstracts, and MedQA-USMLE

[136], based on U.S. medical licensing examinations.
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Semantic Text similarity is the task of evaluating how closely two text snippets align

in meaning by assigning a semantic similarity score [319]. In the medical domain, this task is

useful for reducing redundancy and retrieving relevant clinical or research records [319].

Natural Language Inference (NLI) is the task that involves determining the logical

relationship between two text snippets, typically whether one sentence entails, contradicts,

or is neutral with respect to the other [141]. NLI is a common benchmark for evaluating

language understanding and reasoning abilities.

A.1.2 Natural Language Generation (NLG) Tasks in the Clinical Domain

Natural Language Generation (NLG) is the task of producing human-like text from a given

input representation [248, 72]. In this section, we discuss several key tasks in clinical NLG.

We focus on NLG applications where the input is only in natural language. Meanwhile, all

NLU tasks can be translated into NLG tasks, by expressing the desired labels or outputs in

natural language. We will discuss more about NLU tasks in the NLG format in Chapter 5.

Clinical decision support can provide healthcare professionals with relevant, evidence-

based information and insights [179], such as symptom analysis [311], risk assessment [53],

diagnostic reasoning [331], and treatment recommendation [167].

Clinical report generation can help doctors in multiple ways. For example, the auto-

matic translation of doctor-patient dialogues into structured clinical notes, can substantially

reduce the time clinicians spend on documentation [288]. Summarization of existing clinical

reports can decrease the cognitive load on healthcare providers by distilling essential infor-

mation, thereby facilitating quicker decision-making [192]. Additionally, NLP systems can

improve the quality of clinical text by detecting and correcting medical errors [4].

As summarized in a 2024 survey by Lucas et al. [184], medical education is another

critical type of clinical NLG task. For instance, ChatGPT and similar LLMs have been

explored for their potential to assist in curriculum design [163], explain complex medical

concepts to students [8], and generate disease management instructions for patient education

[272].
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Recently, as NLP systems are getting more powerful, the NLG tasks have been expanded

across the entire patient hospital journey. For example, the wide range of applications can

include hospital reception and triage support [331], specialty referral [178], insurance-related

QA [331], and retrieval of patient information and lab results from EHRs [133],

Recently, as NLP systems have become increasingly powerful, Natural Language Gen-

eration (NLG) tasks have expanded to cover the entire patient hospital journey. These

applications now encompass a wide range of interactions, including hospital reception and

triage support [331], specialty referral management [178], insurance-related question answering

[331], and the retrieval and summarization of patient information and lab results from clinical

narratives [133].

A.2 Transformer-based Language Models for Clinical NLP

Transformer-based NLP systems have advanced healthcare AI through a wide range of

applications, including all tasks discussed in Section A.1.1 [305, 215]. The transformer is a

type of deep neural network architecture, which was first introduced by Vaswani et al. in

their landmark 2017 paper, “Attention Is All You Need” [305]. Its key contribution is the

self-attention mechanism, which models the relative importance of each token within the

input sequence and effectively captures contextual relationships across both short and long

distances. Additionally, the use of multi-head attention facilitates parallelization and efficient

batch computation, making transformers highly scalable for large datasets and complex tasks.

The transformer architecture contains two main components: the encoder and the decoder.

The encoder processes input sequences to learn contextual representations, while the decoder

generates output sequences based on both the encoder’s output and previously generated

tokens. The two components can be used independently, depending on the task.

In this section, we focus on the two most widely used types of transformer-based language

models (LMs): (1) Bidirectional Encoder Representations from Transformers (BERT), which

only the encoder is optimized for text understanding tasks, as described in Section A.1.1

[66]; and (2) generative large language models (LLMs), which are usually only the decoder,
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trained on vast and diverse datasets and serve as foundation models capable of adapting to

various downstream tasks, especially NLG tasks as described in Section A.1.2 [36]. We will

discuss their architectures, training procedures, and applications.

A.2.1 BERT

The application of BERT-based LMs typically follows a three-step procedure: vocabulary

construction, pre-training, and fine-tuning [66]. The vocabulary construction allows each

word to be split into one or multiple tokens from a fixed token vocabulary, and can thus

effectively handle infrequent, out-of-vocabulary words. While the unsupervised, pre-training

phase enables the model to learn a fundamental understanding of semantics, the supervised,

fine-tuning phase learns about a specific language understanding task.

In the vocabulary construction step, BERT employs a WordPiece tokenizer [332],

which starts with a base vocabulary of all individual characters, and merges frequent pairs

of characters or subwords in a corpus, until the desired vocabulary size is reached. The

WordPiece tokenizer can balance coverage and efficiency. For example, the initial BERT

model contains around 30,000 tokens [66].

In the pre-training step, the BERT is exposed to large-scale unlabeled corpora, with two

learning objectives: masked language modeling (MLM) and next sentence prediction (NSP).

The MLM involves randomly masking a subset of input tokens and training the model to

predict these masked tokens based on their context, which is often referred to as the Cloze

task [286]. This objective also relates to the distributional hypothesis, which assumes that

similar words usually occur in the same context [139, 110, 82, 141]. On the other hand, the

NSP is a binary classification task, where the model is presented with pairs of sentences and

trained to predict whether the second sentence logically follows the first in the original text.

This task allows BERT to learn the relation between two sentences, helping downstream

tasks such as logical reasoning tasks, such as QA and NLI.

For example, PubMedBERT is pre-trained from scratch on 21 GB of PubMed abstracts

to better model biomedical language [102]. Instead from pre-training from scratch, we can
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adapt BERT for a specific domain by continuing pre-training on domain-specific data. For

example, the Bio+ClinicalBERT [12] adapts BioBERT [164] for clinical NLP tasks, by further

pre-training BioBERT on de-identified clinical notes from the MIMIC-III dataset [138].

After adding a task-specific neural layer on top, a pre-trained BERT model is then

fine-tuned for specific tasks. This architecture can predict categorical or numerical labels

for each input sequence or token. Thus, this supervised fine-tuning phase allows BERT to

be adapted to any of the NLU tasks described in Section A.1.1. However, fine-tuning is

typically performed for a single task or dataset, and the model may experience a severe

performance drop when applied to data with different distributions. For instance, a BERT

model fine-tuned for NER on clinical notes from one clinical specialty may perform poorly

when applied to notes from another clinical specialty [365].

A.2.2 Decorder-only Large Language Models (LLMs)

Generative LLMs typically employ a decoder-only transformer architecture and generate

natural text, token by token, in an auto-regressive manner. In this setup, each token is

produced by conditioning on the previously generated tokens, allowing the model to capture

logical dependencies in the prior context. This architecture has been widely deployed in

LLMs such as ChatGPT [2], GPT-4 [226], Gemini [287], and LLaMA [20].

Similar to the development of BERT-based language models, the development of decoder-

only LLMs can be divided into two main phases: pre-training [214] and post-training [157].

The pre-training phase is unsupervised, building foundational knowledge from a large corpus

of text using a next-token prediction objective [214]. The post-training phase usually enhances

LLMs’ reasoning, accuracy, and alignment with particular user needs and ethics [157].

Following the widespread adoption of BERT-based applications in the clinical domain,

the rise of decoder-only LLMs is closely tied with two components in the post training:

instruction fine-tuning, and scaling law [54]. The instruction fine-tunig step fine-tunes a

pre-trained LLM on a diverse collection of datasets, tasks, and prompt formats, and thus

allows the LLM to follow instructions and generalize to unseen tasks and domains [54]. The
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scaling law is an empirical observation, which finds the LLM’s performance can improve

with the increase in the size of the model, the volume of training data, and the diversity of

fine-tuning tasks [54, 145]. This law suggests that larger LLMs can potentially learn complex

semantic patterns, and thus perform more sophisticated tasks. Building upon these two

major components, there has also been more advanced training techniques [313, 26]. One

prominent example is reinforcement learning from human feedback (RLHF) [51, 24]. This

approach aligns the LLM’ responses better with human values and expectations, and thus

makes the LLM a more helpful assistant [51, 24].

In addition to advances in training, significant progress has also been made for LLM

inference. For example, the LLMs are found to be in-context learners, which can adapt to new

tasks by learning examples provided in the input context, without explicit parameter updates

[41]. Similarly, Retrieval-Augmented Generation (RAG) incorporates relevant information

retrieved from an external knowledge base into the input context, and is particularly beneficial

in domains requiring up-to-date or specialized knowledge [166]. Afterwards, techniques like

Chain-of-Thought (CoT) prompting have been introduced, guiding models to generate

intermediate reasoning steps, and thus improving performance on complex tasks [322].

Those advances in system development allow LLMs to serve as foundation models,

which are capable of adapting to various downstream tasks [36]. An important general-

domain foundation model, ChatGPT [2] has demonstrates its strong performance through the

landmark paper by Gilson et al. in 2023, by achieving a passing score on the United States

Medical Licensing Examination (USMLE) equivalent to that of a third-year medical student

[97]. Afterwards, a growing number of medical foundation models have emerged [150], such

Med-PaLM [271], MEDITRON [50], and Biomistral [159]. Those foundation models have

demonstrated impressive capabilities across multiple benchmark tasks, particularly in areas

requiring in-depth medical knowledge and complex diagnostic reasoning.

More recent research has revolutionized the landscape of LLM applications in the healthcare

domain, with the introduction of agent-style LLMs [315]. Those LLM agents are integrated

with advanced capabilities such as memory retrieval, strategic planning, collaboration with
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other models, and tool usage. Unlike traditional models that respond passively, these agents

can analyze problems, formulate actionable plans, and execute solutions by interacting with

external systems and resources. This paradigm shift toward active problem-solving has paved

the way for more diverse and high-quality applications in healthcare, such as more accurate

clinical decision support, automated documentation, medical education, and healthcare service

optimization [315].

A.3 Evaluating Clinical NLP Systems

As the field of clinical NLP has been evolving quickly, there has been a growing need for

reliable ways to evaluate and compare across different systems. Benchmarks help with this.

They include standardized datasets and scoring metrics, measuring how well a system works

on a specific task [280]. Benchmarks are also important for guiding system development [152].

When there are gaps in a benchmark, those gaps often show where new tools or improvements

are needed.

In Section A.1.1 and A.2, we have discussed some widely used NLP systems and their

applications. In this section, we will discuss how to create benchmark datasets, commonly

used evaluation metrics in clinical NLP benchmarks, and some challenges for the development

of reliable benchmarks.

A.3.1 Dataset and Label Curation in Benchmarks

Dataset and Label Curation are foundational to the benchmark development. Ideally, the

benchmark dataset should resemble the real-world samples of the target task, so that the

systems trained and tested on this dataset can generalize well in real-world scenarios. During

this process, stratified sampling is usually employed to ensure that each sub-population (aka

class) within dataset maintains the same distribution as in the overall population, which is

particularly important in cases of class imbalance [269].

Reliable ground-truth labels are essential to evaluate system performance. In the domain

of clinical NLP, these labels can be derived through various methods:
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Adaptation from Existing Knowledge Bases: In tasks like medical question answering

(e.g., MedQA [136]) or diagnosis prediction [289], labels are often sourced from established

knowledge bases such as medical licensing exams or online forums.

Human Expert Annotation: Due to the complexity and nuance inherent in clinical

narratives, annotations are typically performed by clinical experts [149]. The quality of these

annotations is assessed using inter-annotator agreement metrics, which serve as indicators

of dataset reliability and the potential upper bound of model performance [19]. To enhance

annotation quality, it’s a common practice to have the test set doubly annotated, with a third

expert resolving any disagreements. On the other hand, NLP systems can . For example,

Lybarger et al. deploy active learning to identify and prioritize uncertain samples for social

determinants of health (SDoH) annotation [189].

Pre-annotation deploys a baseline system to generate initial ground-truth labels of

good or mediocre quality, which are then reviewed and revised by human annotators. It can

expedite the annotation process by allowing human annotators to focus on the most complex

and critical tasks, without compromising the annotation quality [175]. However, it is crucial

to deploy pre-annotation cautiously. Over-reliance on machine-generated labels can lead to

the propagation of errors and may cause annotators to overlook mistakes, especially if the

pre-annotations are of low quality.

On the other hand, there are other frequently used automated label generation approaches,

such as rule-based systems [144], knowledge distillation [103], and self-training [314]. However,

due to the specialized nature of medical language and rigorous data quality required for

evaluation benchmarks, these methods are typically used to augment training data rather

than to construct gold-standard evaluation datasets. Meanwhile, another approach, crowd

sourcing, breaks the annotation task into simpler subtasks and collects annotations from a

large group of non-experts [356]. However, due to the sensitive nature of patient records,

crowdsourcing is deployed more frequently in the biomedical domain [151].
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A.3.2 Evaluation Metrics in the Benchmark Dataset

In this section, we will present two types of evaluation metrics used in benchmark datasets:

automatic and human evaluation.

Automatic Evaluation

In this section, we present some commonly used automatic evaluation metrics, as summarized

by Schmidtova et al. (2024) [262], who analyzed evaluation methods across 110 papers

published at the International Natural Language Generation Conference (INLG) and the

Association for Computational Linguistics (ACL) conference in 2023.

Word-overlap metrics measure surface-level similarity between the predicted text and

a reference, by comparing the n-gram (e.g., unigrams, bigrams) overlap. Common examples

include ROUGE [172], BLEU [233], METEOR [27], and CIDEr [306]. These metrics are

fast, easy to implement, and intuitive. However, they often fail to capture deeper semantic

meaning and cannot account for synonyms or paraphrases, potentially penalizing predictions

that are semantically correct but lexically different from the reference.

Semantic similarity metrics assess how closely the predicted and reference texts align

in meaning using embeddings from pre-trained language models. For example, BERTScore

computes similarity by aligning words from the reference to the most similar words in the

prediction (recall) and vice versa (precision), using contextual embeddings from BERT [360].

Similarly, BARTScore uses BART to measure generation likelihood from one text to another

[351]. While these metrics better capture semantic nuances, they may be sensitive to domain

shifts, especially when the embedding models are not trained on domain-specific text.

Match-based metrics focus on comparing standardized labels extracted from the

predicted and reference texts. Accuracy is commonly used for tasks like multiple-choice

question answering (MCQA), sentence classification, and document classification. For tasks

with class imbalance, such as named entity recognition (NER), precision, recall, and F1-score

are preferred, as they provide a more nuanced view of performance across different entity
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types.

Text property-based metrics evaluate specific characteristics of the generated text.

For example, readability metrics like the Flesch Reading Ease score assess how easily a text

can be understood [83, 33]. Other properties include n-gram diversity [202], which measures

lexical richness, and n-gram repetition [169], which captures redundancy in generated output.

Classifier-based metrics use learned models to predict how well the generated text

aligns with human judgments. For instance, BLEURT is a regression model built on top of

BERT that is fine-tuned with thousands of annotated examples to estimate the quality of

a generation [264]. UniEval is a unified framework for evaluation that leverages pretrained

classifiers to assess multiple dimensions such as coherence and relevancy [363].

Fact-based metrics aim to measure the factual correctness of the generated content,

either directly or indirectly [262]. For example, our proposed metric, MedCon, assesses

factuality by comparing the sets of medical concepts extracted from both the reference

and predicted texts using the Unified Medical Language System (UMLS) [288]. Indirect

approaches include AlignScore, which aligns key facts between text pairs [355], and NLI-based

metrics, which determine if the prediction logically entails, contradicts, or is neutral with

respect to the reference statement [262, 143].

GPT-Eval metrics use generative LLMs, such as GPT-4 [226], to evaluate specific

aspects of predicted text by providing the model with an evaluation rubric [86, 312]. This

approach is highly flexible and, in some cases, shows better alignment with human judgments

compared to traditional metrics discussed above [180]. However, recent studies have also

identified biases in LLM-based evaluations, such as a tendency to favor text generated by

other LLMs [232].

In summary, each metric has its own advantages and limitations. More complex metrics

can potentially better align with semantic and factual similarities between text pairs, but

they may be sensitive to domain shifts and are often less interpretable. As a result, it is now

common practice to use a combination of metrics to evaluate different aspects of generated

text.
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Human Evaluation

Given the limitations of automatic evaluation metrics and the highly specialized and sensitive

nature of the clinical domain, human evaluations are commonly employed for more reliable

and explainable assessments. Below, we summarize some commonly used human evaluation

approaches in clinical NLP.

Comparison-based evaluation compares a model’s answers to gold-standard references.

For example, medical experts can help assess the factual correctness of open-ended responses

from LLMs to clinical exams [344].

Reference-free evaluation does not rely on predefined answers. Instead, experts directly

judge the quality of outputs using criteria like accuracy, safety, completeness, and relevance.

In the Med-PaLM paper, physicians and lay users rated model-generated answers based on

agreement with clinical knowledge, reasoning quality, potential harm, and helpfulness [270].

Ranking-based evaluation involves comparing multiple outputs for the same question.

Evaluators rank them by preference or usefulness. For instance, in Med-PaLM 2 paper,

doctors rank their preferences among the LLM’s answers with those from other physicians,

showing doctor preference over the LLM’s outputs on some key clinical dimensions [271].

Distinguishability tests ask evaluators to judge whether an answer came from a human

or a model. This helps assess how human-like the responses are. In Med-PaLM 2 evaluations,

specialists were often unable to tell the difference between the model’s answers and those

written by physicians, showing the model’s ability to generate realistic clinical responses [271].

A.3.3 Challenges in Benchmark Development

In this section, we discuss some challenges about benchmark development for clinical NLP

tasks.

Clinical alignment is one of the major challenges in developing useful benchmarks for

healthcare. As many benchmarks are developed by NLP experts, they may not align with the

clinical significance and practical needs of healthcare providers. For example, a 2023 survey
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by Blagec et al. found that existing benchmarks at that time fail to cover many critical needs

of clinical experts, such as those related to routine documentation and administration tasks

[35]. A more recent survey published in 2025 by Wang el al, summarizes LLMs’ promise in

addressing these gaps by integrating external knowledge, planning, and tool use to support

clinical workflows [315]. However, comprehensive evaluations are necessary to assess their

reasoning abilities and ensure alignment with diverse clinical perspectives [315].

Another challenge is the data quality concerns, such as missing data and the reliability

of ground-truth labels. For example, EHRs often capture only the information relevant

to a specific hospital course. Patients may receive care at different hospitals, leading to

fragmented records. If one wants to construct a predictive benchmark dataset for a disease,

the EHR might not contain all the necessary information [96]. On the other hand, to construct

the ground-truth labels, disagreements between human experts are common [289]. These

disagreements could stem from human errors or insufficient input contexts for making accurate

decisions. Therefore, understanding the reasons behind human disagreements and assessing

the quality of the data is important.

As LLMs are trained on vast datasets, data contamination, when the training and test

sets overlap, is another significant concern [88]. This overlap can lead to inflated performance

metrics and misrepresent the model’s true capabilities on real-world tasks. Meanwhile, data

contamination detection approaches can be used to identify the use of private or sensitive

information used in model training. In the Chapter 6, we discuss our study on how to effectively

detect data contamination, and our findings detection approaches for data contamination

can easily fail. To mitigate data contamination, it is especially important in the clinical

domain, to study the data use agreements for patient records. For example, even for the

de-identified EHR dataset, MIMIC-III, and its derived NLP systems, information cannot be

freely distributed and must be shared under specific agreements [138].
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Appendix B

CACER

B.1 Data Set Statistics

Table. B.1 demonstrates the data set statistics and patient demographics.

Type Subtype Train Valid Test

# Notes - 400 60 115

# Unique patients - 306 43 115

Annotation
Double 0 47 115

Single 400 13 0

Cancer
DLBCL 193 22 56

Prostate 207 38 61

Gender
Male 314 51 92

Female 86 9 23

Table B.1: Note statistics and patient demographics.

B.2 Prompts

All task prompts are provided as ‘user ’ messages in GLMs.

Event Extraction

“You are a medical expert. Extract all drug and medical problem events from the following

clinical note. All events constraints span-only arguments and/or valued arguments. Span-

only arguments must use the span original from the clinical note. A medical problem event

contains required arguments as a trigger span and an assertion value (present, absent, possible,
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conditional, hypothetical, not_patient), as well as optional arguments as at most one anatomy

span, at most one duration span, at most one frequency span, characteristics spans, change

value (no_change, improving, worsening, resolved), severity value (mild, moderate, severe).

The drug event contains a required argument as a trigger span.”

Relation Extraction, Marker Format

“Extract all relations related to drug and medical problems from this clinical note.

Clinical Note: ‘...” ’

Relation Extraction, QA Format 1 for Drug-Problem relations

“What is the relationship between <A >(Drug) and <B >(Problem) in the following

clinical notes?

Clinical Note: ‘...’

Options:

(A) A is given as a treatment for B, but the outcome is not mentioned in the sentence.

(B) A is not given or discontinued because of the B that it does not cause.

(C) A is given as a treatment for B, but A does not cure the B, does not improve the B,

or makes the B worse.

(D) A is not given as a treatment for B, but it causes B.

(E) A improves, cures, stablize B.

(F) None of the above. ”

Relation Extraction, QA Format 2 for Problem-Problem relations

“What is the relationship between <A >(Problem) and <B >(Problem) in the following

clinical notes?

Clinical Note: ‘...’

Options:

(A) A causes, describes or reveals aspects of B.

(B) B causes, describes or reveals aspects of A.

(C) None of the above.”
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B.3 Condensed Annotation Guideline

You are a medical expert. Extract all drug and medical problem events from the following

clinical note. All events contains a trigger, span-only arguments and/or valued arguments.

Trigger and span-only arguments must use the original span from the clinical note, and the

shortest span possible. Valued arguments must be chosen from a pre-defined list. For every

note, output None, if the span or value does not exist. Output the events by the order

of trigger occurrence from clinical note. If there are multiple arguments of the same type,

separate them by < s >. For example, ‘congestive < s > progressive’ Multiple Drug and

Problem events are separated by [SEP]

This is an example format: <Problem>span <Assertion>value <Anatomy>span < s >..

< s > span <Duration>span <Frequency>span <Characteristics>span < s >.. < s > span

<Change>value <Severity>value [SEP] <Drug>span [SEP] . . .

The drug event contains only required argument as a trigger span, which is the shortest

span possible indicating a drug or treatment name.

A medical problem event contains required arguments as a trigger span and an assertion

value (present, absent, possible, conditional, hypothetical, not_patient). The problem trigger

span is be the shortest span possible. The problem trigger is a span that contains observations

made by patients or clinicians about the patient’s body or mind that are thought to be

abnormal or caused by a disease. Generally, the trigger span should not include anatomical

information or characteristics of the problem, as this information is captured through separate

Anatomy and Characteristics arguments. They are loosely based on the UMLS semantic

types of pathologic functions, disease, or syndrome, mental or behavioral dysfunction, cell or

molecular dysfunction, congenital abnormality, acquired abnormality, injury or poisoning,

anatomic abnormality, neoplastic process, virus/bacterium, sign or symptom, but are not

limited by UMLS coverage.

1. present: patient experienced or is experiencing

2. absent: patient has not or is not experiencing
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3. possible: patient may be experiencing (denoted by terms like “probably” or “likely”)

4. conditional: patient only experiences under specific conditions

5. hypothetical: patient may experience in the future

6. not_patient: not associated with the patient

The problem event has the following optional arguments:

1. Anatomy (span): indicates the body part or region of the body associated with the

problem.

2. Duration (span): how long a problem has persisted or when the problem started.

3. Frequency (span): how often a problem occurs (e.g. occasionally, intermittently, chronic,

daily, hourly, persistent, etc.)

4. Characteristics (span): problem descriptors, including descriptions of color, consistency,

sound, pain, diffuse/localized, etc. A single event (trigger) may have multiple Charac-

teristics spans. For example, a cough could be described through two Characteristics

spans, like “dry non-productive” and “painful.”

5. Change (value): captures explicit descriptions of changes in the state of the problem.

Choose from no_change, improved, worsened, and resolved.

6. Severity (value): Choose from mild, moderate, severe. Severity can be direct description

of the patient status such as ‘mild fever’, or inferred by the treatment plan as (1). No

treatment needed - mild, (2). treatment needed - moderate (3). hospitalization needed

- severe

B.4 Relation Extraction Context Window

The RE model can be constrained by their context length, ranging from 512 tokens in BERT,

1024 tokens in Flan-T5, to 32k tokens for GPT-4. In this work, we consider a context window
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for a certain relation as the minimum continuous sentence span that contains both head and

tail events. Our RE approaches are restricted by context windows no longer than 5 sentences

and 400 Bio+Clinical BERT tokens, which contain the majority (98.7%) of the relations.

Intra-sentence relations constitute 70.7% of the relations from this data set.

GLMs classify each possible relation pair within its corresponding context window. On the

other hand, BERT-based models process each unique context window only once. During the

training phase, the context window encompasses all events and relations. During inference,

to ensure that each relation is predicted only once, predictions are considered valid only when

meeting one of the following criteria: (1) the head trigger appears in the beginning sentence

and the tail trigger in the ending sentence, (2) the tail trigger appears in the beginning

sentence and the head trigger in the ending sentence, or (3) the context window consists of a

single sentence.
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Appendix C

BIOMISTRAL-NLU

C.1 Unified Prompt Format

Utilizing the unified prompt format outlined in Section 5.1.1, we developed (1) the MNLU-

Instruct dataset based on the collection of datasets detailed in Table C.1 and C.2; and (2)

the evaluation dataset from BLUE and BLURB utilizing the labels from Table 5.2 and 5.3.

In this section, we provide detailed information on dataset creation and examples of the

input-output format for each task type.
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Task dataset # instances Labels

NER

i2b2 2006DeID 5,608 Location, ID, Date, Hospital, Doctor, Contact, Name, Age

i2b2 2011 25,689 Person, Treatment, Test, Problem

i2b2 2012 7,446
Test, Problem, Frequency, Time, Date, Occurrence, Treatment,

Duration, Clinical department

i2b2 2014 52,462 ID, Contact, Age, Name, Location, Profession, Date

GENIA 15,023 RNA, DNA, Cell type, Protein, Cell line

linnaeus 11,935 Species

tmVar 5,351
Cell Line, SNP, Gene, Protein Mutation, Protein Allele, Species

DNA Allele, DNA Mutation, Other Mutation, Acid Change,

DrugProt 17,274
Organism Taxon, Disease Or Phenotypic Feature, Cell Line,

Gene Or Gene Product, Sequence Variant, Chemical

BioRed 13,706 Chemical, Gene

GNorm 4,006 Family Name, Domain Motif, Gene

NLM-Gene 5,048
Gene, Gene reference into function (function of a gene), Domain,

Steroidogenic acute regulatory protein (a protein coding gene)

ClinicalIE_Med 105 Route, Duration, Reason, Dosage, Frequency, Medication

ClinicalIE_Status 105 Neither medications, Discontinued medications, Active medications

BC4CHEMD 30,682 Chemical

PubMed PICO 1,961 Species, Comparator, Outcome, Intervention, Strain, Induction

PICO-Data 36,224 Participants, Intervention, Outcome

EE

i2b2 2009 117,446 Medication (Dosage, Route, Frequency, Duration, Reason, Context)

i2b2 2018 155,716 Drug, ADE (Strength, Frequency, Reason, Form, Route, Dosage)

n2c2 2022 36,359
Alcohol, Drug, Tobacco, Employment, Living

(time, duration, history, type, amount, frequency)

Table C.1: NER and EE Task labels and number of instances in the MNLU-Instruct dataset.

For EE tasks, labels inside () refer to event arguments.
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Task dataset # instances Labels

DC

i2b2 2006Smoke 398 Current smoker/Past smoker/Non-smoker/Unknown

i2b2 2008 17,242 10 obesity commodities (Asthma, Depression, ...)

n2c2 2018 2,626 Different selection criteria for 13 cohorts (Abdominal, English, ...)

2024 SemEval2 1,700 Adverse Events, Eligibility, Results, Intervention

TrialStop 3,747 17 reasons to stop a study (Study staff moved, Another study, ...)

MTSamples 3,206 48 medical specialties or domains (Bariatrics, Nephrology, ...)

RE

i2b2 2011 25,689 Refers to

i2b2 2012 7,446

Ends by, Happens during, Happens before and overlap, Begins by,

Happens before, Happens simultaneously with, Happens after,

Overlaps with,

EUADR 318 Gene-disease association

DrugProt 35,624

Antagonist, Agonist, Indirect upregulator, Part of, Agonist activator,

Substrate, Activator, Inhibitor, Direct regulator, Agonist inhibitor,

Product of, Substrate product of, Indirect downregulator

BioRed 4,328
Drug interaction, Positive correlation, Cotreatment, Comparison,

Bind, Conversion, Association, Negative correlation

NLI

Multi-NLI 785,404 Entailment, Contradiction, Neutral

SNLI 1,098,734 Entailment, Contradiction, Neutral

BioNLI 23,704 Entailment, Contradiction, Neutral

STS SIS-B 11,018 6 similarity scales

NLG

PubMedSum 1,407 Article summarization

CDSR 436 Article simplication

AciDemo 204 Dialogue to note summarization

Table C.2: Task labels and number of instances in the MNLU-Instruct datasets, excluding

the NER and EE subsets.

C.1.1 Named Entity Recognition (NER)

We conduct NER at the sentence level, because most NER datasets comprise pre-split

sentences. For NER datasets where the medical text is an entire document, we use the SpaCy
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tokenizer1 to split the document into sentences.

Below is an example of the NER input-output pair. The example is from the n2c2 2022

dataset [191], a shared task focused on extracting social determinants of health from clinical

notes.

- NER Input -

Extract all relevant medical named entities faithfully from the medical text below. Focus

on identifying the following entities: Living status, Tobacco, Drug, Employment, Alcohol.

Medical text: Denies any IV drug use or any recreational drug use.

- NER Output -

Living status: None

Tobacco: None

Drug: IV drug use ... recreational drug use

Employment: None

Alcohol: None

C.1.2 Event Extraction (EE)

The EE task is composed of event trigger extraction (ETE), event argument extraction (EAE),

and event argument classification (EAC). ETE uses the same prompting formats as NER.

In EAE and EAC, we additionally include two adjacent sentences to provide more context

information. Below are examples of the EAE and EAC input-output pairs from the n2c2

2022 dataset [191]

- EAE Input -

According to the medical text, what is the Method attribute of the Drug event ‘IV drug

use’ in the medical text below? Extract the attribute faithfully from the medical text.

Medical text: ... Currently admits to five drinks of alcohol per week. Denies any IV drug

use or any recreational drug use. Divorced with no children. ...

1https://spacy.io/api/sentencizer
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- EAE Output -

Drug - Method: IV

- EAC Input -

According to the medical text, what is the Status time attribute of the Drug event ‘IV

drug use’ in the medical text below? Choose from the following options.

Medical text: ... Currently admits to five drinks of alcohol per week. Denies any IV drug

use or any recreational drug use. Divorced with no children. ...

Options: (A) none (B) past (C) future (D) current

- EAC Output -

Drug - Status time: (A) none

C.1.3 Document Classification (DC)

Our document classification task involves classifying a document or sentence into one or

multiple pre-defined categories.

In the i2b2 2006Smoke [299] and i2b2 2008 [297] dataset, where the input document is

a lengthy clinical note, we first deploy BioMistral to summarize the document. We use the

prompt format, ’Summarize the {type} from the following clinical note.’, where type is the

corresponding DC type label, such as smoking status or asthma status.

The MTSamples dataset aims to classify a medical report into one of 48 medical specialties

or domains [3]. The large number of possible categories results in lengthy prompts. Instead,

in each instance, we include the correct category along with 12 randomly selected negative

categories in our prompts for more efficient training.

Below is an example of the DC input-output pair from the TrialStop dataset [247].

- DC Input -

According to the medical text below, which options best describe reason to stop the study?

Choose from the following options. Multiple options can be true.

Medical text: 13 of 15 patients recruited. Study patients responded with no safety signals.

Recruitment’s slow, timely end of study necessary to keep development timelines.
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Options: (A) Insufficient enrollment (B) Logistics resources (C) Business administrative

(D) Insufficient data (E) Endpoint met (F) Negative (G) Study success (H) Regulatory (I)

Interim analysis (J) Ethical reason (K) Invalid reason (L) Study design (M) No context (N)

Another study (O) Covid19

- DC output -

(A) Insufficient enrollment (C) Business administrative

C.1.4 Relation Extraction (RE)

The RE task focuses on classifying the relation between any possible entity pairs within the

same sentence. We adapt the relation labels from the original publications into descriptive

language. We additionally include two adjacent sentences to provide more context information.

Below is an example from the i2b2 2011 for coreference resolution on clinical named entities

[302]:

- RE Input -

According to the Medical text below, what is the co-reference relationship between the

Person entity ‘Mr. Andersen’ and the Person entity ‘who’? Choose from the following options.

Medical text: ... History of Present Illness: Mr. Andersen is a 71-year-old male with

worsening anginal symptoms who underwent catheterization that showed severe three-vessel

disease. He is presenting for revascularization . ... Options: (A) ‘Mr. Andersen’ refers to

‘who’ (B) None of the above.

- RE Output -

(A) ‘Mr. Andersen’ refers to ‘who’

C.1.5 Multi-choice Question-Answering (QA)

The QA task aims to answer a research question regarding the medical text within a pre-

defined answer set. The PubMedQA dataset consists of research questions about PubMed

abstracts, with answers categorized as yes, no, or maybe [137]. The BioASQ includes

biomedical questions with answers classified as yes or no [294].
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Directly applying our sequence classification prompt format for the QA task results in

single-word multi-choice answers like yes or no. Instead, we transform the single-word options

into descriptive sentences so that the QA output format is more straight-forward. We utilize

one-shot learning with BioMistral to combine the question and each answer into a single

statement. The one-shot example is randomly chosen from the PubMedQA train split, and

the example output is written by human.

Below is an example of the QA input-output pair from the PubMedQA dataset, with

descriptive multi-choice options.

- QA Input -

According to the medical literature below, Is there a connection between sublingual varices

and hypertension? Choose from the following options. Only one option can be true.

Medical literature: BACKGROUND: Sublingual varices have earlier been related to

ageing, smoking and cardiovascular disease. The aim of this study was to investigate whether

sublingual varices are related to presence of ...

Options: (A) The answer is not mentioned in the text (maybe). (B) There is a connection

between sublingual varices and hypertension (yes). (C) There is not a connection between

sublingual varices and hypertension (no).

- QA Output -

(B) There is a connection between sublingual varices and hypertension (yes).

C.1.6 Natural Language Inference (NLI)

The NLI task utilizes a similar multi-choice prompt format to other sequence classification

tasks. Below is an example from the BioNLI dataset [28]

- NLI Input -

What is the relationship of the hypothesis with respect to the premise? Choose from the

following options.

Premise: The administration of heparin with or without ACTH significantly decreased hep-

atic cholesterol content in catfish. In serum, heparin alone produced first hypercholesterolemia
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which was followed by hypocholesterolemia whereas it potentiated hypercholesterolemic action

of ACTH three hours after administration.

Hypothesis: It is concluded that heparin inhibits the cholesterol-lowering action of ACTH

in catfish.

Options: (A) neutral (B) entailment (C) contradiction

- NLI Output -

(C) contradiction

C.1.7 Semantic Text Similarity (STS)

We adapt the scoring criteria from the original publications and translate the numerical

similarity scores into a descriptive sentences. Below is an example from the STS-B dataset

[309]

- STS Input -

How similar are the two sentences below? Choose from the following options.

Sentence 1: A plane is taking off.

Sentence 2: An air plane is taking off.

Options: (A) The two sentences are completely dissimilar. (B) The two sentences are not

equivalent, but are on the same topic. (C) The two sentences are not equivalent, but share

some details (D) The two sentences are roughly equivalent, but some important information

differs / missing. (E) The two sentences are mostly equivalent, but some unimportant details

differ. (F) The two sentences are completely or mostly equivalent, as they mean the same

thing.

- STS Output -

(F) The two sentences are completely or mostly equivalent, as they mean the same thing.

C.1.8 Natural Language Generation (NLG)

We focus on the abstractive summarization task from NLG. Although abstractive summariza-

tion is different from our focus on NLU, it also requires in-depth document understanding,
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and thus we believe it can help improve NLU performance. We include three NLG datasets

in the MNLU-Instruct: PubMedSum [57], CDSR [105], and AciDemo [288]. PubMedSum

has the input as the complete PubMed articles and the output as their abstracts. CDSR is

a text simplification task that translates domain-specialized summaries into lay-user sum-

maries. AciDemo is a task that summarizes doctor-patient dialogues into clinical note sections.

Because the PubMedSum and AciDemo documents can be very lengthy, we only include

instances with less than 800 words. Additionally, we restrict the output in PubMedSum to

be at most half of its corresponding input word count to ensure that the PubMedSum splits

contain high-quality summaries.

Below is an example from the AciDemo dataset.

- NLG Input -

Summarize the relevant medical information from a dialogue between a doctor and a

patient. The summary should be the objective exam section from the clinical note. Output

None if no relevant information is found.

Dialogue:[doctor] hi alan , how are you ?

[patient] hi , good to see you .

[doctor] good to see you as well . are you ready to get started ?

[patient] ...

- NLG Output -

PHYSICAL EXAMINATION

Neck: Supple.

No jugular venous distension.

Respiratory: Slight expiratory wheezing bilaterally.

Cardiovascular: Regular rate and rhythm. No murmurs.

Musculoskeletal: Trace edema in the bilateral lower extremities.
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C.2 Baseline System with ICL for NER Tasks

Generalized LLMs do not automatically extract named entities in a unified format. To avoid

confounding factors from different output formats and simplify NER evaluation, we utilize

the same NER input-output format as described in Appendix C.1.1. Additionally, we include

a descriptive paragraph at the beginning of the input prompt to specify the output format:

“Your answer should use the following format, with one entity type per line. The span refers

to the original text span from the Medical text. Output None if there is no such span. Use

‘...’ to separate multiple spans.”

We also include two in-context examples to ensure the baseline system adheres to the

desired output format. For each inference query, the 2-shot examples are randomly selected

from the training split of each dataset. We ensure the outputs from the 2-shot examples are

different from each other, to prevent bias towards a specific extraction response.
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Appendix D

DATA CONTAMINATION

D.1 Risks and Mitigation Approaches for Data Contamination

During our paper collection, we identify the relevant research on the risks and mitigation

strategies for data contamination, which does not involve proposing or evaluating existing

detection approaches for data contamination. While excluding those papers from the main

text of this chapter, we provide their citations in Table D.1 in this Appendix.

Citation Content

[364] Impact of direct data contamination on test performance

[62] Impact of indirect data contamination on test performance

[125] Strategies to prevent contamination in benchmark datasets

[368] Strategies to mitigate contamination in benchmark datasets

[107] Mitigating data contamination in benchmarks through retrospectively creating held-out datasets.

[158] Proposing an evaluation pipeline in Systematic Literature Review to mitigate data contamination.

[203] Evaluating the novelty of LM-generated text

[197] Studying unlearning methods to make LMs forget specific training data

[38] Studying contributing factors behind data poisoning, with corrupted or malicious training data.

[210] Differentiates human vs. machine-generated text using probability curvature

Table D.1: Seleted relevant work to risks and mitigation approaches for data contamination.

D.2 Table of Notations

We present the notations used in Chapter 6 in Table D.2.
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Notation Definition

x A language instance, as a sequence of tokens.

(xp, xs) A prefix-suffix instance pair, which is a common data format in NLG tasks.

(xc, xk) A context-key instance pair from slot-filling tasks, as defined in Requirement R5.

M A language model.

M·(x)
M ’s output respect to an input x, given a decoding setup ·. If · is not specified,

we consider it as a fixed, but unknown decoding state.

D A dataset, as a set of language instances.

DM M ’s training set.

b(x, x′)
Binary indicator function for instance-level contamination, which takes two instances

x and x′ as inputs, and returns False (0) or True (1), based on the instance similarity.

S(x, x′)
A function accessing the similarity between two instances, x and x′ and outputs

a real value.

f(M,x) Gold standard for instance-level contamination, as defined in Equation 6.1.

PM(x) The probability of the instance x given an LM M .

Min p% Token
The average probabilities of top p% least likely tokens in an instance x, based on

a given LM M .

τ The contamination threshold for functions.

Var({M·(xp)})
The measure of variations of outputs produced by M under diverse, different

sampling strategies. given xp

PPL_k The perplexity from an instance’s first k tokens.

Entropy k The entropy of the top k most likely tokens for the next position, defined by Equation D.1.

Eval(M,D) The evaluation result of an LM M on a dataset D.

Table D.2: Table of notations.
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D.3 Case Study for Instance Similarity

To assess the applicability of instance similarity-based detection approaches (see Section

6.2.1), we analyzed how frequently their requirements, R1 and R2, are met. We reviewed the

top 10 models from the Vellum LLM leaderboard1. As demonstrated in Table D.3, none of

the models fulfilled R1, the most basic requirement. However, some models disclose their

cut-off date for collecting training data [5, 223].

Model Citation
Meet Require.

R1 R2

Claude 3.5 Sonnet [15] No -

Claude 3 Opus [17] No -

Gemini 1.5 Pro [237] No -

GPT-4 [5] No -

Llama 3 Instruct - 70B [20] No -

Claude 3 Haiku [16] No -

GPT-3.5 [223] No -

Mixtral 8x7B [132] No -

GPT-4o [224] No -

GPT-4o mini [225] No -

Table D.3: None of the top 10 LMs, in the LLM Leaderboard by Vellum meet the requirements

of disclosing pre-training corpora (R1).

D.4 Entropy Calculation

In this section, we explain the procedure for verifying Assumption A6. In the context of

casual language modeling, we consider an LM M with a given prefix sequence xp. Assumption

A6 assumes that given xp, if M has seen an instance with the same prefix, it will generate

similar responses, regardless of the sampling strategy used. Since the verification of this

assumption can be influenced by various sampling strategies, we quantify the variance in

the model’s output by measuring the entropy of the token probabilities, which indicates the

1https://www.vellum.ai/llm-leaderboard#model-comparison. Accessed on Oct 6, 2024.

https://www.vellum.ai/llm-leaderboard#model-comparison
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model’s certainty about the next token generation.

To do this, we first compute the probability distribution of the next token over the model’s

vocabulary. Given that LLMs may contain vocabularies with over 50,000 tokens [34], most

tokens have a very low likelihood of being sampled. Therefore, we focus on the Entropy

among the top k most likely tokens (Entropy k).

At every token position xp, we calculate the entropy based on the probabilities of the top

k tokens, using the following formula:

Entropyk(M,xp)

= −
k∑

i=1

Pi(M(xp)) logPi(M(xp))
(D.1)

Given an instance x with N tokens, the Entropy k for x is the average Entropyk(M,xp)

across all tokens xp in x:

Entropyk(M,x) = (
N∑
p=1

Entropyk(M,xp))/N (D.2)

D.5 More Case Study Results

D.5.1 Within-Domain Detection with Different LMs

In this section, we present the detailed detection AUCs for all models: (1) different sizes

of Pythia Models: Pythia-70m (Table D.4), Pythia-160m (Table D.5), Pythia-410m (Table

D.6), Pythia-1.4b (Table D.7), Pythia-2.8b (Table D.8), Pythia-6.9b (Table D.9), Pythia-12b

(Table D.10); (2) OLMo-2-7B (Table D.11); and (3) BioMistral-NLU-7B (Table D.12).

Similar to the results in Table 6.3, we observed close-to-random performance in the

detection AUCs for all Pythia models and dataset domains.
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Assumptions & Metric Github FreeLaw
Enron-

Emails
ArXiv

OpenWeb-

Text2

Open-

Subtitles

Hacker-

News

Youtube-

Subtitles
Pile-CC

A1

PPL_50 49.4 49.3 50.5 51.3 51.7 47.4 48.9 52.2 49.9

PPL_100 50.3 50.2 51.5 50.8 50.5 46.2 48.1 52.0 50.8

PPL_200 50.3 50.1 53.5 50.5 49.9 44.3 51.1 50.8 51.5

Min 5% token 51.7 49.9 49.9 50.6 48.9 45.0 50.4 49.9 51.1

Min 15% token 51.5 49.5 51.0 50.5 49.5 45.4 50.3 49.6 51.6

Min 25% token 51.4 50.1 51.0 50.9 49.9 45.5 49.5 49.8 51.3

A4

Mem 5 47.6 49.2 49.5 51.5 50.8 48.8 49.5 50.0 51.2

Mem 15 49.6 49.5 48.7 50.1 50.4 49.0 49.3 50.4 51.2

Mem 25 49.6 49.9 48.3 50.6 50.3 48.2 49.6 49.6 51.0

A6

Entropy 5 50.8 49.7 48.2 52.1 49.9 47.4 49.3 50.4 50.2

Entropy 15 50.6 49.8 48.9 52.4 49.4 47.5 49.3 50.5 50.3

Entropy 25 50.6 49.9 49.2 52.4 49.0 47.7 49.3 50.2 50.2

Average AUC 50.1 49.7 49.8 51.2 50.1 47.3 49.4 50.3 50.9

PPL_200
Seen 11.1±12.7 13.1±8.9 29.5±21.4 28.9±13.5 46.0±23.5 36.7±21.1 42.9±16.7 45.3±41.3 50.2±33.7

Unseen 11.5±20.9 14.2±25.3 31.7±22.4 29.0±13.1 45.4±22.5 33.7±18.2 43.7±18.8 44.3±28.7 51.5±35.6

Table D.4: Average contamination detection AUC for the pythia-70m model, under different

domains within the Pile dataset. ‘PPL_200’ represents the average perplexity ± STD, from

the first 200 tokens within every instance. The color green represents AUCs higher than 60.
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Assumptions & Metric Github FreeLaw
Enron-

Emails
ArXiv

OpenWeb-

Text2

Open-

Subtitles

Hacker-

News

Youtube-

Subtitles
Pile-CC

A1

PPL_50 49.7 49.0 50.3 51.2 51.9 47.6 48.6 52.3 50.0

PPL_100 50.3 49.4 51.2 51.0 50.4 46.1 47.6 51.7 50.7

PPL_200 50.1 49.4 53.0 50.7 49.6 44.2 50.5 50.7 51.7

Min 5% token 51.9 49.9 51.0 50.5 48.6 45.0 48.6 49.4 51.3

Min 15% token 51.4 49.8 50.9 50.8 49.5 45.1 50.1 49.3 51.4

Min 25% token 51.3 49.7 51.3 51.3 49.6 45.6 49.4 49.2 51.4

A4

Mem 5 48.3 49.1 50.4 52.8 51.2 52.6 50.1 49.9 51.1

Mem 15 48.2 49.2 50.1 51.4 51.5 48.0 49.1 49.3 50.0

Mem 25 48.4 49.0 49.9 50.5 51.4 46.2 49.2 49.4 50.2

A6

Entropy 5 51.3 49.1 48.9 52.1 49.8 47.0 48.8 50.1 50.6

Entropy 15 51.1 49.3 49.4 52.2 49.7 47.5 48.9 50.1 50.6

Entropy 25 51.0 49.4 49.6 52.1 49.4 47.7 48.9 50.0 50.6

Average AUC 50.1 49.3 50.4 51.5 50.3 47.7 49.2 49.9 50.8

PPL_200
Seen 7.4±8.5 8.2±5.6 18.8±13.5 18.6±8.6 29.9±31.5 45.8±598.9 29.0±11.0 30.9±28.2 33.3±25.3

Unseen 7.6±13.5 8.8±16.7 20.3±14.8 18.7±8.3 28.5±12.8 24.8±11.4 29.6±13.1 30.4±23.0 34.4±25.9

Table D.5: Average contamination detection AUC for the pythia-160m model, under different

domains within the Pile dataset. ‘PPL_200’ represents the average perplexity ± STD, from

the first 200 tokens within every instance. The color green represents AUCs higher than 60.
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Assumptions & Metric Github FreeLaw
Enron-

Emails
ArXiv

OpenWeb-

Text2

Open-

Subtitles

Hacker-

News

Youtube-

Subtitles
Pile-CC

A1

PPL_50 49.5 49.5 50.1 50.7 51.0 47.4 48.8 51.5 50.0

PPL_100 50.5 49.2 51.3 50.9 49.7 45.5 47.6 51.0 50.3

PPL_200 50.3 49.3 53.0 50.6 48.8 44.6 50.9 50.2 52.0

Min 5% token 52.2 49.8 50.3 50.7 49.0 45.5 49.3 48.9 51.4

Min 15% token 51.6 49.6 50.9 51.0 49.3 46.0 50.2 49.0 51.2

Min 25% token 51.4 49.4 51.0 51.3 48.9 46.4 50.2 48.9 51.0

A4

Mem 5 47.5 49.2 51.3 53.0 50.5 50.3 49.4 49.7 50.3

Mem 15 47.6 49.2 51.3 52.6 51.8 50.3 49.7 50.1 50.4

Mem 25 48.2 49.2 51.1 51.2 51.9 52.6 50.5 49.2 51.2

A6

Entropy 5 51.2 49.1 49.4 52.2 50.5 47.4 49.0 49.5 50.2

Entropy 15 51.0 49.3 49.9 52.0 49.7 48.0 48.9 49.5 50.2

Entropy 25 50.9 49.4 50.1 51.9 49.4 48.2 48.9 49.2 50.3

Average AUC 50.0 49.4 50.8 51.9 50.1 48.4 49.5 49.7 50.7

PPL_200
Seen 4.7±5.0 5.5±3.4 11.8±8.2 12.7±6.0 18.8±9.7 20.0±9.1 19.8±7.5 20.6±22.2 22.3±17.0

Unseen 4.8±7.2 5.9±11.4 12.9±9.6 12.7±5.7 18.2±8.3 18.5±7.9 20.4±9.3 20.0±14.8 23.0±17.8

Table D.6: Average contamination detection AUC for the pythia-410m model, under different

domains within the Pile dataset. ‘PPL_200’ represents the average perplexity ± STD, from

the first 200 tokens within every instance. The color green represents AUCs higher than 60.
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Assumptions & Metric Github FreeLaw
Enron-

Emails
ArXiv

OpenWeb-

Text2

Open-

Subtitles

Hacker-

News

Youtube-

Subtitles
Pile-CC

A1

PPL_50 49.5 49.0 49.8 50.7 50.7 48.1 48.5 51.0 49.8

PPL_100 50.7 49.5 50.9 51.0 49.2 45.6 47.4 50.9 50.2

PPL_200 50.8 49.8 51.9 50.9 48.7 44.4 50.9 49.9 52.0

Min 5% token 51.8 50.5 49.7 51.0 49.2 46.2 48.9 48.4 51.1

Min 15% token 51.5 49.7 50.3 51.3 49.6 47.0 50.1 48.7 51.1

Min 25% token 51.4 49.4 50.5 51.5 49.1 47.8 50.0 48.6 51.2

A4

Mem 5 48.8 49.1 50.9 53.0 51.0 51.5 49.6 49.1 50.5

Mem 15 48.0 49.5 50.8 51.4 51.2 51.7 49.8 48.9 50.4

Mem 25 48.7 49.5 51.1 51.0 51.5 50.9 49.7 48.7 51.0

A6

Entropy 5 51.2 49.0 49.9 52.0 49.9 46.6 48.7 49.3 50.2

Entropy 15 51.0 49.1 50.1 51.9 49.5 48.0 48.7 48.9 50.2

Entropy 25 51.0 49.2 50.1 51.8 49.3 48.5 48.8 48.7 50.3

Average AUC 50.2 49.4 50.5 51.7 50.1 48.6 49.2 49.1 50.6

PPL_200
Seen 3.6±3.8 4.4±2.4 8.5±5.9 9.8±4.6 14.2±7.4 16.0±6.9 15.3±5.7 16.3±19.2 17.1±12.5

Unseen 3.6±4.9 4.7±8.6 9.3±7.3 9.9±4.4 13.7±6.4 14.8±6.1 15.7±7.2 15.7±12.3 17.8±13.9

Table D.7: Average contamination detection AUC for the pythia-1.4b model, under different

domains within the Pile dataset. ‘PPL_200’ represents the average perplexity ± STD, from

the first 200 tokens within every instance. The color green represents AUCs higher than 60.
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Assumptions & Metric Github FreeLaw
Enron-

Emails
ArXiv

OpenWeb-

Text2

Open-

Subtitles

Hacker-

News

Youtube-

Subtitles
Pile-CC

A1

PPL_50 49.4 48.6 49.4 50.7 50.5 47.8 48.0 51.1 49.9

PPL_100 50.5 49.2 50.6 50.9 49.0 45.9 47.5 51.0 50.4

PPL_200 50.6 49.6 51.7 50.8 48.6 45.3 50.8 49.9 52.2

Min 5% token 51.6 49.8 49.9 51.2 49.5 47.2 48.2 48.6 51.6

Min 15% token 51.5 49.6 50.3 51.4 49.5 48.1 49.4 48.7 51.3

Min 25% token 51.2 49.4 50.1 51.4 48.9 48.8 49.7 48.6 51.0

A4

Mem 5 48.7 49.1 50.7 52.8 50.9 51.5 49.5 50.2 50.9

Mem 15 48.2 48.9 50.4 51.0 51.3 50.4 48.9 49.7 50.2

Mem 25 48.9 48.5 50.5 50.8 51.4 50.0 48.7 49.3 50.2

A6

Entropy 5 50.9 49.1 49.5 51.9 50.0 47.5 48.9 49.0 50.6

Entropy 15 50.8 49.2 49.8 51.9 49.5 48.7 49.0 48.9 50.5

Entropy 25 50.8 49.2 50.0 51.8 49.3 49.1 49.0 48.8 50.6

Average AUC 50.1 49.2 50.2 51.6 50.0 48.8 49.0 49.4 50.8

PPL_200
Seen 3.2±3.3 3.9±2.1 7.2±5.1 8.7±4.1 12.5±6.5 14.0±6.2 13.3±4.9 14.4±17.3 15.0±10.2

Unseen 3.2±4.4 4.2±7.8 7.9±6.3 8.7±3.9 12.1±5.8 13.1±5.5 13.6±6.1 13.9±11.3 15.7±12.2

Table D.8: Average contamination detection AUC for the pythia-2.8b model, under different

domains within the Pile dataset. ‘PPL_200’ represents the average perplexity ± STD, from

the first 200 tokens within every instance. The color green represents AUCs higher than 60.
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Assumptions & Metric Github FreeLaw
Enron-

Emails
ArXiv

OpenWeb-

Text2

Open-

Subtitles

Hacker-

News

Youtube-

Subtitles
Pile-CC

A1

PPL_50 49.7 48.9 49.5 50.7 50.3 47.7 48.5 50.7 49.8

PPL_100 50.7 49.4 50.3 51.1 48.8 46.2 47.4 50.4 50.4

PPL_200 50.8 49.4 51.1 50.9 48.4 46.7 50.7 49.6 52.1

Min 5% token 51.7 49.8 49.2 51.3 49.7 48.2 47.8 48.5 50.9

Min 15% token 51.6 49.7 49.8 51.3 49.1 49.5 49.7 48.6 51.1

Min 25% token 51.3 49.3 50.0 51.4 48.8 50.2 49.8 48.5 51.1

A4

Mem 5 49.2 48.7 50.6 52.7 50.5 50.0 49.9 49.1 50.8

Mem 15 48.9 48.9 51.0 51.9 51.8 50.6 49.2 48.6 50.7

Mem 25 49.6 48.8 51.1 51.6 51.1 50.3 49.5 48.2 51.3

A6

Entropy 5 51.0 49.1 49.5 52.0 49.7 48.4 49.1 49.3 50.9

Entropy 15 50.8 49.1 49.7 52.0 49.3 49.6 49.0 49.0 50.9

Entropy 25 50.8 49.2 49.8 51.9 49.1 50.0 49.0 48.9 51.0

Average AUC 50.3 49.2 50.2 51.8 49.9 49.4 49.3 49.0 50.9

PPL_200
Seen 2.8±3.0 3.6±1.9 6.1±4.4 7.9±3.7 11.2±5.8 12.2±5.9 12.2±4.5 13.2±16.0 13.7±9.1

Unseen 2.9±4.1 3.8±6.2 6.7±5.6 8.0±3.6 10.9±5.3 11.5±5.1 12.4±5.4 12.7±10.6 14.3±11.0

Table D.9: Average contamination detection AUC for the pythia-6.9b model, under different

domains within the Pile dataset. ‘PPL_200’ represents the average perplexity ± STD, from

the first 200 tokens within every instance. The color green represents AUCs higher than 60.
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Text2
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News
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A1

PPL_50 49.9 48.7 49.5 51.0 50.4 48.5 48.3 50.7 49.8

PPL_100 50.9 49.6 50.2 50.9 48.9 47.4 47.3 50.2 50.3

PPL_200 50.9 49.5 51.0 51.0 48.5 48.4 50.5 49.4 51.8

Min 5% token 51.9 50.2 49.2 51.4 49.5 49.2 47.8 48.7 50.9

Min 15% token 51.7 49.4 49.8 51.3 49.0 50.2 49.4 48.7 51.0

Min 25% token 51.4 49.1 49.9 51.4 48.6 50.8 49.3 48.8 51.0

A4

Mem 5 49.0 49.0 50.9 53.9 51.0 52.6 49.6 48.5 50.9

Mem 15 48.5 49.5 51.0 52.5 51.1 49.0 49.1 48.3 50.0

Mem 25 49.5 49.2 50.6 52.7 50.7 48.6 49.2 48.2 51.4

A6

Entropy 5 51.0 49.0 49.5 52.0 50.0 49.2 48.8 49.3 51.0

Entropy 15 50.9 49.1 49.7 51.9 49.6 50.6 48.8 49.1 50.9

Entropy 25 50.9 49.2 49.8 51.8 49.4 51.0 48.8 49.0 50.9

Average AUC 50.3 49.2 50.2 52.1 49.9 49.9 48.9 48.9 50.8

PPL_200
Seen 2.6±2.8 3.4±1.7 5.4±4.0 7.5±3.5 10.4±5.4 11.0±5.7 11.2±4.0 12.3±15.0 12.9±8.4

Unseen 2.7±3.7 3.6±5.6 5.9±5.0 7.5±3.4 10.1±5.0 10.6±5.0 11.5±5.0 11.8±10.0 13.4±10.1

Table D.10: Average contamination detection AUC for the pythia-12b model, under different

domains within the Pile dataset. ‘PPL_200’ represents the average perplexity ± STD, from

the first 200 tokens within every instance. The color green represents AUCs higher than 60.
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Assumptions & Metric cpp python Github-Lean julia tex Github-Isabelle fortran Github-Coq r

A1

PPL_50 51.1 51.7 49.9 50.2 49.4 50.9 50.3 49.1 49.5

PPL_100 51.4 51.6 52.0 51.3 50.4 51.7 50.6 49.1 51.4

PPL_200 51.8 50.8 51.2 51.6 50.0 50.8 51.1 49.0 53.0

Min 5% token 50.1 51.1 49.0 52.0 49.4 51.2 48.1 49.4 50.9

Min 15% token 50.2 50.4 50.7 51.2 48.6 50.4 48.1 49.0 51.5

Min 25% token 50.3 49.8 51.3 51.0 48.7 49.9 48.2 48.9 52.4

A4

Mem 5 51.3 48.2 51.8 49.0 48.2 55.4 50.8 50.5 51.6

Mem 15 52.0 49.6 50.7 48.3 48.5 54.6 50.6 50.4 52.0

Mem 25 51.6 50.5 50.1 49.1 49.4 54.3 50.4 50.8 50.9

A6

Entropy 5 50.2 49.4 51.7 51.3 48.8 49.0 48.8 48.9 54.1

Entropy 15 50.2 49.4 51.7 51.3 48.8 48.9 48.8 49.0 53.5

Entropy 25 50.3 49.5 51.8 51.2 48.8 49.0 48.8 49.0 53.5

Average AUC 50.9 49.8 50.9 50.4 49.0 51.6 49.6 49.7 52.2

PPL_200
Seen 4.3±2.6 6.7±3.9 6.9±3.4 8.3±5.0 8.3±5.1 8.7±5.4 9.5±6.8 10.4±8.3 10.5±7.0

Unseen 4.6±3.0 6.8±4.1 6.9±3.0 8.6±5.6 8.7±6.3 9.2±6.5 9.9±7.6 9.9±7.2 10.5±5.6

Table D.11: Average contamination detection AUC for the OLMo-2-1124-7B model, under

different domains within the Algebraic Stack dataset. ‘PPL_200’ represents the average

perplexity ± STD, from the first 200 tokens within every instance. The color green represents

AUCs higher than 60.
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Assumptions & Metric
RE-

2012temp

STS-

B

DC-

MTSample

RE-

2011coref

events-

BioRed

events-

NLMGene

events-

2012temp

events-

2006deid

events-

BioASQ

A1

PPL_50 62.5 83.3 51.9 60.5 50.4 49.4 50.0 51.4 67.6

PPL_100 95.3 93.3 60.0 70.0 50.0 48.8 50.4 59.3 52.6

PPL_200 99.4 96.8 58.9 70.5 89.4 87.4 76.2 79.0 66.1

Min 5% token 92.9 93.4 47.4 72.6 61.4 76.1 57.5 78.0 74.9

Min 15% token 93.3 93.4 51.7 70.1 88.3 85.3 71.2 82.3 69.4

Min 25% token 93.4 92.1 53.3 68.5 94.1 80.5 74.8 76.5 64.7

A4

Mem 5 41.4 48.0 47.9 46.6 49.8 52.0 51.0 52.5 49.2

Mem 15 45.2 53.3 49.1 46.4 48.9 52.3 51.9 52.7 52.8

Mem 25 48.9 55.9 50.3 48.4 46.6 52.1 52.6 53.1 52.5

A6

Entropy 5 93.2 80.5 55.4 63.9 94.5 65.3 74.3 62.6 43.1

Entropy 15 93.1 82.0 54.8 64.5 94.5 66.6 74.2 63.7 46.0

Entropy 25 93.1 82.6 54.1 64.7 94.5 67.1 74.4 64.2 47.6

Average AUC 74.1 73.1 52.0 59.0 69.8 63.5 62.4 62.8 55.1

PPL_200
Seen 1.4±0.1 1.5±0.1 1.7±0.2 2.1±0.8 2.8±0.3 3.1±0.4 3.2±0.4 3.3±0.6 8.1±2.3

Unseen 3.0±1.6 2.0±0.3 1.8±0.2 3.6±2.4 3.8±0.9 4.3±1.0 4.1±1.1 4.6±1.6 9.4±2.7

Table D.12: Average contamination detection AUC for the BioMistral model, under different

domains within the Medical-NLU dataset. ‘PPL_200’ represents the average perplexity ±

STD, from the first 200 tokens within every instance. The color green represents AUCs higher

than 60.
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D.5.2 Metric Distribution in Histogram

In this section, we present the distributions of different metrics both within domain and

across domains.

We compare the MIA performance between the GitHub and Pile-CC domains, from the

Pythia-6.9b model. As shown in Figure D.1 & D.2, when the seen and unseen instances are

from the same domain, their PPL_200 distributions are very similar. However, as shown

in Figure D.3 & D.4, when the seen and unseen instances are from different domains, their

PPL_200 distributions are very different. This indicates that the PPL_200 relates more to

domain shifts, instead of the contamination status of individual instances.

Figure D.1: The density plot of PPL_200 from the Pythia-6.9b model, when both seen and

unseen instances are from the Github domain.
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Figure D.2: The density plot of PPL_200 from the Pythia-6.9b model, when both seen and

unseen instances are from the Pile-CC domain.

Figure D.3: The density plot of PPL_200 from the Pythia-9.6b model, when the seen

instances are from the Github domain, and the unseen instances are from the Pile-CC

domain.
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Figure D.4: The density plot of PPL_200 from the Pythia-9.6b model, when the seen

instances are from the Pile-CC domain, and the unseen instances are from the Github

domain.

We observe a similar trend for other metrics: Min 25% Prob (Figure D.5, D.6, D.7, D.8),

Mem 25 (Figure D.9, D.10, D.11, D.12), Entropy 25 (Figure D.13, D.14, D.15, D.16).

Figure D.5: The density plot of Min 25% Prob when both seen and unseen instances are

from the Github domain.
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Figure D.6: The density plot of Min 25% Prob when both seen and unseen instances are

from the Pile-CC domain.

Figure D.7: The density plot of Min 25% Prob from the Pythia-9.6b model, when the seen

instances are from the Github domain, and the unseen instances are from the Pile-CC

domain.
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Figure D.8: The density plot of Min 25% Prob from the Pythia-9.6b model, when the seen

instances are from the Pile-CC domain, and the unseen instances are from the Github

domain.

Figure D.9: The density plot of Mem 25 from the Pythia-6.9b model, when both seen and

unseen instances are from the Github domain.
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Figure D.10: The density plot of Mem 25 from the Pythia-6.9b model, when both seen and

unseen instances are from the Pile-CC domain.

Figure D.11: The density plot of Mem 25 from the Pythia-9.6b model, when the seen

instances are from the Github domain, and the unseen instances are from the Pile-CC

domain.
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Figure D.12: The density plot of Mem 25 from the Pythia-9.6b model, when the seen

instances are from the Pile-CC domain, and the unseen instances are from the Github

domain.

Figure D.13: The density plot of Entropy 25 from the Pythia-6.9b model, when both seen

and unseen instances are from the Github domain.
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Figure D.14: The density plot of Entropy 25 from the Pythia-6.9b model, when both seen

and unseen instances are from the Pile-CC domain.

Figure D.15: The density plot of Entropy 25 from the Pythia-9.6b model, when the seen

instances are from the Github domain, and the unseen instances are from the Pile-CC

domain.
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Figure D.16: The density plot of Entropy 25 from the Pythia-9.6b model, when the seen

instances are from the Pile-CC domain, and the unseen instances are from the Github

domain.



211

D.5.3 Cross-Domain Detection with Different Metrics

In this section, we present AUC results with other metrics, when seen and unseen instances

are from different domains, for the Pythia-6.9b model. The metrics include Min 25% token

(Figure D.17), Mem 25 (Figure D.18), and Entropy 25 (Figure D.19). All metrics exhibit

higher AUC values in the top-right corner and lower values in the bottom-left, while diagonal

points approach random guessing.

Figure D.17: Average contamination detection AUC for the Pythia-6.9b model with the

metric, Min 25% token, when the seen and unseen instances are from different domains.

The abbreviations represent the domains in Table D.9.
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Figure D.18: Average contamination detection AUC for the Pythia-6.9b model with the

metric, Mem 25, when the seen and unseen instances are from different domains. The

abbreviations represent the domains in Table D.9.
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Figure D.19: Average contamination detection AUC for the Pythia-6.9b model with the

metric, Entropy 25, when the seen and unseen instances are from different domains. The

abbreviations represent the domains in Table D.9.
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