AUTOMATING PATIENT SAFETY EVENT REPORT CLASSIFICATION USING
NATURAL LANGUAGE PROCESSING AND MACHINE LEARNING

Shehnaz Islam

A thesis submitted in conformity with the requirements
for the degree of Masters of Applied Science

Department of Mechanical and Industrial Engineering
University of Toronto

©) Copyright 2024 by Shehnaz Islam



Automating Patient Safety Event Report Classification using Natural Language Processing and
Machine Learning

Shehnaz Islam
Masters of Applied Science

Department of Mechanical and Industrial Engineering
University of Toronto
2024

Abstract

Incident reporting (IR) in healthcare organizations aims to improve the quality of care and patient
safety. The primary purpose of IR is to identify safety issues and develop interventions to mitigate
these hazards, thereby reducing harm in healthcare [21]. IR enables healthcare organizations to
document Patient Safety Event (PSE) reports, detailing incidents that compromise patient safety,
including medical errors, near misses, or adverse events [178]. Accurate classification of PSE reports
into their corresponding incident type and severity level is crucial for analyzing trends, guiding in-
terventions, and enhancing organizational learning [51, |15]. However, the high volume of reported
PSEs [94] and the complexity of the classification taxonomy, which requires specialized knowledge
for categorization, make the labelling process labour-intensive, time-consuming, and expensive [102}
43]. In this study, we aim to develop and evaluate machine-learning models that predict the type
and severity level of an incident based on textual description of the event in a PSE report. Our goal
is two-fold. First, we aim to build predictive models that can identify high-severity PSE reports.
This prioritization could speed up the analysis of these reports, improving overall patient safety and
healthcare quality. Second, we investigate Active Learning (AL) strategies to streamline the manual
labeling process for assigning event types to PSE reports. This approach aims to reduce labeling
efforts while enhancing classification performance by querying instances that, if annotated by human
experts, would significantly improve classification accuracy. We investigate the application of these
models to PSE report datasets from two institutions: a large hospital in Canada and an academic
hospital in the Southeastern United States. Our results show that models like Light GBM, trained
on domain-specific representations such as GatorTron, significantly improve the ranking quality of
incidents by severity level, with R-precision increasing from 0.197 to 0.4259 and MAP from 0.1546
to 0.4205. We also observe that using Active Learning strategies over baseline random sampling
reduces the need for labeled samples by 24-69%, effectively decreasing manual workload while main-

taining high classification accuracy.
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Chapter 1

Introduction

In healthcare organizations, Patient Safety Events (PSEs) are incidents or circumstances, including
medical errors, near misses, and adverse events, that could have or did result in unnecessary harm
to a patient |172} [78]. PSEs resulting from unsafe care represent a significant and growing global
public health challenge, and are among the leading causes of death and disability worldwide [124]. In
2000, the study “To err is human” estimated that clinical errors cause about 44,000 to 98,000 deaths
annually in the USA, with later studies raising this estimate to 251,454 deaths, making medical errors
the third-leading cause of death in the USA [44) |112]. The global cost of medication errors alone is
estimated at US$ 42 billion annually [124]. An adverse event is a type of PSE that leads to patient
harm resulting in prolonged hospitalization, disability, or death due to healthcare management [136].
Research from a large international review of patient charts indicates that approximately 4-17% of
hospital admissions are associated with an adverse event and a considerable proportion of these
events (one to two-thirds) can be prevented |136]. This signifies the need for effective incident
reporting and analysis mechanisms to mitigate such occurrences.

Following the Global Patient Action Plan by the WHO in 2020 [124], healthcare organizations
have widely adopted Incident Reporting (IR) systems to document PSE reports. These systems are
crucial for the collection, analysis, and management of PSEs, thus contributing to the development
of safer healthcare policies and mitigate future risk [44]. PSE reporting systems enable healthcare
personnel, to voluntarily log incidents, in the form of structured and unstructured data including
details like the type of incident (e.g., fall, burn), initial harm level (e.g. moderate, severe, critical),
timing, location and incident description. Omnce submitted, these reports are then reviewed by

hospital staff such as risk managers and Patient Safety Analysts (PSAs), playing a crucial role
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in improving healthcare quality and safety by providing insights into factors leading to PSEs and
facilitating the development of preventive measures [73].

Accurately categorizing the PSE reports into appropriate event types and harm level is crucial
for analyzing trends, guiding interventions, and enhancing organizational learning |51} [15]. However,
frontline reporters—such as point-of-care clinicians, nurses, physicians, or technicians—who are of-
ten not domain experts in PSE classification taxonomy, can inaccurately classify these reports when
initiating them in the system. Therefore, the success of these reporting systems greatly depends on
the organization’s ability to efficiently post-process and analyze the large volume of PSEs reported
[46L [111]. Currently, PSAs or risk managers are often required to manually perform retrospective
review of all reports generated daily. This process includes, but is not limited to, validating or
reclassifying incidents into their appropriate types and severity levels, as well as identifying poten-
tially severe and preventable safety events for further and deeper analysis. A significant challenge
faced by PSAs is the timely and accurate analysis of large volume of PSE reports and prevent their
recurrence, given many reports are incomplete or inaccurate. This labor-intensive process not only
reduces PSAs’ efficiency and capacity to work on other care improvement initiatives but also results
in only a small fraction of reports being accurately annotated with an event type or severity level.

The primary objective of this research is to utilize Natural Language Processing (NLP) and
Machine Learning (ML) techniques for the efficient classification of Patient Safety Event (PSE)
reports in healthcare environments. While previous studies have attempted to use NLP and ML
to support PSE report classification [52} 123 (172} |48], 30} [29], demonstrating efficacy in accurately
classifying these reports, the use of more advanced NLP techniques using neural network language
models is limited [185]. Hence, in this study, we explore both traditional static NLP techniques as
well as deep-learning based contextual NLP techniques involving language models, such as BERT
(Bi-directional Encoder Representations from Transformers) [41], capable of capturing semantic
meaning of text, as detailed in Chapter [2, Section Specifically, in this study we make two

main contributions:

1. First we train and evaluate Learning-to-rank Ranker and Classifier models based on Gradient
Boosting Machines (GBM), across various NLP techniques, to automate the identification
of critical safety events of highest severity level (HPI Serious Safety Event Levels 1-4). To
our knowledge, this is the first work to implement LTR models for PSE report classification.
Our findings indicate that Light GBM classifier model with healthcare domain-specific features

significantly outperforms existing baselines, and has the potential to improve the efficiency of
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the PSA review process and reduce manual screening efforts.

2. To address the challenge of limited availability of accurately labelled PSE reports, we evaluate
the efficacy of integrating Active Learning (AL) strategies to guide PSE report labelling. Our
results demonstrate that informed AL strategies significantly outperform random sampling
methods. Thus, AL can optimize the use of human resources and facilitate the development of
a robust dataset for training ML models, thereby improving model performance with limited

annotated data.

The overall goal of this study is to improve patient safety and streamline incident classification in
healthcare organizations, supporting timely and efficient identification of PSEs and their analysis by
PSAs. This study utilizes PSE reports from a large hospital in Canada, to train and assess the pre-
dictive models for severity classification of PSEs. For event type classification using AL approaches,
it utilizes a separate dataset of PSI reports specific to maternal care units from a Southeastern

academic hospital in United States.

1.0.1 Organization

Chapter [2| provides background on various NLP and Active Learning techniques relevant to this
study. In Chapter |3} we evaluate GBM Learning-to-rank models, across various NLP techniques, to
automate the identification of critical safety events. In Chapter [4] investigates the efficacy of Active
Learning strategies in improving the performance of ML models in event type classification of PSE
reports. Finally, Chapter [5] we summarize our contributions and some potential future research

directions stemming from the findings of this thesis.



Chapter 2

Background

This chapter outlines the Natural Language Processing (NLP) and Machine Learning (ML) tech-
niques relevant to this thesis. Patient Safety Event (PSE) report, primarily composed of text data,
details the type, severity, and sequence of events describing the patient safety incident. To train
ML models with this textual information, it is essential to convert the free-text incident descrip-
tions into numeric word representations. The following section provides background on various text

representation methods and Active Learning techniques relevant to this study.

2.1 Text Representation

The biggest challenge with textual data, is that ML models cannot process textual input in their
raw form. It requires the input text to be represented as a numeric vector instead, that can be
used to optimize the model parameters to be able to learn the patterns in the text. In Natural
Language Processing this conversion from text to numeric form, has been done using several ap-
proaches, evolving from simple word count representations to word feature representations. This
section discusses the core ideas behind word representations, various techniques for converting text
to numeric features, and how they have evolved over time.

We begin with traditional static text representation methods developed before the advent of deep
learning, such as Bag-of-Words (BOW) and Term Frequency-Inverse Document Frequency (TF-
IDF). We then progress to advanced neural contextual text representations, including Word2Vec

and BERT.
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2.1.1 Bag-of-Words (BOW)

The BOW model is a simple yet popular NLP approach [133] where a document is represented as
a collection of words, ignoring the order of words. Each document is represented as a vector of
dimension v, where v denotes the vocabulary size (i.e the total number of unique words across the
entire corpus). The process begins by tokenizing the text into individual words or n-grams, using
techniques like splitting the text on white spaces. A dictionary of all unique words is created, and
for each document, a vector is generated based on this dictionary. While BOW representations
are effective for certain analyses, it has limitations. It ignores word order and context, leading to
potential loss of meaning, and also results in a sparse matrix due to the large number of zeros from

absent words.

Binary vs. Non-Binary Count Vectorizer

Documents can be represented using a Binary Count vectorizer, which indicates the presence (1) or

absence (0) of words, or a Non-Binary Count vectorizer, which counts the frequency of each word.

2.1.2 TF-IDF (Term Frequency-Inverse Document Frequency)

TF-IDF [113] is the most commonly used text representation technique in information retrieval
systems. It is based on the principle that the importance of a term within a document set increases
proportionally to the term’s frequency but inversely with its prevalence across all documents. As the
term suggests, TF-IDF is computed by multiplying two quantities TF and IDF. TF (term frequency)
measures how frequently a term appears in document, denoted as tf; 4, where ¢ represents the term
and d the document. IDF, on the other hand, measures ‘the amount of information’ associated
with a term [2]. The IDF of a term is calculated as the logarithm of the inverse of the document
frequency, which refers to the number of documents containing the term ¢. The equation for the

TF-IDF score for a term can be written as [35]:

tf.adfs,q = tfi,a X idfy

=tfra % log(dﬂft)

(2.1)



CHAPTER 2. BACKGROUND 6

2.1.3 Word2Vec

The Word2Vec approach, developed by Google in 2013 [84], uses neural networks [164] to learn
word embeddings that capture the contextual relationships between words in a corpus. It consists
of two models, each a shallow 2-layer neural network, namely skip-gram and continuous bag of
word (CBOW) [186]. These models estimate the conditional probabilities of a word based on its
surrounding words, encoding semantically meaningful numeric representations in a high-dimensional
vector space [186]. Word2Vec models are trained on large text corpora, assigning each unique word a
vector in a space typically spanning several hundred dimensions [63|, learning an embedding matrix
VaD, where V is the total number of unique words and D is the embedding dimension. The resulting
embeddings group contextually similar words closely together, and dissimilar words farther apart
[63].

Unlike traditional methods like BOW and TF-IDF, Word2Vec accounts for the order of words
along with co-occurrences, generating more meaningful word representations. However, it has limi-
tations. Word2Vec generates shallow, static embeddings for each word [87], which does not capture
varying contextual relevance between entities [86]. Because a word can have multiple meaning de-
pending on where it is used in the text sequence, static embedding algorithms such as Word2Vec
fail to capture the context level information and higher level concepts like long-term dependencies

and negation [87].

GloVe

Global Vectors (GloVe) [127] is a Word2Vec model, pretrained on a large English Wikipedia corpus,
embededding each word in a latent vector space. For this study we use the GloVe6B model, where
each word is represented by a 300-dimensional vector. Sentence-level embeddings are derived by
averaging the vectors of all words in a sentence, producing a 300-dimensional feature vector for each

instance.

2.1.4 Bidirectional Encoder Representations from Transformers (BERT)

To capture the contextual and positional information in texts, language models like Recurrent Neural
Networks(RNN) [151], Long Short-Term Memory (LSTM) [151], Sequence-to-Sequence [158], and
bidirectional LSTMs such as ELMO [130] have been developed. The introduction of transformer
models in 2017 by Ashish Vaswami [166] led to the development of OpenAl GPT and BERT mod-

els. Among all models BERT has shown significant success achieving state-of-the-art performance
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on eleven NLP tasks [41]. One of the key factors leading to BERT’s success is that it uses a bidi-
rectional training approach, which allows it to process text in both left-to-right and right-to-left
directions during pre-training, unlike OpenAI GPT which only trains form left-to-right [87]. Thus
BERT contextual embedding is able to capture the contextual meaning of words based on both the

preceding and succeeding words in a sentence.

Input Text [CLS] patient had a fall [SEP] suffered head injury [SEP]

Token ‘ E[cLg) | ‘ Epatient | Ehad ‘ | = ‘ ‘ Efal ‘ ‘ Efsep] | Esuifered| ‘ Ehead ‘ | Einjury ‘ | E(sep) ‘
Embeddings

® ® @® ® & @ ® & o ®
et 8 05 [T [T&T] [T&] & =) [T=0] =] [T
Embeddings

@ ® 66 ® ©® 66 66 6 o @
eossangs | @ || = [ = [ & |[&][= |[= |[=|[=|[=]

Figure 2.1: BERT input representation. The input embeddings are the sum of the token embeddings,
the segmentation embeddings and the position embeddings|41].

BERT’s model architecture is a stacked multi-layer bi-directional encoder of original Transformer
model [41} 166]. Each sequence begins with a special classification token ([CLS]), that captures
the overall context of the text sequence [41]. The final hidden state of this token is used as the
aggregate sequence representation for classification purposes. For sentence pairs (e.g., [Question,
Answer]| tasks) the separation token ([SEP]) is used to distinguish between the sentences. BERT can
learn contextual sentence-level embeddings that are capable of capturing the syntactic and semantic

relationships using distributed representation, outperforming static representations approaches [86].

2.1.5 BERT Variants

The success of BERT has inspired the development of several variants, aiming to refine or extend the
original model’s capabilities. Two such notable variants are RoOBERTa (Robustly optimized BERT

approach) and DeBERTa (Decoding-enhanced BERT with disentangled attention).

RoBERTa — A Robustly Optimized BERT Pretraining Approach:

Is a re-implementation of Google’s BERT model, developed by researchers at Facebook AT [41}
106]. It aims to optimize key hyperparameters like learning rate, warmup steps, batch size, and
input sequence length, as well as expanding training data size, to improve performance on various
language-based tasks. Unlike BERT, which pre-trains on BooksCorpus (800M words) [189] and

English Wikipedia (2,500M words), RoBERTa trains on a larger English-language corpus, incor-
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porating CC-News, OpenWebText, and Stories, totalling over 160GB of uncompressed text [106].
This comprehensive training corpus enables the model to capture a wider range of linguistic con-
texts. RoBERTa model achieves state-of-the-art results on several major NLP benchmarks, including
GLUE, RACE and SQuAD [106]. Due to its enhanced performance, RoBERTa is considered over

BERT for text feature extraction in our experiments.

DeBERTa — Decoding-enhanced BERT with disentangled attention:

Is an improved version of BERT architecture developed by researchers at Microsoft. It introduces a
novel disentangled attention mechanism, where each word is represented through two separate con-
tent and positional vectors, so that attention weights can be computed among words on both their
content and positional information. Additionally, it incorporates an enhanced mask decoder that
uses absolute positional information for accurately predicting masked tokens during pre-training |70].
This approach allows DeBERTa to better understand the relative positional information between
words in a sentence, making it more effective in capturing the nuances of language structure. De-
BERTa demonstrates superior performance on MNLI, SQuAD v2.0, and RACE NLP benchmarks,
surpassing RoBERTa-Large models, with improvements of +0.9%, +2.3%, and +3.6% respectively
[70]. The effectiveness of deberta on various NLP tasks like question answering, sentiment analysis,
and text classification, as reported in various studies, makes DeBERTa an optimal choice for text

feature representation [170) [188} [157].

Domain-Specific Contextual Representations

Inspired by BERT, domain-specific models like Med-BERT and Bio-BERT have been developed
for healthcare applications. These models mainly differ in the dataset they were trained on. For
instance, Med-BERT is trained on a large Electronic Health Record (EHR) dataset containing
28,490,650 patient records. Experiments have shown that Med-BERT substantially improves pre-
diction accuracy and AUC (Area under curve) for small fine tuning tasks specific to clinic domain
such as disease prediction, compared to other deep learning models [137]. BioBERT is another such
domain-specific language model pre-trained on large biomedical corpus, including PubMed abstracts
and PubMed Central (PMC) full-text articles [96]. Thus, BioBERT does well in understanding com-
plex biomedical text and largely outperforms original BERT on biomedical text mining tasks such

as biomedical named entity recognition, relation extraction, and question answering. [96].
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2.2 Active Learning (AL)

In the modern digital era, vast amounts of data are generated, such as web documents, images,
and emails, most of which are unlabeled. However, supervised machine learning models require a
substantial amount of labeled data for optimal performance. The traditional practice of manually
labeling training data is time-consuming, costly, and often impractical due to the immense volume
of data available [61]. Active Learning (AL) is a semi-supervised machine learning technique that
addresses this challenge by selectively querying a small subset of informative data points for hu-
man annotation, instead of labeling the entire dataset, and then uses these newly-labelled samples
to re-train the model [53] |61), [118]. This process repeats for a set number of iterations or until
reaching predefined criteria like a target classification accuracy or exhausting the labeling budget
|97, iteratively improving the classifier performance. This AL cycle ensures that the selected data
points, when accurately annotated, significantly enhance the machine learning model’s performance
[53]. Re-training of classifier using labeled samples can be done using two approaches: Batch, where
the model is re-trained after labeling multiple examples, and Sequential, where retraining occurs

immediately after each new element is labeled [118].

2.2.1 AL Sampling Strategy

There are three main sampling strategies for Active Learning in the literature [23] [118]:

e Pool-based sampling: This approach involves the active learner to determine the rank of each
sample from the entire set or subset of unlabeled data (the “pool”), and selects the most
informative sample based on a AL selection strategy (see Section for manual labelling.
This method is ideal for datasets that have a small set of labeled instances and a large set of

unlabeled instances [23] |61].

e Stream-based selective sampling: Also known as sequential sampling, where each unlabeled
instance is evaluated individually one at a time to decide whether to label it or not [23].
These decisions can be based on various methods, such as choosing to label if the AL selection
strategy exceeds a certain threshold or by determining if instances fall within identified regions

of uncertainty [23| (6]

e Membership query synthesis: Unlike pool-based or stream-based sampling, this approach al-
lows the learner to request labels for any unlabeled instance in the input space. It can generate

synthetic instances instead of selecting them from the dataset, which may lead to nonsensical
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queries. For example, in MNIST handwritten digit classification, it might query the label for
a non-existent digit (an artificial hybrid digit generated), which is not sensible even to humans

3.

2.2.2 AL Selection Strategy

The selection of data points to be labelled is done based on the chosen selection strategy, such as
uncertainty, representativeness, or diversity |71]. Various selection strategies have been proposed in
the literature. The strategies can be distinguished into three types: uncertainty-based, Query By

Committee (QBC) and diversity-based.

e Uncertainty: Several methods apply the uncertainty sampling principal to select the unlabelled
data points that have the largest classification uncertainty [71]. Some examples of uncertainty

measures include “Least Confidence”, “Margin” and “Entropy” [145].

e Query By Committee (QBC): In the Query By Committee (QBC) approach, a group of classi-
fiers is used to identify and label the most informative examples. Each data point is evaluated
for its potential informativeness, generally based on the level of disagreement among the com-
mittee of models regarding its predicted label. After labeling, these examples are added to the
training set. This cycle continues until the number of available requests for labels is exhausted

[115] [23].

e Diversity: An approach proposed by |71] which which provides a systematic way for measuring
and combining the uncertainty, representativeness, and diversity of an instance. It first uses
instances’ uncertainty and representativeness measures to constitute the most informative
set. Then, it uses kernel-means clustering algorithm to filter the redundant samples and the

resulting samples are queried for labels |71].



Chapter 3

Learning to Rank PSE reports by

Severity

3.1 Introduction

Patient safety events (PSEs) are incidents or circumstances, including medical errors, near misses,
and adverse events, that could have or did result in unnecessary harm to a patient |172} 78]. Incident
Reporting (IR) systems in healthcare are crucial for enhancing care quality and ensuring patient
safety. It enables healthcare personnel (e.g. point-of-care clinicians), to voluntarily log incidents, in
the form of structured and unstructured data such as, the occurrence and reporting date, location,
event type, a narrative description of the incident, and an initial harm level assigned at the onset of
the event by report initiator. These reports are then reviewed by hospital staff such as risk managers
and Patient Safety Analysts (PSAs), playing a crucial role in improving healthcare quality and safety
by providing insights into factors leading to PSEs and facilitating the development of preventive
measures [73].

Provincial hospital management legislation mandates that healthcare organizations promptly
review critical (i.e. high severity) incidents following their occurrence. These incidents must undergo
a thorough analysis and a plan developed with systemic steps aimed at minimizing or preventing
similar future incidents. In the hospital, PSAs are responsible for screening all reports in the IR
system within two days to identify potential critical incidents. Timely and accurate classification
of these reports is essential for enhancing the safety and quality of healthcare services, especially

in identifying and mitigating Serious Safety Events (SSEs). However, due to the rarity of SSEs,

11
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the manual triage process by PSAs to screen through a large volume of reports and isolate critical
incidents is labor-intensive, time-consuming, and costly.

In this study, our objective is to utilize machine learning (ML) models that can differentiate
and prioritize high severity events (Serious Safety Event (SEC) Levels 1-4; see Section from
less severe ones after being reported and prior to analysis. We adopt a binary ranking approach,
implementing Learning-to-Rank (LTR) models (see section that learn to give potentially severe
events precedence over other events, appearing higher on the review list. Such prioritization will
enable PSAs to quickly address these critical events, thereby increasing the effectiveness of post-
event analyses. Additionally, we expect this method to decrease the number of non-severe events
undergoing detailed reviews, streamlining the overall evaluation workflow. Specifically, we make the

following contributions:

1. We leverage tree-based ensemble models, specifically Extreme Gradient Boosting (XGB) and
Light Gradient Boosting Machine (LGBM), considering both query-independent and query-
dependent Learning-to-Rank (LTR) strategies in ranking patient safety event reports by sever-
ity. To our knowledge, this is the first work to implement LTR models for PSE report classi-
fication. We further analyze the effectiveness of these models across various static and deep-

learning based contextual text representations.

2. Our evaluation reveals that the query-independent LTR strategy using the LGBM classifier
with healthcare domain-specific GatorTron features, significantly outperforms the existing
baseline. This model can assist PSAs in efficiently identifying potential critical incidents,

thereby reducing the workload of manual screening and streamlining the review process.

3. We demonstrate that domain-specific embeddings, such as GatorTron, BioGPT, and BioMed-
BERT, predominantly surpass traditional NLP representations across ranking metrics. This
underscores the benefits of utilizing healthcare-domain specific contextual embeddings to en-

hance classification accuracy in PSE analysis.

3.1.1 Organization

In Section [3:2] we introduce the widely adopted standard coding taxonomy for categorizing Patient
Safety Events (PSEs) used by healthcare organizations. In Section we discuss the current
PSE review workflow employed by Patient Safety Analysts (PSAs) to triage critical safety events.

Section discusses relevant work from previous studies in the literature on using ML to classify
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incident reports. Section describes the specific dataset used in this study, including predictive
fields and target labels. Section discusses the exploratory data analysis of input features, their
distributions, and relation to target labels. Section details strategies for feature engineering
and extraction, such as text cleaning and conversion. Section [3.8] outlines the methodology for
model building and evaluation. Section presents the results, while Sections and cover

discussions, limitations, potential future work and conclusion.

3.2 HPI Safety Event Classification (SEC) Code

The widely used standardized Patient Safety Event Classification (SEC) taxonomy, developed by
the Healthcare Performance Improvement (HPI), categorizes safety events into three broad types
—Serious Safety Event (SSE), Precursor Safety Event (PrSE), and Near Miss Event (NME) [161].
The SEC extends beyond merely assigning an event type, unlike traditional categorical classifications
(e.g. fall, or burn), by assessing deviations from generally accepted performance standards (GAPS),
establishing a cause-and-effect relationship between these deviations and outcomes, and the resulting
level of patient harm [161].

A patient safety event that does not involve a deviation from GAPS is considered “Not a Safety
Event”, as defined by HPI [161]. Events representing a deviation from GAPS are categorized into one
of the three main types in the Safety Event Classification Hierarchy, each associated with different

levels of harm:

1. Serious Safety Event (SSE): These incidents represent deviations that reach the patient and
can lead to outcomes varying from moderate to severe harm, including death. It is important
to note that not all SSEs qualify as “sentinel events” per the Joint Commission’s definition
or as “never events” by the National Quality Forum (NQF) [161]. The distinction lies in that
“sentinel events” can include incidents that do not result in harm to the patient (e.g. near
misses or minor harm) or instances where the standard of care and practice expectations are

met by the organization.

2. Precursor Safety Event (PrSE): This category includes events that reach the patient but

result in “minimal harm, no detectable harm, or no harm” to the patient [161].

3. Near Miss Safety Event (NME): These events are deviations where the error is caught

and corrected before reaching the patient, either due to a safety barrier or by chance [161].
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Figureillustrates the classification methodology defined in HPT White Paper Series [161], used
to assign safety events into the three types. Additionally, HPI divides these broad SEC categories

into sub-levels depending on the severity of harm, as detailed in Table

No
et Not a Safety Event
R—
Yes
Y
Reached No
Patient?
_
Yes
Moderate- l Mo
Severe Precursor Safety Event
Harm/Death?#
Yes

Serious Safety Event

Figure 3.1: HPI SEC Algorithm \\

Table 3.1: HPI SEC Levels of Harm [161]

HPI SEC Code Level of Harm
SSE 1 | Death
SSE 2 | Severe Permanent Harm
Serious Safety Event (SSE) SSE 3 | Moderate Permanent Harm

SSE 4 | Severe Temporary Harm
SSE 5 | Moderate Temporary Harm
PrSE 1 | Minimal Permanent Harm
PrSE 2 | Minimal Temporary Harm
PrSE 3 | No Detectable Harm

PrSE 4 | No Harm

NME 1 | Unplanned Catch

Near Miss Safety Event (NME) | NME 2 | Last Strong Barrier Catch
NME 3 | Early Barrier Catch

Precursor Safety Event (PrSE)

3.3 Triage of Critical Incidents (SSE Levels 1-4)

In the Incident Reporting (IR) system, incidents undergo post-event analysis by various teams
within the organization. Patient Safety Analysts (PSAs) are tasked with reviewing preventable
and severe harms, while other members are responsible for examining events with a lower level
of harm. Specifically, PSAs are required to manually review a large number of reports submitted
through the IR system daily. They are tasked with screening and prioritizing “potential Serious
Safety Events (SSEs)” (i.e. events that appear to qualify for highest severity categories SSE 1-4),

for further detailed analysis by the central quality and safety team. After this initial screening
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by PSAs, these potential SSEs are subjected to an intensive review by a review team, which may
include point-of-care clinicians, operational /medical/practice leaders, PSAs, or other subject matter
experts. This review team identifies the underlying factors that contributed to the event in order to
develop appropriate solutions. The review commitee meeting concludes with reaching a consensus
on the Safety Event Classification (SEC) code (refer to Table [3.1)), which reflects the confirmed
severity level of the incident. This collaborative decision-making process is necessary due to the
complexity of cases and the interpretation of the SEC definitions. Figure[3.2]shows this safety event

classification workflow currently followed by the healthcare organization.
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Figure 3.2: Safety Event Classification Workflow

This review process is typically conducted within 2 weeks to 3 months, depending on the complex-
ity of the event. Due to this resource and time-intensive process, only a small fraction—approximately
3-4%—of safety events are accurately labeled with a SEC code after undergoing intensive review over
a span of six years. The challenge is compounded by the relatively small number of highly severe
incidents (SSE 1-4) among a large dataset of incidents, making it difficult for PSAs to pinpoint the
critical cases that warrant comprehensive reviews. Of all the events flagged as “potential SSE 1-4”
and subjected to in-depth review, about 9% are ultimately confirmed as SSE1-4 after these sessions,
accounting to 0.38% of all reports collected over a six-year period. Figure [3.3| shows the proportion
of incidents screened by PSAs as “Potential SSE1-4” for review and the subset of these screened

events confirmed as SSE1-4 post review.
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Figure 3.3: Incident proportions at each severe event screening stage

3.4 Related Work

This section discusses some of the relevant work in the literature, pertaining to the classification of

medical reports like PSEs, and the results they obtained.

3.4.1 Traditional ML model to classify free text incident reports

Traditional Machine Learning (ML) models include Logistic Regression, Decision Trees, Support
Vector Machines (SVM), Naive Bayes classifiers and others discussed in Chapter [2| There has been
considerable attempts made to automate the classification of patient safety event (PSE) reports
using traditional ML model among which SVM, Logistic Regression and Naive Bayes were most
commonly used.

A paper published by Mei-Sing Ong et al in 2012, explored the feasibility of using statistical text
classification to automatically detect extreme-risk events in clinical incident reports . Naive
Bayes model and Support Vector Machines (SVM) text classifiers were developed to identify extreme-
risk (severe) safety events based on the free-text description of the incident reports. Results show that
SVM with a linear kernel performed best, with an accuracy in identifying severe events (SAC level
1) of 0.858 (0.95 Confidence Interval 0.796 to 0.921), precision=0.88, recall=0.83, F-measure=0.86,
and AUC=0.92 .

In 2017, Ying Wang et al, evaluated SVM classifiers on linear and RBF kernels using the one-
versus-one (OvsO) and one-vs-all (OvsA) emsemble strategies, to classify incident reports into 10
event types and 4 severity levels . According to the results, OvsO ensembles of SVM RBF
with binary count feature extraction (i.e. 1 if word appears 0 otherwise) were the most effective
combination to identify incident type and severity level. For severity level, F-score for extreme risk

event were much higher (0.873 for SAC 1 level) compared to low risk events (0.64 for SAC 4 level) on
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balanced data. Overall, lower performance was observed with severity levels compared to incident
types because each severity level included multiple incident types making it harder to obtain distinct
vocabularies between levels [172].

A similar study conducted in 2020, by Huw Prosser Evans et al, also implemented Naive Bayes
and SVM with polykernel to classify unstructured free text into incident type and severity [48]. Here
again SVM reported highest AUROC (Area Under the Receiver Operating Curve) for both incident
type classification and severity classification approximating to 0.84 and 0.71 respectively. Note this
paper also reports lower performance on severity level compared to incident types [48].

A major issue with incident reporting in healthcare is that often classifying the incident can be
complex and difficult to understand by frontline reporters, leading reporters to frequently classify
incidents into the generic category such as “others” or “miscellaneous” as opposed to assigning a
specific category thus impeding the very reason for incident reporting, which is to analyze incidents
to improve patient safety and quality of care. The “Miscellaneous Patient Safety Event Reports”
paper published in 2021 by Fong et al, attempted to address this issue by implementing various
ML models such as LR, RF and SVM with RBF kernel, to reclassify the safety events that were
classified as miscellaneous by frontline reporters [52]. Among all models the SVM with RBF kernel
had the best F-score and accuracy of 0.89 and 0.92, respectively, mirroring the results of previous
papers discussed.

Summarizing the findings, we see that SVM based models outperformed other traditional models

in PSE text classification, in every study examined.

3.4.2 Advanced ML models to classify patient incident text

Although there has been several studies using traditional NLP techniques to automate the PSE
report classification, the use of more advanced NLP techniques using neural network language models
is limited [185]. More recent studies make use of contextual word embedding such as BERT—
Bi-directional Encoder Representations from Transformer [41]. Contextual embedding takes into
account not only the co-occurrence of words, but also the semantic meaning of the word based on
other surrounding words as described in Chapter 2 section

One such study [83] examines the effectiveness of pre-trained BERT embedding in medical code
assignment tasks published in the year 2021 by Shaoxiong Ji et al [83]. The paper conducts a compre-
hensive quantitative analysis of various contextualized language models’ performances, pretrained in

different domains, for medical code assignment from clinical notes. The study investigated several
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BERT variants pretrained on the following three domain categories:
1. Generic Domain: Vanilla BERT pre-trained on BooksCorpus and English Wikipedia

2. Mixed-domain pretraining combining closely related domains: A mixture of BERT variants
that are closely related to the target clinical domain such as biomedical and health-related
social domains were investigated. Both continued training and training from scratch were

considered. Some BERT variants include:

e BlueBERT- pretrained with PubMed text and MIMIC-III clinical notes |126]

e BioBERT- continually pretrained on domain-specific data from PubMed abstracts and
PMC full-text articles [96]

e BioRedditBERT- initialized from BioBERT and continually pretrained on health-related

posts from health-themed forums in Reddit |9

e PubMedBERT- domain-specific pre-trained from scratch in biomedical domain using

PubMed publications [64]

3. In-domain continued pre-training: Continues pre-traning on the task specific Clinical BERT in

the second stage using clinical notes and discharge summaries.

Results from the study show that while pre-training in mixed domains improves predictive per-
formance to some extent over the BERT-base pretrained in general domains, the PubMedBERT
pretarined from scratch on biomedical corpora gains comparatively better performance with im-
provements of 0.039 and 0.033 for macro and micro F-scores on the MIMIC-IIT top-50 code set [83].
The explanation for this was that specific-domain pretraining makes downstream classifier concen-
trate on specified semantic knowledge as opposed to mixed-domain models that may be distracted
from relatively broad information [83].

The study also investigates fine tuning all the BERT variants on custom dataset using Fully
Connected Networks (FCN) and Label-wise Attention Network (LAN) (i.e connects document rep-
resentation with label information) on top of each BERT variant [83]. It concludes that hierarchical
fine tuning does improve prediction performance as well, where PubMedBERT with LAN outper-
forms all other fine tuned models, achieving 0.633 and 0.681 Macro and Micro F-scores respectively
on MIMIC-III top-50 code set [83].

Although fine-tuning can enhance performance, this is not always the case. For example, the
study indicates that fine tuning pre-trained language models struggles with high dimensional struc-

tured prediction tasks involving a full label set of over 8000 labels [83]. In cases where fine-tuning
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does not enhance performance, utilizing pre-trained embeddings directly from transformer models
as input features for traditional ML models can improve prediction accuracy. We plan to implement
this approach by using various contextual embeddings, such as BERT, and traditional supervised
ML models like SVM or LR to classify PSI reports.

Another study developed a deep Convolutional Neural Network (CNN) model with Word2Vec
word embedding to identify 10 incident types and 4 severity levels of patient safety incident reports
[171]. A CNN architecture with 6 layers outperformed SVMs, achieving F-scores as high as 0.85
across three test datasets when identifying common incident types (e.g. falls, pressure injury, and
aggression) [171]. The CNN also outperformed SVMs, in common severity levels (medium SAC
3/low SAC 4) identification, improving F scores by 0.119 to 0.451 three across all three test datasets
[171]. Although, for rarer incident types (e.g. blood products, infection, patient identification and
clinical handover), the CNN on balanced dataset had relatively lower performance in real-world
setting, it was able to better generalize on unseen datasets compared to SVMs |171]. While CNNs
for sentence classification can yield promising results, their performance is highly dependent on
the selection of different hyperparameters. These include filter size, the number of feature maps,
activation functions, max pooling layers, and the application of regularization. Therefore, a careful
and well-considered architecture is crucial for achieving optimal performance.

Approaches to combine well performing models to predict PSEs were also conducted. A study
in 2019, by Wang et al, showed that combined models generally outperform individual models
with some exceptions, where the best model identified Health Information Technology (HIT) events
with approximately 0.90 accuracy and achieved approx 0.87 F-score [168]. A hybrid CNN and
bidirectional long short-term memory (LSTM) has been used in the detection of bleeding events
from electronic health record (EHR) notes with an overall F-score of 0.938 [99]. Models such as
LSTM are particularly valuable when dealing with long input text documents, such as those found
in EHR data, which contain an abundance of text. LSTMs are capable of capturing the long term
dependencies within text, enabling them to extract the most relevant insights from lengthy sequence
of text. Recent novel approaches to classify long documents, use BigBird sparse-attention based
transformer models, such as the ICDBigBird model that combines Graph Convolutional Network
(GCN) [92] and a contextual embedding model for International Classification of Diseases (ICD)

classification task (i.e a widely used coding system maintained by World Health Organization) [116].
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3.5 Dataset

This study utilized a dataset from the Patient Safety Event (PSE) reporting system of a large hospital
in Canada, comprising 71,729 PSE reports over six years, detailing incidents that occurred from
January 1st, 2017, to December 31st, 2022. The study was approved by the hospital’s institutional
review board (REB# 23-5237) and underwent additional reviews to ensure compliance with all
privacy legislation and quality assurance privileges.

The dataset comprises twelve fields: Date of Birth, Date Incident Occurred, Date Incident Re-
ported, Incident Type, Level of Harm (By Initiator), Level of Harm (By Manager), Incident De-
scription, Physician Outcome (By Manager), Physician Comment, Responsible Manager Comments,
Safety Event Code (SEC), and Event Type Code (ET).

Despite the large size of the dataset, several fields have significant proportion of missing (null)
values, including “Date of Birth”, “Physician Outcome (By Manager)”, “Physician Comment”,
“Responsible Manager Comments”, SEC, and ET codes. In the event reporting process, certain
fields such as “Incident Type”, “Level of Harm (By Initiator)”, and “Incident Description” are
required at the initiation of the report and therefore do not have null entries. However, additional
information, including assessments by managers or physicians like “Level of Harm (By Manager)”,
“Physician Outcome (By Manager)”, “Physician Comment”, and “Responsible Manager Comments”
may not be immediately available or remain unfilled depending on the event’s severity. Table

provides the percentage of missing values for each field across the dataset.

Table 3.2: Percentage of null fields in the dataset

Field # Null values % null of Dataset
Date Of Birth 25430 35.45
Date Incident Occurred 0 0.00
Date Incident Reported 0 0.00
Incident Type 0 0.00
Level of Harm (By Initiator) 0 0.00
Level of Harm (By Manager) 0 0.00
Incident Description 0 0.00
Patient Outcome (Manager) 43975 61.31
Physician Comment 71383 99.52
Responsible Manager Comments 20028 27.92
Safety Event Code (SEC) 68746 95.84

RM Event Type (ET) 69288 96.60
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3.5.1 Input Fields

When initiating an event report, fields such as “Incident Type”, “Level of Harm (By Initiator)”, and
“Incident Description” are mandatory. Other fields can be completed later or left blank based on the
event’s severity. Consequently, during the screening for potential severe incidents (SSE1-4) by PSAs,
information like “Level of Harm (By Manager)”, “Physician Outcome (By Manager)”, “Physician
Comment”, and “Responsible Manager Comments” is often unavailable as this information is usually
entered after the review of an event. Hence, these fields are excluded from model development.
Furthermore, we exclude temporal fields such as “Date of Birth”, “Date Incident Occurred”, and
“Date Incident Reported”, as they are not considered significant by domain experts in determining
the severity of an incident.

Therefore, to distinguish high-risk severe incidents (SSE 1-4) from other levels, the model utilizes
only three predictive fields: “Incident Type”, “Level of Harm (By Initiator)”, and “Incident Descrip-
tion.” The free-text “Incident Description” field in the PSE reports was anonymized following data

extraction to comply with privacy regulations.

3.5.2 Target Field

The dataset has 14 Safety Event Codes (SEC) that are assigned following the in-depth review,
including Serious Safety Events (SSE 1-5, SSE TBD), Precursor Safety Events (PrSE 1-4), Near
Miss Events (NME 1-3) and Not a Safety Event (NSE). Details on these levels are discussed in
Section The category “SSE TBD?” refers to Serious Safety Events for which the level of SSE has
not yet been determined. “Not a Safety Event” denotes events where there was no deviation from
generally accepted performance standards (GAPS) followed by healthcare organizations.

Among the 14 SEC codes, only the first four—SSE1, SSE2, SSE3, and SSE4—are deemed ex-
treme risk severe safety events that require thorough review and are prioritized by the healthcare
organization. These events represent critical incidents that necessitate in-depth reviews, such as
debriefs or Root Cause Analysis (RCA), and the development of plans to prevent such incidents
in the future, as mandated by provincial law. Therefore, our analysis focuses solely on identifying
these critical SSE1-4 events from the rest, framing it as a binary classification task. The target label
is a binary variable: ‘1’ indicates a severe event (SSE1-4) representing the positive class, and ‘0’
represents all other events (including SSE5/TBD, PrSE, NME, and NSE) or those without a SEC
code, which were not identified as potential SSE1-4 events by PSAs, and thus belong to the negative

class.
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Dealing with null SEC codes

The SEC and Event Type (ET) codes, assigned after comprehensive review, have the highest fre-
quency of null values—approximately 95.84% for SEC and 96.6% for ET. This is expected since,
as previously mentioned, only a small fraction—approximately 4% —of all events screened as “po-
tentially severe (SSE1-4)” undergoes a detailed review, after which the appropriate SEC is assigned
(see Figure [3.3)).

Supervised machine learning typically uses only the labeled portion of data, often discarding
unlabeled samples from model building. However, in this context we cannot simply discard all
events with null values in the SEC field. This is because these events are indicative of incidents
that were not flagged by PSAs as severe incidents requiring comprehensive review by the central
quality and safety team—therefore lacking a SEC code—and thus considered non-severe incidents
to be reviewed in a different process. Furthermore, relying solely on labeled data points with a SEC
code for classifier training would restrict our model to recognize only “potentially severe (SSE1-4)”
incidents, thereby overlooking the substantial volume of non-severe events that regularly occur in the
Incident Reporting (IR) system. Hence, treating all unlabeled SEC events as non-severe allows us to
fully leverage the dataset, ensuring a more accurate representation of the real-world data imbalance.
Consequently, a label of ‘0’ is assigned to all events without a SEC code, including these events
in the training of the ML models. Table [3:3] shows the distribution of SSE1-4 versus non-SSE1-4
incidents, listing the specific SEC codes categorized under each class and the corresponding binary

labels.

Table 3.3: Distribution of critical and non-critical incidents over 6 years

From January 1, 2017 to December 31, 2022
SEC Code Binary Label | # of Samples | % of Data
SSE 1-4 1 273 0.38
SSE 5/TBD
PrSE 1-4
NME 1-3 0 71456 99.62
Not a Safety Event
No SEC Code

3.6 Exploratory Data Analysis (EDA)

This section analyzes the input fields we use for model building including the “Incident Type”, “Level
of Harm (By Initiator)”, and the free-text “Incident Description” fields, and it’s relation with the
target binary SSE1-4 labels. Additionally, it discusses how these features were pre-processed and

transformed into numeric representations for model building.
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3.6.1 Incident Type

This field specifies the type of the incident based on predefined categories, chosen by the reporter at
the time the incident is initiated in the IR system. The dataset has 13 incident types, with “Fall”,
“Miscellaneous”, “Medication”, “Operative/Invasive”, and “Treatment” incidents being among the

top five most frequently occurring incidents. Table shows the distribution of all incident types,

with decreasing order of frequency.

Table 3.4: Frequency of Incident Types

Incident Type Count % of Data
Fall 14789 20.62
Miscellaneous Incident 13563 18.91
Medication Incident 12682 17.68
Operative/Invasive Incident 7195 10.03
Treatment Incident 5474 7.63
Laboratory Incident 4944 6.89
Equipment Incident 4610 6.43
Privacy Incident 2939 4.10
Infection Control 2702 3.77
Hazard Incident 1407 1.96
Transfusion Incident 1016 1.42
Workplace Violence 245 0.34
Implanted Device Incident 163 0.23

Figure displays the count matrix for all incident types alongside their corresponding frequen-
cies of being assigned a severe (SSE1-4) code. The three incident types with the highest numbers
of SSE1-4 classifications are “Treatment”, “Infection Control”, and “Operative/Invasive Incident”.
Additionally, it is observed that incidents categorized as “Hazard”, “Privacy”, and “Workplace Vi-
olence” are never assigned a SSE1-4 code. It is also important to note that these categories are
among the bottom six in terms of frequency, thus occurring much less frequently than other types,

with approximately only 200 to 3,000 incidents reported over a span of six years.

3.6.2 Level of Harm (By Initiator)

When reporting a safety event, the report initiator is required to choose a level of harm that most ac-
curately describes the incident. This selection may vary based on the initiator’s profession and their
understanding of the classification taxonomy and patient outcome at the time of report. The avail-
able levels include “Critical”, “Severe”, “Moderate”, “Not Sure”, “Minor”, “Near Miss/Potentially
Severe”, and “Near Miss”. The frequency of each level is detailed in Table [3.5

Currently, the harm levels assigned by initiators are the primary screening mechanism for PSAs
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Incident Type vs. Binary Label (SSE 1-4)
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Figure 3.4: Distribution of Incidents by Type and Severity

Table 3.5: Frequency of Level of Harm (By Initiator)

Level of Harm (By Initiator) Count % of Data

Critical 111 0.15
Severe 1483 2.07
Moderate 7978 11.12
Not Sure 5046 7.03
Minor 36680 51.14
Near Miss/Potentially Severe 180 0.25
Near Miss 20251 28.23

to detect potential SSE incidents. Among these seven levels, PSAs concentrate on the first four —
“Critical”, “Severe”, “Moderate”, and “Not Sure” — to identify “potential SSE 1-4”. This approach
reduces the pool of events to approximately 20.6% of the entire dataset, accounting to 14,798 events,
thereby narrowing the range of events for the central quality and safety team to review. However,
this volume for PSA’s to review is still high and resource intensive. To improve this process, we aim
to develop classification and ranking algorithms that will further reduce this number, making the
review process more efficient and allowing PSAs to concentrate on a smaller, more manageable subset
of reports. This approach can significantly ease the PSA’s workload and speed up the identification
of severe events by reducing the time spent on screening through non-severe incidents, for which
they are not responsible.

Figure shows the count matrix comparing initiator harm levels against the binary SSE1-4

label. It shows that SSE1-4 incidents occur least frequently at the “Minor”, “Near Miss”, and “Near
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Figure 3.5: Distribution of Incidents by Harm Level (By Initiator) and Severity

Miss/Potentially Severe” initiator harm levels. From Chapter we understand that the initial event
type and severity assigned by the reporter can be inaccurate or misclassified due to the complexity of
the safety event classification taxonomy and the subjective nature and variability of interpreting the
event, particularly by those who may not be domain experts. Therefore, events initially assigned a
non-severe harm level can sometimes be reclassified as confirmed SSE1-4 upon further review. This
highlights an opportunity to enhance the PSA’s initial screening process, which currently focuses
on the first four levels, to ensure more comprehensive detection of severe events. The ML models
can help address this limitation by considering all harm levels and learning the pattern that SSE1-4
incidents are predominantly associated with “Critical”, “Severe”, or “Moderate” harm levels and

less frequently with other levels.

3.6.3 Incident Description

The “Incident Description” field in PSE reports is a narrative free-text area where initiators detail
the patient safety incident. The length and format of these descriptions vary significantly. While
some narratives are extensive, elaborating on the sequence of events in detail, others may be as brief
as two words, such as “COVID 19”.

Figure [3.6] illustrates the distribution of word lengths in Incident Descriptions across the entire
dataset. We observe that the descriptions can range from 1-800 words, with most incidents having

less than 200 words. This indicates that the texts are generally brief, suggesting that a token length
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of 512 —standard for most Language Models (LMs)— is adequate for embedding these texts with

little to no truncation required.

Word Count Distribution in Incident Descriptions

7000

100 200 300 400 500 600 700 800
Number of words

Figure 3.6: Distribution of Incident Description Length (in words)

3.7 Feature Engineering

In the first step of model building we perform feature extraction, converting the input fields into
corresponding numeric vectors. These vectors can them be used for training the learning-to-rank
XGB and LGBM model for the ranking process (see Figure in the second step. This approach
differs from fine-tuning, where the same model directly processes the text and predicts outcomes.

We encode the “Incident Type” and “Level of Harm (By Initiator)” categorical features as one-
hot vectors . Each category is represented as a boolean vector, where the vector length equals
the number of unique category values and contains a single one indicating the active category. For
example, a “Fall” incident type is represented by a 13-dimensional vector with zeros except for the
position indicating a Fall. Similarly, harm levels are represented with a 7-dimensional vector. These
vectors are concatenated to form a 20-dimensional vector for each event, capturing both type and
harm level.

The incident description text field undergoes several pre-processing steps, including text cleaning
and feature engineering, to extract both static and contextual features. Detailed descriptions of these

techniques are provided below.

3.7.1 Text Cleaning

The incident description texts were first anonymized by removing personal identifiable information,

to comply with privacy guidelines. Additionally, frequently occurring acronyms (e.g., “pt” for pa-
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tient, “rn” for registered nurse, and “dr” for doctor) were expanded to their full forms using regular
expression and pattern matching techniques [55] to improve text quality, along with removing excess
whitespace within the texts.

For incident text feature extraction step, we explored both static and contextual NLP representa-
tions. Static representations, including Bag-of-Words (BOW), TF-IDF, and Word2Vec models (e.g.,
Glove), rely on the occurrence and frequency of words or tokens in the text. In contrast, contextual
embeddings, including BERT and healthcare domain-specific models like BioGPT, consider not only
word frequencies but also the context and positional information of words within a sentence. De-
tailed explanations on the workings of these text representations are provided in Chapter |2] section
21

While additional text cleaning methods like lowercasing, word normalization, and stopword re-
moval can enhance static features, it may degrade contextual representations by distorting context
or meaning. Hence, we avoid further pre-processing for contextual embeddings. However, for static
representations, we perform additional cleaning steps such as lowercasing, removing symbol, stop-
words, non-alphanumeric characters and numbers, followed by lemmatization using SpaCy. This
approach ensures that word vectors represent only relevant words and unify different forms of the

same word into a single feature.

3.7.2 Text Feature Representations

In the text feature extraction stage, we investigate various NLP models including three static repre-
sentations, three generic contextual representations, and three healthcare domain-specific contextual
models. Here, we briefly mention each of the text representations used and provide explanations for

how we extract them. For background on these representations refer to Chapter [2] section

Static Representations:

1. Count Binary (CB): Is a variant of BOW [133] model that represents each document as a
binary vector of v dimension (vocabulary size), indicating the presence or absence of words,

ignoring their order and frequency.

2. Term frequency—inverse document frequency (TF-IDF): Weighs a term’s frequency
within a document against its inverse frequency across all documents [113], highlighting words

that are frequent in a document but rare across the corpus.

Note: The Count Binary and TF-IDF vectorizers tokenize text into unigrams, bigrams, and



CHAPTER 3. LEARNING TO RANK PSE REPORTS BY SEVERITY 28

trigrams, and converts all zero-frequencies to 1. To control vocabulary size, words appearing
in 90% of documents or only in one document are excluded, and the maximum feature limit is
set to 1 million for efficiency (originally was 1.8 million). Due to significant class imbalance,
for feature selection stage, we balance the dataset by oversampling the positive class through

random resampling, ensuring that both classes are accurately represented in the vocabulary.

3. Global Vectors (GloVe): A Word2Vec [84}|127] approach that uses neural networks to create
word embeddings from a large corpus like English Wikipedia. We use GloVe6B model that
represents each word with a 300-dimensional vector and average them to retrieve sentence-level

embeddings.

General Contextual Representations:

1. Robustly Optimized BERT Pretraining Approach (RoBERTa): Is a re-implementation
of Google’s BERT model, developed by researchers at Facebook AT [41, [106]. It optimizes key
hyperparameters, training on an larger corpus to achieve superior performance on multiple
NLP benchmarks. Due to its improved performance, RoBERTa is considered over BERT for

text feature extraction in our experiments.

2. Decoding-enhanced BERT with Disentangled Attention (DeBERTa): DeBERTa [70],
developed by Microsoft, enhances the BERT architecture with a novel disentangled attention
mechanism and an enhanced mask decoder, improving performance on NLP benchmarks and
making it highly effective for various text analysis tasks. It computes attention weights among
words on both their content and positional information, and so can better understand the

relative positional information.

3. BGE M3-Embedding: Developed by Beijing Academy of Artificial Intelligence (BAAI),
BGE is capable of processing texts of varying lengths, from short sentences to long documents
up to 8192 tokens, and excels particularly in multi-lingual retrieval tasks [31]. We use the bge-
large-en-v1.5 English-specific model to retrieve the sentence embeddings for computational

limitations.

Domain-Specific Contextual Representations:

1. BiomedBERT: BiomedBERT, initially known as PubMedBERT, is a domain-specific BERT
model pre-trained on PubMed abstracts and PubMedCentral articles, achieving state-of-the-

art results in biomedical NLP tasks [64].
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2. GatorTron: GatorTron is a large clinical transformer model, trained on a diverse dataset
including clinical notes, electronic health records, PubMed articles and MIMICIII texts. It
outperforms existing clinical and biomedical models, including Clinical BERT, BioBERT, and

BioMegatron, across several clinical NLP tasks [183].

3. BioGPT: The BioGPT model, proposed by Luo et al. [110], is based on OpenAIl’s GPT
language model, but is pre-trained from scratch for biomedical text generation and mining,

using 15 million PubMed abstracts.

All contextual text representations were obtained from the HuggingFace library. Due to compu-
tational constraints, we did not fine-tune the transformer models for our specific downstream task,
and instead used embeddings from pre-trained models. We set the maximum input token length for
all models at 512, which is standard and sufficient for our dataset (see section|3.6.3)). To derive the
sentence embeddings, we performed mean-pooling on the output token embeddings. This approach,
utilizing the average of all hidden layers, yielded slightly better results than using only the CLS

token, which represents the final hidden state.

3.8 Model Development

For this study we utlize supervised ‘learning-to-rank’ (LTR) ML models, that can learn to sort
documents by their relevance using labelled training data [105]. For detailed explanation on LTR
models see Appendix [B] Model inputs consisted of concatenated one-hot vectors for “Incident Type”
and “Level of Harm (By Initiator)” combined with the various text representations of “Incident
Description” as detailed in section [3.7.2]

Advancements in LTR, particularly through listwise methods and ensemble models, have signif-
icantly shown to improve ranking tasks |98} [19] 33} |24, 105 [159]. Therefore we choose these models
for our study, leveraging their computational efficiency and capacity to handle complex, large-scale
information retrieval tasks effectively. We implemented two powerful tree-based GBM ensemble
models — Extreme Gradient Boosting (XGB) [34] and Light Gradient Boosting Machine (LGBM)
[89]. For details on ensemble see Appendix These models are preferable due to their robustness
in handling large datasets efficiently and particularly effective in managing the high dimensionality
and sparsity typical of text data. [4]. While XGB is known to provide more accurate results, LGBM
often facilitates faster convergence achieving comparable performance [10} |4} |89].

We implement both supervised ML ranking and classification models to solve the LTR task and
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predict rank scores for binary severity labels. For details on query-dependent rankers, and query-
independent classifiers, see the respective sections in Appendix and Figure illustrates
the proposed model development architecture for Safety Event Classification. The following sections
provide implementation details and the methodology for model building, data splitting and data

augmentation, hyperparameter tuning, and the rank-based evaluation metrics.

NLP Model
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Figure 3.7: SEC Model Architecture

Note: HP_SUB is the subsample from the train set used for hyperparameter tuning. @ denotes the number of query
groups in each set.

3.8.1 Ranking Models

In Information Retrieval, ranking models aim to sort a list of items in terms of their relevance to
a query that represents an “information need” . In this study, the information retrieval task
focuses on retrieving rare severe events from a large set of PSE reports; therefore, the documents
are not naturally grouped into queries for ranking. To facilitate the use of ranking models, we
randomly assigned instances in the training set into 10 unique groups, ensuring a stratified split.
This stratification ensures a similar distribution of binary severity labels and ‘Level of Harm (By
Initiator)’ across all groups. However, to evaluate the learned ranking models, we treated the entire
test set as a single query or group, avoiding random grouping. This approach allows us to assess the
models’ performance in ranking all available documents more effectively and eliminates any biases

introduced by random grouping.
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3.8.2 Classifier Models

Most algorithms for Learning to Rank (LTR) in Information Retrieval are considered to be query-
dependent models [105]. However, several studies have also explored the use of query-independent
classification models for relevance ranking in information retrieval, such as [36} |58 119} |20, [187],
which distinguish between classes directly from the input features without considering any query /topic-
related information. It is therefore worthwhile to investigate whether such classifiers can achieve
retrieval performances comparable to or better than those of LTR query-dependent ranking models.
To assess the performance of XGB and LGBM rankers relative to their classifier counterparts, we
use the output probability scores of the positive class from XGB and LGBM classifiers as the rank

scores.

3.8.3 Data Splitting and Data Augmentation

We allocated 80% of the data for training and 20% for testing, applying a stratified train-test split
based on both the binary target label and “Level of Harm (By Initiator)” to ensure representative
distribution across all harm and severity levels. Additionally, we set aside a 50% stratified sub-sample
of the training set, for hyper-parameter tuning to save time and computational resources.

Various dataset balancing techniques were tested to enhance model performance, but due to sig-
nificant imbalances, methods like bootstrapping, SMOTE [27], and SMOTE-NC (Synthetic Minor-
ity Over-sampling Technique for Nominal and Continuous data) [60] caused overfitting and reduced
performance. Similarly, undersampling led to substantial information loss, also diminishing perfor-
mance. Therefore, data augmentation was not applied, and the original distribution was maintained

for training.

3.8.4 Hyperparameter Tuning

A hyperparameter is a variable associated with a ML model that can be adjusted directly by the
user during the training phase [91]. Each ML model may have a distinct set of hyper-parameters.
The optimal values for these parameters vary depending on the dataset and task, and can be found
using hyperparameter optimization (HPO) methods such as grid search or random search [150]. We
use grid search with 5-fold stratified cross-validation on a sub-sample of the training set, specifying a
range of values for each hyperparameter. Grid search explores the given subset of the hyperparameter
space, trying every possible combination [103].

Given the large size of the dataset with over 71,000 samples, performing grid search with cross-
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validation on the entire 80% training set would be time-consuming. Therefore, to save time and
computational resources, we perform grid search on a 50% stratified subsample of the train set
instead (see HP_SUB in 7 averaging the results over 5 folds. To facilitate the use of ranking
models (see Section , the instances in the subsample are randomly assigned into 5 unique
query groups, ensuring a stratified split. During 5-fold grid search cross-validation, one group serves
as the validation set in each iteration, while the remaining four groups form the training set. The
hyperparameters are optimized based on the highest average Normalized Discounted Cumulative
Gain (NDCG) [82, [173] achieved across the 5 folds.

We implemented two ranking models, XGBRanker and LGBMRanker, and two classification
models, XGBClassifier and LGBM(Classifier, with the objective of ranking severe events with higher
scores. Table [3.6] displays the hyperparameters and their ranges for each model. These ranges
were determined by manually testing different parameter values to identify reasonable bounds and
by incorporating common ranges specified in the literature. It is crucial to balance the number
of parameter combinations with the available computational time, ensuring each model completes
within a reasonable timeframe. Given that rankers generally train faster than classifiers, and LGBM
is faster than XGB, we allocated more extensive parameter space to faster models while limiting the
combinations for those requiring more time.

Along with tuning general tree-based hyper-parameters, parameters specific to ranking task such
as the rank loss (e.g. “rank:ndcg”, and “rank:map” and “rank:pairwise”) and pair generation strat-
egy (“mean”, “topk”) provided by XGBRanker, were also optimized for each feature representation

(see Appendix [B.5)).

Table 3.6: Model Hyperparameters Tested with GridSearch

Model Hyperparameter Values

XGB Ranker objective ‘rank:map’, ‘rank:ndcg’, ‘rank:pairwise’]

‘mean’, ‘topk’]
lambdarank_num_pair_per_sample [None, 10, 100, 1000]

[
lambdarank_pair_method [
[

gamma, [0, 0.001, 0.01, 0.1, 0.3]
[
[

subsample 1, 0.7]
n_estimators 100, 200]
enable_categorical True
seed 42

LGBM Ranker objective lambdarank
boosting_type [‘rf’, ‘gbdt’; ‘dart’]

n_estimators [100, 200]
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Table 3.6 continued from previous page

Model Hyperparameter Values
max_depth [-1, 3]
learning_rate [0.1, 0.05]
subsample [1, 0.7]
reg_lambda [0.0, 0.005, 0.1, 1]
num_leaves [31, 251]
subsample_freq [0, 5]
force_col_wise True
class_weight None
random_state 42
For boosting_type = ‘rf’:

bagging_freq 1
bagging_fraction 0.75
feature_fraction 0.75

XGB Classifier objective ‘binary:logistic’
eval_metric ‘logloss’
booster ‘gbtree’
eta [0.1, 0.3]
subsample [1, 0.7]
lambda [1, 0.001, 0.1]
n_estimators [100, 200]
scale_pos_weight [1, 250]
max_depth 6
enable_categorical True
seed 42

LGBM Classifier ~objective ‘binary’
boosting_type [rf’, ‘gbdt’, ‘dart’]
n_estimators 200
max_depth [-1, 3]
learning_rate [0.1, 0.05]
reg_lambda [0.0, 0.005, 0.1, 1]
num-_leaves [31, 251]
scale_pos_weight [1, 250]
force_col_wise True
random_state 42
For boosting_type = ‘rf’:

bagging_freq 1
bagging_fraction 0.75
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feature_fraction 0.75

3.8.5 Initiator Harm Level Baseline

Currently, in the healthcare organization, Patient Safety Analysts (PSAs) use the “Level of Harm
(By Initiator)” field to identify potential SSE1-4 for in-depth reviews with the central quality and
safety team, analyzing only the first four levels— “Critical”, “Severe”, “Moderate”, and “Not sure”
(see section . To benchmark our Learning To Rank (LTR) models, we use the “Level of Harm
(By Initiator)” field as the baseline, ranking the harm levels from most to least severe as “Critical”,
“Severe”, “Moderate”, “Not sure”, “Near Miss/Potentially Severe”, “Near Miss”, and “Minor”. For
calculating baseline metrics, we convert each level into an integer that represents its severity, from
0 representing “Minor” to 6 representing “Critical”.

Since baseline rankings are discrete, the ranks within the same harm level can not be determined.
For instance, within the “Moderate” harm level category we cannot rank incidents from most to
least severe. To address this, we shuffle incidents within each harm level subgroup, repeating this
process 100 times, and averaging metrics across these iterations. This method acts like a tie-breaking
mechanism and ensures stable and consistent metrics across multiple runs. Table [3.7] presents the

train and test baseline metrics, averaged over 100 repeats.

Table 3.7: Baseline Performance

Model | Metric Train | Test
R-Precision | 0.1958 | 0.197
NDCG 0.6766 | 0.613
AUROC 0.9311 | 0.9392
MAP 0.1447 | 0.1546
MRR 0.5031 | 0.5351
p@20 0.3245 | 0.316
p@50 0.3256 | 0.2042
p@100 0.3007 | 0.1542

Baseline | p@200 0.2044 | 0.1316
p@500 0.1457 | 0.0798
p@1000 0.1264 | 0.0429
r@20 0.0296 | 0.117
r@50 0.0743 | 0.1891
r@100 0.1373 | 0.2856
r@200 0.1867 | 0.4876
r@500 0.3326 | 0.7387
r@1000 0.577 | 0.7941




CHAPTER 3. LEARNING TO RANK PSE REPORTS BY SEVERITY 35

3.8.6 Model Evaluation Metrics

To evaluate our models, we use rank scores or probabilities to order the list of events, prioritizing
the most severe incidents (see sections and . Ranking tasks in Information Retrieval are
typically evaluated on a query basis [105], measuring how well documents are ordered in response
to a specific query (e.g., the search results for “basketball 2024”). However, in our context, Patient
Safety Analysts focus solely on identifying severe events, and thus our dataset does not naturally
fall into distinct query groups since the topic of interest is constant. Hence, we treat all samples
in a set as part of a single query group for evaluation purposes, ranking all documents collectively.
Note however, for the training phase of query-dependent ranking models, which rely on grouping
for effective learning, we divide the training set into 10 random stratified query groups (see section
. This approach allows us to manage the large dataset effectively, enabling rankers to fine-tune
their performance within each group using various ranking objectives.

We evaluate models using several rank-based metrics on both train and test sets to check for
potential overfitting and assess generalization performance. These metrics include Precision@k and
Recall@k for k& = 20,50,100,200,500,1000, RPrecision, Mean Average Precision (MAP), Mean
Reciprocal Rank (MRR), and Normalized Discounted Cumulative Gain (NDCG).

To compare the performance of ranking algorithms with classifiers, we also compute the Area
Under the Receiver Operating Characteristic (AUROC) using rank scores. Because AUROC mea-
sures a model’s ability to distinguish between classes for every possible threshold, this method is
threshold-independent and has been shown to be equivalent to the Wilcoxon statistic rank test |77,

66, 65]. Therefore, we can directly compute AUROC from rank scores produced by ranking models.

Here we list the mathematical equations and definitions for each metric:

1. Precision@k: Measures the proportion of retrieved documents that are relevant among the

top k items [113].

# (relevant items retrieved in top k)

Precision@k = .

(3.1)

2. Recall@k: Measures the proportion of relevant documents that are retrieved among the top

k items [113].

Recall@k — # (relevant items retrieved in top k)

3.2
total number of relevant items (3.2)

3. R-Precision: Is a variant of precision where k is set to the total number of relevant items
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denoted as R [113].

# (relevant items retrieved in top R)

R-P .. _
recision R

(3.3)

4. Mean Average Precision (MAP): Average Precision (AP) averages the precision at each
position where a relevant document is retrieved. MAP is the mean of these AP scores across
all queries. When all documents belong to one query, MAP is equivalent to AP [113] |88].

Average Precision (AP) can be defined as:

> p—q(Precision@k x rel@k)
" total number of relevant items

(3.4)

where rel@k is an indicator function that equals 1 if the item at rank k is relevant, and 0

otherwise.

Mean Average Precision (MAP) is then:

Z(?:l AP,

MAP =
Q

where @ is the total number of queries. In our case @Q = 1.

5. Mean Reciprocal Rank (MRR): MRR is a statistical measure used for evaluating the
performance of a query-response system, where the interest is in the rank of the first relevant

or correct response [105].

Reciprocal Rank (RR) is defined as [152]:

0 if no relevant results
RR, = (3.6)
1

otherwise
rankg

where rank, is the rank position of the first relevant document for the ¢-th query.

Mean Reciprocal Rank (MRR) is then:

where @ is the total number of queries.

6. Area Under the Receiver Operating Characteristic Curve (AUROC): AUROC is a
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metric used to evaluate the ability of a classifier to distinguish between classes. It is defined
as the area under the ROC curve, which plots the True Positive Rate (TPR) against the False

Positive Rate (FPR) at various threshold settings [177].

True Positive Rate (TPR), or sensitivity, is calculated as:

TPR = % (3.8)
where TP is the number of true positives and FN is the number of false negatives.
False Positive Rate (FPR), or 1-specificity, is calculated as:
FPR — % (3.9)
where FP is the number of false positives and TN is the number of true negatives.
AUROC is the integral [74]:
AUC = /TPRd(FPR) (3.10)

7. Normalized Discounted Cumulative Gain (NDCG): NDCG is a ranking metric derived
from the Discounted Cumulative Gain (DCG) which sums the graded relevance of ranked
documents weighted by the discount function that decreases with the document’s position in
the ranked list [184]. NDCG normalizes DCG by dividing it by the Ideal DCG. NDCG values
range from 0 to 1, where 1 indicates perfect ranking. This metric is advantageous as it can
handle multi-level relevance and prioritizes documents higher on the list, acknowledging that

top-ranked documents are more likely to be viewed.

Standard NDCG with logarithmic discount function is defined as:

rel(z;)

where n is the number of documents, and rel(x;) represents the relevance function that orders

the list of documents by their relevance upto position 1.

NDCG is derived from DCG:
DCG

NDCG = 1566

(3.12)

where IDCG is the Ideal DCG, which just represents the DCG of the best ranked list
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3.9 Results

We evaluated the performance of XGB and LGBM rankers and classifiers across different text rep-
resentations (see using the rank-based metrics described in section We compared their
performance to the Initiator Harm Level baseline, which represents the current process for screening
severe SSE 1-4 events in the healthcare organization (see . The subsequent sections detail the

performance of each model-feature combination and discusses the results.

3.9.1 XGB Ranker

Tables to show results for XGB Ranker across various text representations. We observe
GatorTron features report highest values for most metrics with 0.4074 R-Precision, 0.81 NDCG,
0.9704 AUROC, 0.4068 MAP, and 1.00 MRR on hold out test set. BioGPT feature follows, reporting
0.4259 R-Precision, 0.7756 NDCG, 0.9589 AUROC, 0.3427 MAP, and 1.00 MRR on test set. Hence,

we can say domain specific features outperforms static and generic contextual features across most

metrics.
Table 3.8: XGB Ranker - CB Table 3.9: XGB Ranker - TF-IDF
Feature | Metric Train | Test Feature | Metric Train | Test
R-Precision | 0.7763 | 0.2778 R-Precision | 0.4338 | 0.3333
NDCG 0.9580 | 0.7130 NDCG 0.8492 | 0.7574
AUROC 0.9992 | 0.9704 AUROC 0.9736 | 0.9651
MAP 0.8085 | 0.2458 MAP 0.4350 | 0.3117
MRR 1.0000 | 1.0000 MRR 1.0000 | 1.0000
p@20 0.9000 | 0.3000 p@20 0.9500 | 0.5000
p@50 0.8800 | 0.2800 p@50 0.8400 | 0.3400
p@100 0.8700 | 0.2200 p@100 0.6700 | 0.2600
CB p@200 0.8100 | 0.1750 TF-IDF | p@200 0.4450 | 0.1800
p@500 0.4300 | 0.0860 p@500 0.2620 | 0.0780
p@1000 0.2190 | 0.0480 p@1000 0.1550 | 0.0450
r@20 0.0822 | 0.1111 r@20 0.0868 | 0.1852
r@50 0.2009 | 0.2593 r@50 0.1918 | 0.3148
r@100 0.3973 | 0.4074 r@100 0.3059 | 0.4815
r@200 0.7397 | 0.6481 r@200 0.4064 | 0.6667
r@500 0.9817 | 0.7963 r@500 0.5982 | 0.7222
r@1000 1.0000 | 0.8889 r@1000 0.7078 | 0.8333
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Table 3.10: XGB Ranker - GloVe

Table 3.11: XGB Ranker - RoBERTa
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Feature | Metric Train | Test
R-Precision | 0.9954 | 0.3519
NDCG 1.0000 | 0.7304
AUROC 1.0000 | 0.9584
MAP 1.0000 | 0.2964
MRR 1.0000 | 1.0000
p@20 1.0000 | 0.6000
p@50 1.0000 | 0.3800
p@100 1.0000 | 0.2300
GloVe p@200 1.0000 | 0.1500
p@500 0.4380 | 0.0880
p@1000 0.2190 | 0.0480
r@20 0.0913 | 0.2222
r@50 0.2283 | 0.3519
r@100 0.4566 | 0.4259
r@200 0.9132 | 0.5556
r@500 1.0000 | 0.8148
r@1000 1.0000 | 0.8889

Feature Metric Train | Test
R-Precision | 1.0000 | 0.3519
NDCG 1.0000 | 0.7147
AUROC 1.0000 | 0.9594
MAP 1.0000 | 0.2653
MRR 1.0000 | 1.0000
p@20 1.0000 | 0.4000
p@50 1.0000 | 0.3600
p@100 1.0000 | 0.2600

RoBERTa | p@200 1.0000 | 0.1550
p@500 0.4380 | 0.0860
p@1000 0.2190 | 0.0460
r@20 0.0913 | 0.1481
r@50 0.2283 | 0.3333
r@100 0.4566 | 0.4815
r@200 0.9132 | 0.5741
r@500 1.0000 | 0.7963
r@1000 1.0000 | 0.8519

Table 3.12: XGB Ranker - DeBERTa

Table 3.13: XGB Ranker - BGE

Feature Metric Train | Test Feature | Metric Train | Test
R-Precision | 1.0000 | 0.3333 R-Precision | 1.0000 | 0.3148
NDCG 1.0000 | 0.7087 NDCG 1.0000 | 0.6884
AUROC 1.0000 | 0.9513 AUROC 1.0000 | 0.9578
MAP 1.0000 | 0.2464 MAP 1.0000 | 0.2651
MRR 1.0000 | 1.0000 MRR 1.0000 | 0.3333
p@20 1.0000 | 0.3500 p@20 1.0000 | 0.5500
p@50 1.0000 | 0.3400 p@50 1.0000 | 0.3400
p@100 1.0000 | 0.2300 p@100 1.0000 | 0.2200

DeBERTa | p@200 1.0000 | 0.1550 BGE p@200 1.0000 | 0.1550
p@500 0.4380 | 0.0820 p@500 0.4380 | 0.0900
p@1000 0.2190 | 0.0460 p@1000 0.2190 | 0.0480
r@20 0.0913 | 0.1296 r@20 0.0913 | 0.2037
r@50 0.2283 | 0.3148 r@Q50 0.2283 | 0.3148
r@Q100 0.4566 | 0.4259 r@100 0.4566 | 0.4074
r@200 0.9132 | 0.5741 r@200 0.9132 | 0.5741
r@500 1.0000 | 0.7593 r@500 1.0000 | 0.8333
r@1000 1.0000 | 0.8519 r@1000 1.0000 | 0.8889
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Table 3.14: XGB Ranker - Biomed BERT Table 3.15: XGB Ranker - GatorTron

Feature Metric Train | Test Feature Metric Train | Test
R-Precision | 1.0000 | 0.3889 R-Precision | 0.8995 | 0.4074
NDCG 1.0000 | 0.6946 NDCG 0.9938 | 0.8100
AUROC 1.0000 | 0.9497 AUROC 0.9998 | 0.9704
MAP 1.0000 | 0.2864 MAP 0.9622 | 0.4068
MRR 1.0000 | 0.3333 MRR 1.0000 | 1.0000
p@20 1.0000 | 0.5500 p@20 1.0000 | 0.6500
p@50 1.0000 | 0.3800 p@50 1.0000 | 0.4400
p@100 1.0000 | 0.2800 p@100 1.0000 | 0.3000

BiomedBERT | p@200 1.0000 | 0.1700 GatorTron | p@200 0.9450 | 0.1750
p@500 0.4380 | 0.0820 p@500 0.4360 | 0.0900
p@1000 0.2190 | 0.0450 p@1000 0.2190 | 0.0490
r@20 0.0913 | 0.2037 r@20 0.0913 | 0.2407
r@50 0.2283 | 0.3519 r@50 0.2283 | 0.4074
r@100 0.4566 | 0.5185 r@100 0.4566 | 0.5556
r@200 0.9132 | 0.6296 r@200 0.8630 | 0.6481
r@500 1.0000 | 0.7593 r@500 0.9954 | 0.8333
r@1000 1.0000 | 0.8333 r@1000 1.0000 | 0.9074

Table 3.16: XGB Ranker - BioGPT

Feature | Metric Train | Test
R-Precision | 0.9543 | 0.4259
NDCG 0.9994 | 0.7756
AUROC 1.0000 | 0.9589
MAP 0.9955 | 0.3427
MRR 1.0000 | 1.0000
p@20 1.0000 | 0.5000
p@50 1.0000 | 0.4200
p@100 1.0000 | 0.2400

BioGPT | p@200 0.9900 | 0.1650
p@500 0.4380 | 0.0840
p@1000 0.2190 | 0.0460
r@20 0.0913 | 0.1852
r@Q50 0.2283 | 0.3889
r@100 0.4566 | 0.4444
r@200 0.9041 | 0.6111
r@500 1.0000 | 0.7778
r@1000 1.0000 | 0.8519

3.9.2 LGBM Ranker

Tables to show results for LGBM Ranker. We observe BioGPT features report high values
for most metrics with 0.4074 R-Precision, 0.7211 NDCG, 0.70 Precision@20, 0.2593 Recall@20,
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0.9602 AUROC, 0.3386 MAP, and 0.3333 MRR on hold out test set. BioMedBERT follows, reporting
0.3880 R-Precision, 0.7706 NDCG, 0.60 Precision@20, 0.2222 Recall@20, 0.9644 AUROC, 0.3322
MAP, and 1.00 MRR on test set. Overall domain specific features such as BioGPT, BioMedBERT
and GatorTron seems to outperform other features. Deberta seems to perform comparably with
domain specific features, however Roberta and all static features performs significantly worse than

domain specific features.

Table 3.17: LGBM Ranker - CB Table 3.18: LGBM Ranker - TF-IDF
Feature | Metric Train | Test Feature | Metric Train | Test

R-Precision | 0.6164 | 0.3333 R-Precision | 0.3470 | 0.2593

NDCG 0.9060 | 0.7653 NDCG 0.8039 | 0.7534

AUROC 0.9773 | 0.9623 AUROC 0.9527 | 0.9383

MAP 0.6445 | 0.3312 MAP 0.3381 | 0.3068

MRR 1.0000 | 1.0000 MRR 1.0000 | 1.0000

p@20 1.0000 | 0.5500 p@20 0.8500 | 0.5000

p@50 0.9600 | 0.3400 p@50 0.7600 | 0.2800

p@100 0.9600 | 0.2700 p@100 0.5500 | 0.2300

CB p@200 0.6600 | 0.1750 TF-IDF | p@200 0.3650 | 0.1750

p@500 0.2960 | 0.0820 p@500 0.2100 | 0.0820

p@1000 0.1660 | 0.0450 p@1000 0.1470 | 0.0410

r@20 0.0913 | 0.2037 r@20 0.0776 | 0.1852

r@50 0.2192 | 0.3148 r@50 0.1735 | 0.2593

r@100 0.4384 | 0.5000 r@100 0.2511 | 0.4259

r@200 0.6027 | 0.6481 r@200 0.3333 | 0.6481

r@500 0.6758 | 0.7593 r@500 0.4795 | 0.7593

r@1000 0.7580 | 0.8333 r@1000 0.6712 | 0.7593

3.9.3 XGB Classifier

Tables to show results for XGB Classifier. GatorTron outperforms all other features
achieving 0.4630 R-Precision, 0.7358 NDCG, 0.55 Precision@20, 0.2037 Recall@20, 0.9610 AUROC,
0.3706 MAP, and 0.3333 MRR on the hold out test set. TF_IDF follows, reporting 0.3333 R-
Precision, 0.7572 NDCG, 0.5500 Precision@20, 0.2037 Recall@20, 0.9685 AUROC, 0.3095 MAP,
and 1.00 MRR on test set.

3.9.4 LGBM Classifier

Tables to show results for LGBM Classifier. GatorTron outperforms all other features
achieving 0.4259 R-Precision, 0.8125 NDCG, 0.70 Precision@20, 0.2593 Recall@20, 0.9694 AUROC,
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Table 3.19: LGBM Ranker - GloVe

Table 3.20: LGBM Ranker - RoBERTa
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Feature | Metric Train | Test
R-Precision | 0.6119 | 0.3333
NDCG 0.8899 | 0.7099
AUROC 0.9428 | 0.8896
MAP 0.6151 | 0.2598
MRR 1.0000 | 1.0000
p@20 1.0000 | 0.4000
p@50 0.9800 | 0.3400
p@100 0.9100 | 0.2500
GloVe p@200 0.6500 | 0.1650
p@500 0.2920 | 0.0780
p@1000 0.1600 | 0.0430
r@20 0.0913 | 0.1481
r@50 0.2237 | 0.3148
r@100 0.4155 | 0.4630
r@200 0.5936 | 0.6111
r@500 0.6667 | 0.7222
r@1000 0.7306 | 0.7963

Table 3.21: LGBM Ranker - DeBERTa

Feature Metric Train | Test
R-Precision | 0.9863 | 0.3333
NDCG 0.9994 | 0.6598
AUROC 1.0000 | 0.9599
MAP 0.9963 | 0.2403
MRR 1.0000 | 0.2500
p@20 1.0000 | 0.4500
p@50 1.0000 | 0.3400
p@100 1.0000 | 0.2700

RoBERTa | p@200 1.0000 | 0.1750
p@500 0.4380 | 0.0820
p@1000 0.2190 | 0.0480
r@20 0.0913 | 0.1667
r@50 0.2283 | 0.3148
r@100 0.4566 | 0.5000
r@200 0.9132 | 0.6481
r@500 1.0000 | 0.7593
r@1000 1.0000 | 0.8889

Table 3.22: LGBM Ranker - BGE

Feature Metric Train | Test Feature | Metric Train | Test
R-Precision | 0.9863 | 0.4074 R-Precision | 0.6986 | 0.2963
NDCG 0.9996 | 0.6895 NDCG 0.9258 | 0.7104
AUROC 1.0000 | 0.9677 AUROC 0.9745 | 0.9087
MAP 0.9974 | 0.2835 MAP 0.7218 | 0.2569
MRR 1.0000 | 0.3333 MRR 1.0000 | 1.0000
p@20 1.0000 | 0.5000 p@20 1.0000 | 0.4500
p@50 1.0000 | 0.4200 p@50 1.0000 | 0.3000
p@100 1.0000 | 0.3000 p@100 0.9900 | 0.2800

DeBERTa | p@200 1.0000 | 0.1700 BGE p@200 0.7350 | 0.1650
p@500 0.4380 | 0.0900 p@500 0.3240 | 0.0820
p@1000 0.2190 | 0.0500 p@1000 0.1660 | 0.0420
r@20 0.0913 | 0.1852 r@20 0.0913 | 0.1667
r@50 0.2283 | 0.3889 r@Q50 0.2283 | 0.2778
r@100 0.4566 | 0.5556 r@100 0.4521 | 0.5185
r@200 0.9132 | 0.6296 r@200 0.6712 | 0.6111
r@500 1.0000 | 0.8333 r@500 0.7397 | 0.7593
r@1000 1.0000 | 0.9259 r@1000 0.7580 | 0.7778

0.4205 MAP, and 1.00 MRR on hold out test set. BGE follows, reporting 0.3704 R-Precision, 0.7470

NDCG, 0.60 Precision@20, 0.2222 Recall@20, 0.9437 AUROC, 0.3029 MAP, and 1.00 MRR on test

set.
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Table 3.23: LGBM Ranker - BiomedBERT Table 3.24: LGBM Ranker - GatorTron

Feature Metric Train | Test Feature Metric Train | Test
R-Precision | 0.9224 | 0.3889 R-Precision | 1.0000 | 0.3519
NDCG 0.9853 | 0.7706 NDCG 1.0000 | 0.7174
AUROC 0.9910 | 0.9644 AUROC 1.0000 | 0.9507
MAP 0.9497 | 0.3322 MAP 1.0000 | 0.3287
MRR 1.0000 | 1.0000 MRR 1.0000 | 0.3333
p@20 1.0000 | 0.6000 p@20 1.0000 | 0.6000
p@50 1.0000 | 0.4000 p@50 1.0000 | 0.3600
p@100 1.0000 | 0.2700 p@100 1.0000 | 0.3100

BiomedBERT | p@200 0.9900 | 0.1600 GatorTron | p@200 1.0000 | 0.1800
p@500 0.4200 | 0.0920 p@500 0.4380 | 0.0840
p@1000 0.2100 | 0.0490 p@1000 0.2190 | 0.0460
r@20 0.0913 | 0.2222 r@20 0.0913 | 0.2222
r@50 0.2283 | 0.3704 r@50 0.2283 | 0.3333
r@100 0.4566 | 0.5000 r@100 0.4566 | 0.5741
r@200 0.9041 | 0.5926 r@200 0.9132 | 0.6667
r@500 0.9589 | 0.8519 r@500 1.0000 | 0.7778
r@1000 0.9589 | 0.9074 r@1000 1.0000 | 0.8519

Table 3.25: LGBM Ranker - BioGPT

Feature | Metric Train | Test
R-Precision | 1.0000 | 0.4074
NDCG 1.0000 | 0.7211
AUROC 1.0000 | 0.9602
MAP 1.0000 | 0.3386
MRR 1.0000 | 0.3333
p@20 1.0000 | 0.7000
p@50 1.0000 | 0.4400
p@100 1.0000 | 0.2800

BioGPT | p@200 1.0000 | 0.1550
p@500 0.4380 | 0.0800
p@1000 0.2190 | 0.0470
r@20 0.0913 | 0.2593
r@Q50 0.2283 | 0.4074
r@100 0.4566 | 0.5185
r@200 0.9132 | 0.5741
r@500 1.0000 | 0.7407
r@1000 1.0000 | 0.8704
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Table 3.26: XGB Classifier - CB

Table 3.27: XGB Classifier -TF-IDF
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Feature | Metric Train | Test
R-Precision | 0.5799 | 0.1852
NDCG 0.9178 | 0.6782
AUROC 0.9970 | 0.9586
MAP 0.6193 | 0.1921
MRR 1.0000 | 1.0000
p@20 0.9500 | 0.3000
p@50 0.8400 | 0.2000
p@100 0.7700 | 0.1500
CB p@200 0.6150 | 0.1450
p@500 0.3220 | 0.0820
p@1000 0.2190 | 0.0430
r@20 0.0868 | 0.1111
r@50 0.1918 | 0.1852
r@100 0.3516 | 0.2778
r@200 0.5616 | 0.5370
r@500 0.7352 | 0.7593
r@1000 1.0000 | 0.7963

Feature | Metric Train | Test
R-Precision | 0.7032 | 0.3333
NDCG 0.9470 | 0.7572
AUROC 0.9932 | 0.9685
MAP 0.7644 | 0.3095
MRR 1.0000 | 1.0000
p@20 1.0000 | 0.5500
p@50 0.9800 | 0.3400
p@100 0.9700 | 0.2500

TF-IDF | p@200 0.7450 | 0.1550
p@500 0.3560 | 0.0820
p@1000 0.1950 | 0.0460
r@20 0.0913 | 0.2037
r@50 0.2237 | 0.3148
r@100 0.4429 | 0.4630
r@200 0.6804 | 0.5741
r@500 0.8128 | 0.7593
r@1000 0.8904 | 0.8519

Table 3.28: XGB Classifier - GloVe

Table 3.29: XGB Classifier - RoOBERTa

Feature | Metric Train | Test
R-Precision | 1.0000 | 0.3519
NDCG 1.0000 | 0.6772
AUROC 1.0000 | 0.9590
MAP 1.0000 | 0.2550
MRR 1.0000 | 0.3333
p@20 1.0000 | 0.5000
p@50 1.0000 | 0.3800
p@100 1.0000 | 0.2300
GloVe p@200 1.0000 | 0.1700
p@500 0.4380 | 0.0820
p@1000 0.2190 | 0.0480
r@20 0.0913 | 0.1852
r@Q50 0.2283 | 0.3519
r@100 0.4566 | 0.4259
r@200 0.9132 | 0.6296
r@500 1.0000 | 0.7593
r@1000 1.0000 | 0.8889

Feature Metric Train | Test
R-Precision | 1.0000 | 0.3148
NDCG 1.0000 | 0.6686
AUROC 1.0000 | 0.9635
MAP 1.0000 | 0.2366
MRR 1.0000 | 0.3333
p@20 1.0000 | 0.4000
p@50 1.0000 | 0.3200
p@100 1.0000 | 0.2400

RoBERTa | p@200 1.0000 | 0.1550
p@500 0.4380 | 0.0820
p@1000 0.2190 | 0.0470
r@20 0.0913 | 0.1481
r@50 0.2283 | 0.2963
r@100 0.4566 | 0.4444
r@200 0.9132 | 0.5741
r@500 1.0000 | 0.7593
r@1000 1.0000 | 0.8704

3.9.5 Cross-Validation: Baseline Vs. Best Model

This section compares the performance of our best model—the LGBM Classifier with GatorTron

features— against the baseline, which ranks based on Initiator Harm level, averaged across five
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Table 3.30: XGB Classifier - DeBERTa

Table 3.31: XGB Classifier - BGE
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Feature Metric Train | Test Feature | Metric Train | Test
R-Precision | 1.0000 | 0.3148 R-Precision | 1.0000 | 0.3519
NDCG 1.0000 | 0.6992 NDCG 1.0000 | 0.6674
AUROC 1.0000 | 0.9582 AUROC 1.0000 | 0.9472
MAP 1.0000 | 0.2869 MAP 1.0000 | 0.2418
MRR 1.0000 | 0.3333 MRR 1.0000 | 0.3333
p@20 1.0000 | 0.5500 p@20 1.0000 | 0.5000
p@50 1.0000 | 0.3400 p@50 1.0000 | 0.3800
p@100 1.0000 | 0.2600 p@100 1.0000 | 0.2200
DeBERTa | p@200 1.0000 | 0.1750 BGE p@200 1.0000 | 0.1550
p@500 0.4380 | 0.0820 p@500 0.4380 | 0.0820
p@1000 0.2190 | 0.0470 p@1000 0.2190 | 0.0450
r@20 0.0913 | 0.2037 r@20 0.0913 | 0.1852
r@50 0.2283 | 0.3148 r@Q50 0.2283 | 0.3519
r@100 0.4566 | 0.4815 r@100 0.4566 | 0.4074
r@200 0.9132 | 0.6481 r@200 0.9132 | 0.5741
r@500 1.0000 | 0.7593 r@500 1.0000 | 0.7593
r@1000 1.0000 | 0.8704 r@1000 1.0000 | 0.8333
Table 3.32: XGB Classifier -BiomedBERT Table 3.33: XGB Classifier - GatorTron
Feature Metric Train | Test Feature Metric Train | Test
R-Precision | 1.0000 | 0.3333 R-Precision | 1.0000 | 0.4630
NDCG 1.0000 | 0.7252 NDCG 1.0000 | 0.7358
AUROC 1.0000 | 0.9534 AUROC 1.0000 | 0.9610
MAP 1.0000 | 0.2817 MAP 1.0000 | 0.3706
MRR 1.0000 | 1.0000 MRR 1.0000 | 0.3333
p@20 1.0000 | 0.5500 p@20 1.0000 | 0.5500
p@50 1.0000 | 0.3600 p@50 1.0000 | 0.4800
p@100 1.0000 | 0.2600 p@100 1.0000 | 0.3200
BiomedBERT | p@200 1.0000 | 0.1650 GatorTron | p@200 1.0000 | 0.2050
p@500 0.4380 | 0.0800 p@500 0.4380 | 0.0900
p@1000 0.2190 | 0.0470 p@1000 0.2190 | 0.0490
r@20 0.0913 | 0.2037 r@20 0.0913 | 0.2037
r@50 0.2283 | 0.3333 r@50 0.2283 | 0.4444
r@100 0.4566 | 0.4815 r@100 0.4566 | 0.5926
r@200 0.9132 | 0.6111 r@200 0.9132 | 0.7593
r@500 1.0000 | 0.7407 r@500 1.0000 | 0.8333
r@1000 1.0000 | 0.8704 r@1000 1.0000 | 0.9074

different random dataset splits, detailed in Table This approach demonstrates the model’s

robustness, as it consistently outperforms the baseline across different test sets. For reproducibility,

we provide the hyperparameter values of the best model in table



CHAPTER 3. LEARNING TO RANK PSE REPORTS BY SEVERITY

Table 3.34: XGB Classifier - BioGPT

Feature | Metric Train | Test
R-Precision | 1.0000 | 0.3519
NDCG 1.0000 | 0.6963
AUROC 1.0000 | 0.9604
MAP 1.0000 | 0.2871
MRR 1.0000 | 0.3333
p@20 1.0000 | 0.5500
p@50 1.0000 | 0.3800
p@100 1.0000 | 0.2700

BioGPT | p@200 1.0000 | 0.1600
p@500 0.4380 | 0.0800
p@1000 0.2190 | 0.0460
r@20 0.0913 | 0.2037
r@50 0.2283 | 0.3519
r@100 0.4566 | 0.5000
r@200 0.9132 | 0.5926
r@500 1.0000 | 0.7407
r@1000 1.0000 | 0.8519

Table 3.35: LGBM Classifier - CB

Feature | Metric Train | Test
R-Precision | 1.000 0.3148
NDCG 1.000 | 0.7080
AUROC 1.000 | 0.9566
MAP 1.000 | 0.2414
MRR 1.000 1.000
p@20 1.000 | 0.4000
p@50 1.000 | 0.3000
p@100 1.000 | 0.2100
CB p@200 1.000 | 0.1550
p@500 0.4380 | 0.0820
p@1000 0.2190 | 0.0480
r@20 0.0913 | 0.1481
r@Q50 0.2283 | 0.2778
r@100 0.4566 | 0.3889
r@200 0.9132 | 0.5741
r@500 1.000 | 0.7593
r@1000 1.000 | 0.8889

Table 3.36: LGBM Classifier - TF-IDF
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Feature | Metric Train | Test
R-Precision | 0.3744 | 0.2222
NDCG 0.7929 | 0.7122
AUROC 0.9956 | 0.9403
MAP 0.3493 | 0.2422
MRR 0.3333 | 1.000
p@20 0.4500 | 0.4000
p@50 0.4800 | 0.2400
p@100 0.4200 | 0.2000

TF-IDF | p@200 0.3800 | 0.1550
p@500 0.2900 | 0.0840
p@1000 0.2190 | 0.0440
r@20 0.0411 | 0.1481
r@Q50 0.1096 | 0.2222
r@100 0.1918 | 0.3704
r@200 0.3470 | 0.5741
r@500 0.6621 | 0.7778
r@1000 1.000 | 0.8148
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Table 3.37: LGBM Classifier - GloVe Table 3.38: LGBM Classifier - RoBERTa
Feature | Metric Train | Test Feature Metric Train | Test
R-Precision | 0.9954 | 0.3333 R-Precision | 1.0000 | 0.2593
NDCG 1.0000 | 0.6241 NDCG 1.0000 | 0.6260
AUROC 1.0000 | 0.9475 AUROC 1.0000 | 0.9495
MAP 0.9998 | 0.1966 MAP 1.0000 | 0.1809
MRR 1.0000 | 0.2500 MRR 1.0000 | 0.3333
p@20 1.0000 | 0.3000 p@20 1.0000 | 0.4000
p@50 1.0000 | 0.3200 p@50 1.0000 | 0.2600
p@100 1.0000 | 0.2200 p@100 1.0000 | 0.2100
GloVe p@200 1.0000 | 0.1700 RoBERTa | p@200 1.0000 | 0.1300
p@500 0.4380 | 0.0820 p@500 0.4380 | 0.0700
p@1000 0.2190 | 0.0430 p@1000 0.2190 | 0.0420
r@20 0.0913 | 0.1111 r@20 0.0913 | 0.1481
r@50 0.2283 | 0.2963 r@50 0.2283 | 0.2407
r@100 0.4566 | 0.4074 r@100 0.4566 | 0.3889
r@200 0.9132 | 0.6296 r@200 0.9132 | 0.4815
r@500 1.0000 | 0.7593 r@500 1.0000 | 0.6481
r@1000 1.0000 | 0.7963 r@1000 1.0000 | 0.7778
Table 3.39: LGBM Classifier - DeBERTa Table 3.40: LGBM Classifier - BGE
Feature Metric Train | Test Feature | Metric Train | Test
R-Precision | 1.0000 | 0.3148 R-Precision | 0.6438 | 0.3704
NDCG 1.0000 | 0.6835 NDCG 0.8912 | 0.7470
AUROC 1.0000 | 0.9527 AUROC 0.9546 | 0.9437
MAP 1.0000 | 0.2617 MAP 0.6277 | 0.3029
MRR 1.0000 | 0.3333 MRR 1.0000 | 1.0000
p@20 1.0000 | 0.4500 p@20 0.9500 | 0.6000
p@50 1.0000 | 0.3400 p@50 0.8800 | 0.3800
p@100 1.0000 | 0.2600 p@100 0.9100 | 0.2300
DeBERTa | p@200 1.0000 | 0.1600 BGE p@200 0.6950 | 0.1600
p@500 0.4380 | 0.0740 p@500 0.3120 | 0.0840
p@1000 0.2190 | 0.0470 p@1000 0.1560 | 0.0450
r@20 0.0913 | 0.1667 r@20 0.0868 | 0.2222
r@50 0.2283 | 0.3148 r@Q50 0.2009 | 0.3519
r@100 0.4566 | 0.4815 r@100 0.4155 | 0.4259
r@200 0.9132 | 0.5926 r@200 0.6347 | 0.5926
r@500 1.0000 | 0.6852 r@500 0.7123 | 0.7778
r@1000 1.0000 | 0.8704 r@1000 0.7123 | 0.8333

3.10 Discussion

Our results indicate that domain-specific features, particularly GatorTron, significantly improves

ranking performance achieving overall high rank scores across all models. Among the rankers, all
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Table 3.41: LGBM Classifier - Biomed BERT Table 3.42: LGBM Classifier - GatorTron

Feature Metric Train | Test Feature Metric Train | Test
R-Precision | 1.0000 | 0.2407 R-Precision | 0.8402 | 0.4259
NDCG 1.0000 | 0.6528 NDCG 0.9836 | 0.8125
AUROC 1.0000 | 0.9537 AUROC 0.9992 | 0.9694
MAP 1.0000 | 0.2108 MAP 0.9099 | 0.4205
MRR 1.0000 | 0.3333 MRR 1.0000 | 1.0000
p@20 1.0000 | 0.3500 p@20 1.0000 | 0.7000
p@50 1.0000 | 0.2600 p@50 1.0000 | 0.4600
p@100 1.0000 | 0.2200 p@100 1.0000 | 0.2800

BiomedBERT | p@200 1.0000 | 0.1550 GatorTron | p@200 0.8850 | 0.1800
p@500 0.4380 | 0.0760 p@500 0.4080 | 0.0880
p@1000 0.2190 | 0.0450 p@1000 0.2190 | 0.0470
r@20 0.0913 | 0.1296 r@20 0.0913 | 0.2593
r@50 0.2283 | 0.2407 r@50 0.2283 | 0.4259
r@100 0.4566 | 0.4074 r@100 0.4566 | 0.5185
r@200 0.9132 | 0.5741 r@200 0.8082 | 0.6667
r@500 1.0000 | 0.7037 r@500 0.9315 | 0.8148
r@1000 1.0000 | 0.8333 r@1000 1.0000 | 0.8704

Table 3.43: LGBM Classifier - BioGPT

Feature | Metric Train | Test
R-Precision | 0.6712 | 0.2963
NDCG 0.9191 | 0.7091
AUROC 0.9806 | 0.9612
MAP 0.6876 | 0.2396
MRR 1.0000 | 1.0000
p@20 1.0000 | 0.4500
p@50 0.9800 | 0.2800
p@100 0.9300 | 0.2000

BioGPT | p@200 0.7250 | 0.1550
p@500 0.3140 | 0.0780
p@1000 0.1690 | 0.0440
r@20 0.0913 | 0.1667
r@Q50 0.2237 | 0.2593
r@100 0.4247 | 0.3704
r@200 0.6621 | 0.5741
r@500 0.7169 | 0.7222
r@1000 0.7717 | 0.8148

domain-specific embeddings, including GatorTron, BioGPT, and BioMedBERT, consistently achieve
the best or near-best results across most metrics. This underscores the performance benefits of using

domain-specific language models, which can more effectively interpret the linguistic patterns inherent
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Best Model; CV=5 (Mean + SD)

Metric

Baseline

LGBM-CLF-GTR

Train

Test

Train

Test

R-Precision
NDCG
AUROC
MAP
MRR
p@20
p@50
p@100
p@200
p@500
p@1000
r@20
r@50
r@100
r@200
r@500
r@1000

0.1961 £ 0.0011
0.6768 £ 0.0000
0.9347 £ 0.0000
0.1448 £ 0.0003
0.5492 £ 0.0508
0.2559 £ 0.1413
0.3273 £ 0.0042
0.3017 £ 0.0005
0.2046 £ 0.0010
0.1461 £ 0.0006
0.1265 £ 0.0007
0.0292 £ 0.0005
0.0747 £ 0.0010
0.1378 £ 0.0002
0.1869 £ 0.0009
0.3335 £ 0.0014
0.5775 £ 0.0033

0.1931 £ 0.0041
0.6129 £ 0.0000
0.9382 £ 0.0000
0.1534 £ 0.0007
0.5529 £ 0.0192
0.3187 £ 0.0049
0.1994 £ 0.0030
0.1528 £ 0.0029
0.1299 £ 0.0010
0.0800 £ 0.0001
0.0429 £ 0.0002
0.1180 £ 0.0018
0.1846 £+ 0.0027
0.2829 £ 0.0054
0.4812 £ 0.0037
0.7405 £ 0.0012
0.7952 £ 0.0027

0.8228 £ 0.0186
0.9845 £ 0.0014
0.9993 £ 0.0000
0.9134 £ 0.0083
1.0000 % 0.0000
1.0000 £ 0.0000
1.0000 £ 0.0000
1.0000 = 0.0000
0.8760 &+ 0.0143
0.4176 £ 0.0059
0.2182 £ 0.0008
0.0913 £ 0.0000
0.2283 £ 0.0000
0.4566 £ 0.0000
0.8000 £ 0.0131
0.9534 £ 0.0135
0.9963 £ 0.0038

0.3222 £+ 0.0465
0.7391 £ 0.0208
0.9576 = 0.0039
0.2881 £ 0.0380
1.0000 £ 0.0000
0.5000 £ 0.0935
0.3280 £ 0.0460
0.2440 £ 0.0321
0.1700 £ 0.0079
0.0864 £ 0.0022
0.0474 £ 0.0015
0.1852 £ 0.0346
0.3037 £ 0.0426
0.4519 £+ 0.0594
0.6296 £+ 0.0293
0.8000 £ 0.0203
0.8778 £ 0.0281

Table 3.45: Hyperparameters of best model —LGBM Classifier with GatorTron
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Hyperparameter | Best value
force_col_wise TRUE
objective binary
random _state 42
n_estimators 200
boosting_type ghdt
max_depth 3
learning_rate 0.05
reg_lambda 1
num_leaves 31
scale_pos_weight 1
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in medical texts.

Comparative analysis of XGB and LGBM models shows that while both rankers and classifiers
perform similarly, classifiers, especially the LGBM classifier trained with GatorTron features, exhibit
superior performance. The LGBM Classifier reports overall high metrics: 0.4259 R-precision, 0.8125
NDCG, 0.70 Precision@20, 0.2593 Recall@20, 0.9694 AUROC, 0.4205 MAP, and 1.00 MRR on the
holdout test set. In contrast, the XGB classifier achieves the highest R-precision of 0.4630 but
reports relatively lower scores in other metrics such as NDCG (0.7358), MAP (0.3706), and MRR
(0.3333).

With XGB classifier, TF-IDF features rank second to GatorTron, illustrating that static repre-
sentations can occasionally surpass the performance of contextual deep-learning-based embeddings.
Similarly, BGE generic English language embeddings with LGBM classifier perform second best to
GatorTron features, outperforming other static and contextual embeddings.

Although we allow the model to choose higher regularization values during the hyper-parameter
tuning phase to prevent overfitting (see section , the models tend to do better with lower
regularization, allowing them to overfit on the train set. This could be due to the large class imbal-
ance with significantly small positive class, where higher regularization can prevent the model from
capturing the patterns present in rarely occurring severe events. Hence, while smaller regularization
does make models overfit on train set, it may enable models to learn new patterns, thereby improving
performance on both train and test set.

The top-performing model—the LGBM classifier trained with GatorTron features—significantly
outperforms the current Initiator Harm Level baseline. Its performance more than doubles in R-
Precision (from 0.1970 to 0.4259), Precision@k, and Recall@k for & = 20,50, 100, with MRR im-
proving from 0.5351 to 1.00, and MAP nearly tripling from 0.1546 to 0.4205 on the test set. These
results demonstrate the substantial benefits of applying ML techniques to rank severe safety events.
This approach can greatly enhance current processes by reducing the time required for PSAs to
identify these events, thereby making the process more efficient, reducing workload, and improving

overall patient safety.

3.10.1 Limitations and Future Work

While our models significantly outperform current screening processes, the rank-based performance
metrics observed, such as R-precision and MAP, do not align with typical scores in the ML field

with more balanced datasets. Our challenges stem from a substantial imbalance in our dataset, with
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a ratio of 0.38% positive to 99.62% negative classes. Furthermore, the variability in report quality,
ranging from comprehensive and well-documented to vague and incomplete, poses a challenge for ML
models in consistently labeling and extracting useful information from the textual descriptions [102].
For instance, reports often contain text descriptions as brief as 1-10 words, which may not provide
enough context for accurate representation in the embedding space, potentially leading to incorrect
predictions. Additionally, the complexity of these events often results in reports being mislabeled
or assigned vague generic labels under pre-defined categories such as “Not Sure” for Initiator Harm
Level or “Miscellaneous Incident” for Incident Type, which presents significant data quality issues
[102]. This further complicates accurate model training and can increase the likelihood of incorrect
classifications.

Therefore, with reduced class imbalance and more precise assignment of event types and harm
levels, we anticipate further improvements in model performance. Additionally, due to computational
constraints and data imbalance, we did not fine-tune the contextual embeddings. Future research
could enhance performance by fine-tuning these embeddings.

Future work can explore different ways of grouping incidents as critical or non-critical during the
training phase. For instance, if the incident descriptions of SSE5 or near miss events appear similar
to those of critical SSE1-4 events, treating these as critical during training could enhance model
performance. Additionally, using various multiclass SEC groupings instead of binary grouping to
train the rankers may further improve model performance.

While data annotation is time-consuming, we envision these models as an initial step in acceler-
ating the triage process by quickly identifying severe events and reducing the number of non-severe
events undergoing in-depth review by the central quality and safety team. By enhancing classifi-
cation efficiency, this could ultimately lead to a larger pool of incidents labeled with a SEC code,

which can then form the basis for building more improved models with more training samples.

3.11 Conclusion

Healthcare organizations use Incident Reporting Systems to collect Patient Safety Event (PSE) re-
ports, aiming to monitor and enhance care quality and safety. The effectiveness of these systems
hinges on thorough analysis and review of these reports to develop preventive measures and rec-
ommendations. Patient Safety Analysts (PSAs) are required to manually review a large volume of
PSE reports daily, to screen and prioritize potentially severe events (SSE1-4) for further detailed

analysis. However, the current screening process, based on harm level assigned by the event initiator,



CHAPTER 3. LEARNING TO RANK PSE REPORTS BY SEVERITY 52

is inefficient and labor-intensive, requiring PSAs to scan through many non-severe incidents.

This study adopts a binary ranking approach, implementing XGB and LGBM ranker and clas-
sifier models across various text feature representations, that learn to rank potentially severe events
higher on the review list. These models were evaluated against the existing initiator harm level
screening method used by PSAs. The results indicate that the models significantly enhance rank
quality over the baseline, with the LGBM classifier trained on GatorTron text features achieving
the best results.

These models are intended to support the decision-making process of PSAs, by more accurately
predicting the severity of incidents compared to baseline, thereby identifying potential Severe Safety
Events (SSE 1-4). Integrating these models into the PSE report classification workflow could sub-
stantially reduce the workload of PSAs, speed up the identification of severe events, and expand the
pool of incidents labeled with an SEC code, ultimately enhancing patient safety and quality of care.

Moreover, the reduction in triage workload for PSAs could allow more time for proactive quality
improvement efforts that prevent harm before it occurs, rather than the current model of retro-
spective analysis after incidents occur. If applied on a broad scale, this shift could exponentially
increase the benefits for patient safety, making a significant impact on healthcare quality through

preventative measures.



Chapter 4

Evaluating Active Learning
Strategies for PSE Type

Classification

4.1 Introduction

In healthcare organizations, patient safety events (PSE), referring to incidents that compromise
patient safety, such as medical errors, near misses, and adverse events pose a significant threat and
can cause avoidable harm, injuries and even death [78]. The widespread implementation of Incident
Reporting (IR) systems has been a major step forward in identifying and addressing PSEs. PSE
reporting systems enable healthcare personnel to voluntarily log incidents, including medical errors
and unsafe conditions, in the form of structured (e.g. event type, harm level, date, location), and
unstructured data (e.g. textual event descriptions and outcomes) [3| [122]. These reports are then
reviewed by hospital staff such as risk managers and patient safety analysts, playing a crucial role
in enhancing healthcare quality by providing insights into factors leading to PSEs and facilitating
the development of preventive measures [73].

Accurate classification of PSE reports into corresponding event types is crucial for analyzing
trends, guiding interventions, and enhancing organizational learning [51, |15]. However, the high
volume of PSEs reported [94] and the complexity of the classification taxonomy, which require spe-

cialized knowledge, make the classification process labour-intensive, time-consuming, and expensive

53
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[102, |43]. Several studies have demonstrated the efficacy of supervised Machine Learning (ML)
models in automating PSE report classification [172} 48] |30} |29]. Improving the reliability of report
classification can enhance safety. However, supervised ML models require high-quality and volumi-
nous manually-labelled datasets for optimal performance. Manually labeling data is time-consuming,
costly, and often impractical due to the large volume of data generated [61]. Active Learning (AL)
is a semi-supervised learning technique that involves selectively querying the most informative data
points for manual labeling, thereby optimizing the use of human resources [144]. Our study aims
to utilize human labelling resources efficiently to develop a robust dataset for training ML models,
seeking to balance labelling costs and classification accuracy. This study investigates the efficacy
of AL strategies in improving the performance of ML models in event type classification of PSE
reports. Thus, our goal is to enhance the PSE labelling process by integrating Artificial Intelligence

with human expertise. In this chapter we make the following contributions:

1. We simulate pool-based Active Learning with Support Vector Machine (SVM) and Logis-
tic Regression (LR) models utilizing four Active Learning (AL) strategies, including three
uncertainty-based and one combining information density with uncertainty. We compare and
evaluate the performance of these strategies to a random selection baseline across various text
representations, focusing on accuracy and Macro F-score improvements through iterative data

sampling.

2. Our experiments reveal that AL strategies significantly outperform random sampling in both
accuracy and Macro F-score, reducing the need for labeled samples by 24-69%. Notably,
BioMedBERT, a medical domain-specific language model, achieves the highest accuracy gains
within 20 iterations for both SVM and LR models, utilizing only 54% of PSE reports. This un-
derscores the efficacy of domain-specific models in enhancing PSE report labeling and reducing

manual workload.

3. Among the AL strategies, we find Entropy and Information Density (ID) Cosine with Least
Confidence were particularly effective for SVM and LR models, respectively, in terms of both
accuracy and Macro F-score. This demonstrates the efficacy of AL strategies, particularly

when integrated with representativeness measures such as ID.

Some of the results from the work in this chapter have been accepted for publication [79].
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4.1.1 Organization

Section[4.2)reviews related work in the literature. Section[f.3]describes the dataset used in this study.
Section [44] discusses data pre-processing, including feature engineering, data augmentation, and
splitting, in preparation for model building. Section outlines the experimental setup, including
AL strategies implemented and hyperparameter tuning. Section presents the results. Finally,

Sections [£.7] and [4.8] discuss the findings, limitations, potential future work and conclusions.

4.2 Related Work

In the literature, several Active Learning (AL) methods have been proposed that incorporate hu-
man expert labelling into the training loop of classification models, in efforts to improve the its

performance.

4.2.1 AL with SVM Ensemble

One such study proposed a method that queries samples based on the posterior probabilities provided
by a set of multi-class SVM classifiers at each iteration [61]. Samples with an average posterior
probability below a certain threshold (i.e confidence in probability estimate) are then selected for
labelling. The main objective is to minimize the number of labeled samples without sacrificing
classification performance. The results demonstrate the method enhances accuracy across three
datasets: it improved the Reuters-21578 dataset accuracy by 0.36% using only 10.77% of samples,
the WebKB dataset by 1.27% with 48.4% of samples, and the 20,000 newsgroup dataset by 2.4%

using only 61.5% of all samples.

4.2.2 AL with BERT

In 2020, Ein-dor et al. conducted a large-scale empirical study on active learning techniques for
BERT-based classification, evaluating a diverse set of AL strategies across 10 datasets spanning var-
ious domains [45]. The study implemented pool-based active learning [144] querying a batch of 50
samples at each iteration, due to high computational demands of training BERT. At each iteration,
the BERT model was fine-tuned from scratch to prevent overfitting from data from previous itera-
tion [45]. The study analyzed seven state-of-the-art AL strategies including uncertainty-sampling,
uncertainty-sampling using ensemble methods, and diversity-sampling. Additionally, it implements

random-sampling as a baseline, where the batch of instances are chosen at random from the unlabeled
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set for performance comparison.

Experiments involved binary classification on both balanced and imbalanced datasets. The re-
sults demonstrated that AL strategies can significantly enhance BERT’s performance, particularly
with skewed dataset common in real-world settings with limited annotation budgets. The AL strate-
gies improved the F-score of the random baseline by a large margin of 4 - 8% on average. Despite
these improvements, no single strategy consistently outperformed across all datasets—a common
phenomenon with AL results as noted by Lowell et al. |[107]. Furthermore, the study states that the
uncertainty-based AL strategies tends to select outlier examples that do not properly represent the
overall data distribution. Therefore diversity based sampling such as Discriminative Active Learning

(DAL), ensures the selection of representative samples compared to all other strategies [45].

4.2.3 AL in Healthcare
AL using traditional SVM model

A study by Fong et al. (2017), compared three different AL strategies integrated with SVM to
support binary classification of HIT-related Patient Safety Event (PSE) reports from a large set of
diverse reports [53|. The dataset comprised of a subset of PSE reports from the Institute for Safe
Medication Practices (ISMP) between 2007 and 2016 from hospitals in Pennsylvania, US [53]. The
dataset consisted of a large unlabelled portion with 252 labelled samples and 5000 unlabelled samples
[53]. The classifer would predict the class of the sample as either of the two classes: (1) “Likely”,
referring to HIT likely being a contributing factor to the safety event, (2) “Unlikely”, referring to
HIT unlikely being a contributing factor.

Three AL sampling strategies were evaluated—baseline uncertainty sampling (USB), uncertainty
sampling prioritizing the selection of samples belonging to “Likely” class (UBL), and confirmatory
sampling (CSL) where annotators are asked to confirm reports that the model predicts as “Likely”
with a high level of confidence. The results demonstrate that all three strategies had high preci-
sion when evaluating high probability predictions (i.e. easily identifiable HIT-related events), with
the USL, slightly outperforming other models [53]. However, for more complex reports, the CSL
approach is better for earlier detection and removal of false positives. It concludes that the active
learning approach offers a potentially resource efficient alternative to manual review of PSE (Patient
Safety Event) reports, particularly in reducing the challenge of comprehending trends and patterns

within large datasets [53].
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AL using U-net deep learning model

Another study implements Deep Active Learning (DAL) approach for right ventricular segmentation
to facilitate labelling of large number on unlabeled images from Cardiac Magnetic Resonance Imaging
(CMRI) [5]. This method aims to enhance segmentation accuracy by selecting highly informative
unlabeled data to train a U-Net based architecture, based on a two-level uncertainty estimation
considering both epistemic (i.e. model) and aleatoric (i.e. interpretation) uncertainties. Tested
on approximately 2000 images gathered from public and custom datasets, the results demonstrate
improved segmentation metrics, proving the efficacy of DAL and the benefits of using uncertainty

measures in leveraging unlabeled data effectively.

4.3 Dataset

This study utilized 861 PSE reports from a Southeastern U.S. academic hospital’s maternal-care
units from January 2019 to December 2020. The study was approved by the hospital’s institutional
review board (Pro00105892). Among the 25 distinct event types present in the dataset, the ML
classifiers were exclusively trained on PSE-types with at least 40—samples constituting about 73%
of all reports—to ensure sufficient learning data (see Table . For event type classification, only
the free-text incident descriptions were used as model inputs. To abide by the privacy regulations,

all PSE reports were anonymized after data extraction.

Table 4.1: Distribution of PSE types
Extracted Reports (n=861)

Event type Count Percent %
Care coordination or communication 186 21.6
Laboratory test 122 14.2
Medication related 89 10.3
Omission or errors in assessment, diagnosis, and monitoring 67 7.8
Maternal 58 6.7
Equipment or devices 56 6.5
Supplies 49 5.7

Total 627 72.8

4.4 Data Preprocessing

The following sections outline the preprocessing steps we implemented to prepare the incident de-

scriptions for classifier input.
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4.4.1 Data cleaning

To eliminate noise and irrelevant components from the incident texts, we perform data cleaning
before obtaining word-level static text representations. This involved lowercasing, removing stop
words and non-alphabetic characters, and normalizing word forms through stemming. However, for
deep contextual representations, which represent sequences of words, we use the raw text to preserve

context and avoid distortions from cleaning.

4.4.2 Feature extraction

We consider two types of static features that can be extracted from textual incident descriptions
namely binary bag-of-words (CB) and TF-IDF—which focus on word occurrence and frequency but
ignore the order [113|. The static representations were obtained from cleaned text, and tokenized into
unigrams, bigrams, and trigrams to create the vocabulary. For deep learning-based contextual NLP
representations, we evaluated two models trained on a generic English corpus: RoBERTa [106] and
DeBERTa [70], both enhancements of the original BERT transformer model [41], reporting superior
performance on multiple NLP benchmarks. Contextual representations are known to better capture
the meaning of words by incorporating their position and context within sentences [140, |175l 156, [30L
29]. Additionally, we explored two domain-specific language models that were trained on biomedical
and clinical data, namely BiomedBERT [64] and GatorTron [183], to better capture the unique
linguistic patterns of medical texts. For detailed background on these text representations, see
section in Chapter 2.

Due to the small size of the dataset, we did not fine-tune the transformer models for our specific
task but directly retrieved sentence embeddings from pre-trained models, by performing mean-
pooling on the output token embeddings. The mean pooled embedding yielded slightly better results,
utilizing the average of all hidden layers, compared to using only the CLS token, which represents the
final hidden state. The dimensions of the resulting embeddings vary depending on the transformer
model used. For example, RoBERTa base model produces an embedding of 768 dimensions, while
larger models like GatorTron generate embeddings of 1024 dimensions. The maximum input token
length for all models was set at 512, which is standard and sufficient for the dataset, given most

descriptions are under 200 words (see Figure [4.1)).
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Figure 4.1: Word count distribution of incident description in PSE reports

4.4.3 Data augmentation

The dataset is imbalanced with uneven representation across different event type categories (see
Table . Training on imbalanced datasets often degrades classifier performance .
To mitigate this, we apply the synthetic minority oversampling technique (SMOTE) [27], which
generates synthetic examples by interpolating among several minority class instances, rather than
simply replicating them . SMOTE was applied to the training dataset after feature extraction
at each AL iteration before retraining the classifier, while the validation and test set remained

unchanged.

4.4.4 Data splitting

The dataset was divided into 70% training, 15% validation, and 15% testing sets, using a stratified
split to ensure consistent class distribution. The train set was used for classifier learning, while
the validation set facilitated hyperparameter tuning and was used to select the best model across

iterations. This approach prevented overfitting and enhanced the stability of AL experiments.

4.5 Experimental Setup

In this study, we particularly focus on simulating the pool-based AL sampling approach (see
section , by initially introducing a small portion of the labeled dataset to the ML model for
training. Then, additional informative samples are selected iteratively by the AL strategy and the
model is retrained from scratch to evaluate if the additional samples help improve classification

accuracy (see Figure [4.2).

All experiments start with a balanced set of 35 samples, with 5 samples per event type, drawn
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Figure 4.2: Active Learning Cycle

from the training set, allocating the rest to the unlabeled pool. In each AL iteration, 10 samples
from the unlabeled pool are selected using the specified AL strategy and, consequently, these samples
are added to the labelled set to simulate manual labelling of the selected samples. The ML model
was then re-trained on this expanded set, after applying SMOTE oversampling to address potential
class-imbalance. Re-training from scratch is done to prevent classifiers from overfitting on data
from previous iterations, as suggested in . This process was repeated until all samples from the
unlabelled set were exhausted. We tested the models after each AL iteration with an unseen test
set, using them to predict the corresponding PSE type. These predictions were evaluated against
the ground truth labels using classification accuracy as the metric. To mitigate bias due to initial
selection of labelled samples, each experiment was repeated with 10 random balanced initial labelled
sets, and the average test accuracy was reported for each iteration.

AL experiments were conducted using two popular models in text classification tasks: Logistic
Regression (LR) and Support Vector Machines (SVM) [38]. We selected SVM based on previous
studies using the same dataset, which demonstrated its superiority over other models such as XGB
and LGBM [30 29]. Our analysis confirmed that SVM slightly outperformed XGB with AL for this
dataset, a finding consistent with SVM’s known effectiveness in scenarios where the dataset size is
smaller relative to the dimensionality of the feature space . Furthermore, an extensive literature

review in Chapter[3] Section[3:4revealed that SVM often outperforms other ML models in classifying
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PSE reports across various NLP techniques [123] /52 |172} 48] |30} 129]. We also evaluated performance
using Logistic Regression (LR) because it is a widely used data mining method and serves as a
popular baseline for comparison against state-of-the-art ML models. For detailed explanations of
these ML models, see Appendix [A] Four AL strategies, along with a random sampling baseline, were

evaluated across six text representations using both SVM and LR classifiers, totaling 60 experiments.

4.5.1 AL strategies

Several AL selection strategies have been proposed in literature, including uncertainty-based, Query
By Committee (QBC), and Information Density (ID) based approaches [146]. For background
on these sampling techniques refer to Section Our study explores three uncertainty-based
methods: Least Confidence (LC'), Margin (M), and Entropy (£) and a cosine similarity-based 1D
sampling combined with LC (IDCos x LC'). Additionally, we implement a random selection (R) as
a baseline to compare against AL strategies. We provide a brief explanation for each AL strategy.

For implementation details on these AL strategies refer to Appendix [C}

e Least Confidence (LC): Queries the instance with the least confident prediction

e Margin (M): Measures uncertainty as the difference between the probabilities of the top two

class predictions

e Entropy (F): Measures uncertainty using the probability distribution of an event’s outcome,

with high values indicating multiple equally likely outcomes

e Information Density with LC (IDCos x LC'): Weighs the informativeness of an instance against
its similarity to the entire dataset, using measures such as cosine similarity. It is used in
conjunction with a base sampling strategy like L C, querying instances that are both informative

and representative of the input space distribution [145].

e Random selection (R): This method randomly selects instances from the unlabeled set for
labeling, in contrast to AL strategies that select instances in a more informed manner. It is

commonly used as a baseline to compare against AL strategies [45] [107].

4.5.2 Hyperparameter tuning

The 15% validation set was used for hyperparameter tuning instead of using cross-validation on the

training set, to save time and computational resources. Tuning was conducted for each model-feature
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combination, keeping the parameters consistent across all AL strategies for effective comparison. We
used grid search technique |103] with 3-fold out-of-sample testing on the validation set, exploring a
set of values for each hyperparameter. Table lists the hyperparameter ranges for both SVM and
LR.

Table 4.2: Hyperparameter ranges tuned for SVM and LR

Model Hyperparameter Values

C [0.2,0.5, 1, 3, 5, 7]
kernel [linear, rbf, poly, sigmoid]
gamma [scale, auto]
SVM degree [3, 5]
class_weight balanced
max_iter 1000
random_state 42
C [0.1,02, 05,1, 3, 5, 7]
penalty [12, None]
LR solver [newton-cg, lbfgs, liblinear]
max-iter 500
random_state 42

4.6 Results

4.6.1 Evaluation using Accuracy

The performance of ML classifiers, using various AL strategies, was evaluated over 41 iterations by
analyzing average test set accuracy until all unlabelled samples were used (see Figures and .

To compare the effectiveness of AL strategies against the random baseline R, we report the test
set accuracy achieved at the 20th iteration, as well as average improvements over R at this iteration
and between 10-30 iterations (see Table [4.3)).

BioMedBERT features yielded the highest accuracy at 20 iterations, with SVM and LR achieving
0.72 and 0.717, respectively, surpassing the R baseline by 0.084 and 0.039 using both E and IDCos
x LC strategies. Following BioMedBERT, RoBERTa, TF-IDF, and GatorTron features reported
high accuracies, ranging between 0.692-0.716 for SVM and 0.701-0.716 for LR classifier. The static
TF-IDF representation performed comparably to the clinical domain-specific GatorTron embeddings,
indicating that static representations can sometimes match the performance of deep learning models.
At the 20th iteration, for SVM, LC strategy improves accuracy by 0.0493 on average; while for LR,
IDCos x LC strategy increases accuracy by 0.0426 on average, over the R baseline across all features.

Static CB features reported the lowest accuracy at the 20th iteration, reaching 0.545 with SVM
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Figure 4.3: SVM Average Test Accuracy Improvements Across Text Representations



CHAPTER 4. EVALUATING ACTIVE LEARNING STRATEGIES FOR PSE TYPE CLASSIFICATION 64

LR model: CB Feature LR model: TF-IDF Feature

=]
-l
=]
-l

=
=)
=
=)

Average Test Accuracy
o
w

Average Test Accuracy
o
w

— R
— LC
0.4- O 0.4+ — E
— M — M
0.3+ —— IDCos x LC 0.3+ —— IDCos x LC
0 10 20 30 40 0 10 20 30 40
lterations lterations
(a) CB (b) TF_IDF
LR model: RoBERTa Feature LR model: DeBERTa Feature
0.7 0.7
= = e e ——
o o T
5 0.6- 5 0.6-
[ [
w w
< <
o5 o5
P — R P — R
% — LC % — LC
§ 0.4 - E § 0.4 - E
< — M < — M
0.3+ —— IDCos x LC 0.3+ —— IDCos x LC
0 10 20 30 40 0 10 20 30 40
lterations lterations
(¢) RoBERTa (d) DeBERTa
LR model: BioMedBERT Feature LR model: GatorTron Feature
0.7 0.7
= =
o o
5 0.6- 5 0.6-
[ [
w w
< <
o5 o5
P — R P — R
% — % —
§ 0.4 - E § 0.4 - E
k4 — M k4 — M
0.3+ —— IDCos x LC 0.3+ —— IDCos x LC
0 10 20 30 40 0 10 20 30 40
lterations lterations
(e) BioMedBERT (f) GatorTron

Figure 4.4: LR Average Test Accuracy Improvements Across Text Representations
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Table 4.3: Comparison of Average Accuracy for SVM and LR using Active Learning

SVM LR
Az AAy  AAig—30 | A2 AAy  AdAig_30

AL Strategy

CB

R 0.466 0 0 0.539 0 0

LC 0.543 0.077  0.076 0.592 0.0563 0.044
E 0.545 0.079 0.082 0.609  0.071  0.049
M 0.529  0.063  0.056 0.589  0.0561  0.037
IDCos x LC 0.535 0.068  0.055 0.611 0.072 0.055
TF-IDF

IR 0.661 0 0 0.638 0 0

LC 0.696 0.035 0.044 0.694 0.056 0.052
E 0.695 0.034 0.037 0.691 0.053 0.044
M 0.689  0.028  0.033 0.685  0.047 0.033
IDCos x LC 0.681  0.02 0.02 0.701 0.063 0.049
RoBERTa

R 0.637 0 0 0.669 0 0

LC 0.699  0.062 0.041 0.691 0.021  0.018
E 0.708 0.072 0.054 0.695 0.025 0.029
M 0.716 0.079 0.05 0.688 0.019 0.03
IDCos x LC 0.702  0.065 0.044 0.716 0.046 0.044
DeBERTa

R 0.631 0 0 0.642 0 0

LC 0.683 0.053 0.049 0.66 0.018 0.021
E 0.681  0.051  0.043 0.647 0.005 0.011
M 0.679  0.048 0.051 0.653 0.011  0.018
IDCos x LC 0.676  0.045 0.039 0.661 0.019 0.02
Biomed BERT

R 0.636 0 0 0.678 0 0

LC 0.704 0.068 0.077 0.715 0.037 0.04
E 0.72 0.084 0.088 0.717 0.039 0.038
M 0.704  0.068 0.062 0.691 0.013  0.009
IDCos x LC 0.72 0.084 0.085 0.717 0.039 0.037
GatorTron

R 0.686 0 0 0.682 0 0

LC 0.687 0.001 0.013 0.703 0.021 0.022
E 0.658 -0.028 -0.018 0.699 0.017 0.015
M 0.692 0.005 0.022 0.703 0.021 0.016
IDCos x LC 0.685  -0.001 0.01 0.699 0.017 0.018

Note: This table compares various AL strategies against the random baseline (R) for both SVM
and LR models, using three metrics: Asg (accuracy at the 20th iteration), AAy (accuracy
improvement over R at the 20th iteration), and AA;g_3¢ (average accuracy improvement over R
between the 10th and 30th iteration). The representation achieving highest accuracy at 20th
iteration is highlighted in yellow.
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and 0.611 with LR, using E and IDCos x LC strategies, respectively. However, the AL strate-
gies still significantly outperformed the R baseline, with improvements of 0.079 and 0.072 by 20
queries. This demonstrates the effectiveness of AL strategies across both static and deep-learning

text representations, with highest accuracy gains seen with domain specific embeddings.

4.6.2 Evaluation using Macro F-score

In addition to accuracy, we analyze the macro F-score on the test set as more instances are sampled
(see Figures and and report corresponding statistics in Table The macro F-score can be
considered a more appropriate measure for imbalanced datasets as it evaluates precision and recall
for each class, assessing average performance across all classes.

In terms of macro F-score, RoOBERTa, BioMedBERT, and GatorTron features perform well,
achieving between 0.646-0.675 at the 20th iteration using the SVM model, and 0.667-0.679 with
the LR model. These results show improvements of 0.017-0.094 and 0.048-0.053 over Random (R)
sampling for SVM and LR models respectively. DeBERTa, TF-IDF and CountBinary follow, with
static features reporting the lowest F-scores at 20th iteration, ranging between 0.535-0.595 with SVM
and 0.579-0.594 with LR, demonstrating that all contextual features outperform static features in
terms of macro F-score. At the 20th iteration, for SVM, the F strategy improves macro F-score by
0.0563 on average; while for LR, the IDCos x LC' strategy increases macro F-score by 0.0542 on
average. These strategies represent the highest improvements in macro F-score over the R baseline

when averaged across all features.

4.7 Discussion

Many hospitals across the world use incident reporting systems and the data collected on PSEs
play a significant role in quality improvement efforts [68]. Reliable classification of PSE types is
crucial for patient safety, and while ML classifiers can accurately classify PSE-reports [172} |30, 29|,
they typically require large amount of labelled data to perform effectively. Our study investigated
how AL techniques can minimize labeling efforts by utilizing a smaller subset of informative data
points. We evaluated the effectiveness of four AL strategies in improving ML model performance
for classifying event types in PSE reports. Additionally, we compared the impact of static versus

contextual text representations and generic versus domain-specific embeddings.
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Figure 4.5: SVM Average Test Macro F-score Improvements Across Text Representations
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Figure 4.6: LR Average Test Macro F-score Improvements Across Text Representations
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Table 4.4: Comparison of Average Macro F-score for SVM and LR using Active Learning

SVM LR
Fyo AFyy  AFio_30 | Fao Al AFig_30

AL Strategy

CB

R 0.457 0 0 0.499 0 0
LC 0.516 0.06 0.065 0.561  0.062 0.045
E 0.535 0.078 0.082 0.579 0.081 0.049
M 0.513  0.057 0.053  0.559 0.06 0.036
IDCos x LC 0.509  0.053 0.05 0.57 0.071 0.048
TF-IDF

R 0.554 0 0 0.501 0 0
LC 0.591  0.038 0.045 0.591 0.09 0.08
E 0.595 0.041 0.044 0.589  0.088 0.071
M 0.564  0.011 0.009 0.592 0.091 0.064
IDCos x LC 0.581  0.027 0.024 0.594 0.093 0.072
RoBERTa

R 0.594 0 0 0.626 0 0
LC 0.658  0.064 0.046 0.645 0.018 0.017
E 0.675 0.081 0.065 0.647 0.021 0.027
M 0.672  0.078 0.047  0.636  0.009 0.025
IDCos x LC 0.663  0.069 0.046 0.677 0.051 0.047
DeBERTa

R 0.563 0 0 0.571 0 0
LC 0.624 0.061 0.06 0.593  0.022 0.024
E 0.625 0.062 0.064 0.58  0.009 0.013
M 0.614  0.052 0.055 0.578  0.007 0.015
IDCos x LC 0.616  0.053 0.049 0.599 0.028 0.026
BiomedBERT

R 0.576 0 0 0.614 0 0
LC 0.646 0.07 0.08 0.667 0.053 0.054
E 0.67 0.094 0.097 0.666 0.052 0.051
M 0.642  0.066 0.058 0.637 0.023 0.017
IDCos x LC 0.666 0.09 0.092 0.659 0.045 0.042
GatorTron

R 0.629 0 0 0.631 0 0
LC 0.646 0.017 0.027  0.678 0.047 0.046
E 0.611 -0.018 -0.002 0.67  0.039 0.036
M 0.644 0.015 0.035 0.679 0.048 0.039
IDCos x LC 0.639 0.01 0.023 0.668 0.037 0.038

Note: This table compares various AL strategies against the random baseline (R) for both SVM
and LR models, using three metrics: Fy (macro F-score at the 20th iteration), AFbg
(improvement in macro F-score over R at the 20th iteration), and AFjg_3¢ (average macro F-score
improvement over R between the 10th and 30th iteration). The representation achieving highest
macro F-score at 20th iteration is highlighted in yellow.
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AL strategies vs. random sampling (R) Our analysis revealed that most AL strategies sig-
nificantly outperformed random selection (R) in terms of both accuracy and macro F-score. AL
strategies enhance labeling efficiency across all text representations, achieving near peak perfor-
mance within 10 to 30 iterations (see Figures , reducing the required number of
labelled samples by 24-69%, considering the total number of samples at the last iteration is 438.
These strategies lead to highest accuracy gains particularly for domain-specific embeddings, notably
BioMedBERT, improving SVM and LR accuracy to 0.72 and 0.717 respectively, and macro F-score
to 0.67 and 0.667 within 20 iterations, using only 54% of PSE-reports. Hence, integrating AL into
PSE-report classification can streamline labeling, reduce workload for PSE analysts, and optimize
both classifier performance and resource allocation. It will enable analysts to focus on annotating

fewer incidents for model development, fostering human-Al collaboration.

Best AL strategy Among the AL strategies, Entropy (F) and the combination of Information
Deunsity (ID) Cosine with Least Confidence (IDCos x LC) were notably effective for SVM and LR,
respectively in terms of both accuracy and macro F-score. This demonstrates the efficacy of AL

strategies, particularly when integrated with representativeness measures such as ID.

Static vs. contextual representations For both ML models, static CB representations consis-
tently underperformed other features in all experiments. However, static TF-IDF features sometimes
matched or even surpassed the performance of contextual DeBERTa and GatorTron embeddings.
Therefore, we cannot definitively state that contextual text representations always outperform static
ones. Nonetheless, contextual features can represent text more efficiently in lower-dimensional spaces

than TF-IDF enabling faster training, often with comparable or superior classification performance.

Generic vs. domain-specific representations BioMedBERT domain-specific contextual em-
bedding slightly outperforms generic English RoOBERTa embeddings by 20 iterations in accuracy,
which may be attributed to their ability to better capture medical terminology present in the text.
With SVM, BioMedBERT achieves the largest overall improvement from the R baseline between
10-30 iterations, leading to a 0.078 increase in accuracy and an 0.082 increase in macro F-score, av-
eraged across all AL strategies. However, with LR, static TF-IDF features yield the highest overall
improvement from R, increasing accuracy by 0.045 and macro F-score by 0.072. Thus, we conclude,
while domain specific contextual embeddings generally lead to better performance compared to
static text representations, they do not necessarily result in larger improvements using AL strategies

across all models. Interestingly, when SVM is used with GatorTron features, the random baseline R
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performs relatively well, even outperforming the Entropy strategy and performing comparably with

other AL strategies.

Regardless of the text features used, AL strategies prove to be effective tools in helping improve
labelling efficiency over random sampling. By 20 iterations of AL sampling, we observe average
improvements over the random baseline of 0.0483 in accuracy and 0.0512 in macro F-score for SVM,

and 0.0348 in accuracy and 0.0477 in macro F-score for LR, across all features.

4.7.1 Limitations

The ML models developed in our study were trained using PSE reports from maternal care units of
one hospital in the United States, potentially limiting the generalizability of the results to different
settings. Additionally, the scope of the analysis was limited by the small quantity of PSE reports
available. Only the seven most frequent classes were used for this study. Thus, by not accounting
for rarer event types, the performance of our models might be overestimated. We recommended that
future research assess the efficacy of ML models integrated with AL strategies over more extensive

and disparate datasets.

4.8 Conclusion

PSE labelling is particularly challenging as it requires specialized knowledge and human interven-
tion, making full automation difficult. AL aims to support rather than replace manual labeling by
filtering instances that are most likely to improve classification accuracy. AL also helps address
the imbalanced-data problem typical of PSEs, by prioritizing rare or difficult-to-classify incidents,
thus learning from a diverse incident set [7]. PSE reports can change over time due to evolving
medical practices and emerging safety issues. AL systems can adapt to these changes more effec-
tively than static models, as they can incrementally learn and re-train from the newly labelled data
[12§]. Therefore, AL emerges as an essential tool in the classification of PSE-reports, offering more

insightful, efficient, and effective use of this critical data in improving patient safety.



Chapter 5

Summary

5.1 Concluding Remarks

In this thesis, we evaluate the efficacy of machine learning models for automating the classification of
Patient Safety Event (PSE) reports in healthcare settings. Initially in Chapter (3| we assess decision
tree ensemble models like XGB and LGBM, using them to rank incidents by severity according to
the Healthcare Performance Improvement (HPI) SEC code.

As PSE reports predominantly contain textual descriptions, we apply various Natural Language
Processing techniques ranging from traditional bag-of-words to advanced deep-learning models like
BERT, including domain-specific versions such as GatorTron, pretrained on clinical datasets. We
compare these models using both query-dependent and query-independent learning-to-rank strate-
gies (see section to assess their performance in incident severity ranking.

The thesis also addresses the challenges posed by the limited availability of labeled data in
PSE reports—as a result of the high volume of reports and complex classification taxonomy which
makes manual classification labor-intensive and costly |94} [102, [43]. In Chapter |4 we explore the
potential of Active Learning (AL) strategies to enhance labeling efficiency of PSE reports. These
strategies prioritize labeling a smaller subset of incidents, which significantly boosts the performance
of ML classifiers with fewer labeled samples, achieving near-peak performance earlier than random
sampling, as demonstrated by improved accuracy and macro F-score metrics (see section .

Overall, this work aims to reduce the workload on Patient Safety Analysts (PSAs) by developing
ML models that support the PSE report classification process. By integrating state-of-the-art NLP

techniques with real-world PSE data, we explore the feasibility of automating PSE report classifica-
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tion and support decision-making, thus enhancing human-AT collaboration, improving classification

efficiency in the triage of severe events, and ultimately improving patient care and safety.

5.2 Summary of Contributions

The main contributions of this thesis are summarized as follows.

5.2.1 Learning to Rank PSE reports by Severity (Chapter 3)

1. We leverage tree-based ensemble models, specifically Extreme Gradient Boosting (XGB) and
Light Gradient Boosting Machine (LGBM), considering both query-independent and query-
dependent Learning-to-Rank (LTR) strategies in ranking patient safety event reports by sever-
ity. To our knowledge, this is the first work to implement LTR models for PSE report classi-
fication. We further analyze the effectiveness of these models across various static and deep-

learning based contextual text representations.

2. Our evaluation reveals that the query-independent LTR strategy using the LGBM classifier
with healthcare domain-specific GatorTron features, significantly outperforms the existing
baseline. This model can assist PSAs in efficiently identifying potential critical incidents,

thereby reducing the workload of manual screening and streamlining the review process.

3. We demonstrate that domain-specific embeddings, such as GatorTron, BioGPT, and BioMed-
BERT, predominantly surpass traditional NLP representations across ranking metrics. This
underscores the benefits of utilizing healthcare-domain specific contextual embeddings to en-

hance classification accuracy in PSE analysis.

5.2.2 Evaluating Active Learning Strategies for PSE Type Classification
(Chapter 4)

1. We simulate pool-based Active Learning with Support Vector Machine (SVM) and Logis-
tic Regression (LR) models utilizing four Active Learning (AL) strategies, including three
uncertainty-based and one combining information density with uncertainty. We compare and
evaluate the performance of these strategies to a random selection baseline across various text
representations, focusing on accuracy and Macro F-score improvements through iterative data

sampling.
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2. Our experiments reveal that AL strategies significantly outperform random sampling in both
accuracy and Macro F-score, reducing the need for labeled samples by 24-69%. Notably,
BioMedBERT, a medical domain-specific language model, achieves the highest accuracy gains
within 20 iterations for both SVM and LR models, utilizing only 54% of PSE reports. This un-
derscores the efficacy of domain-specific models in enhancing PSE report labeling and reducing

manual workload.

3. Among the AL strategies, we find Entropy and Information Density (ID) Cosine with Least
Confidence were particularly effective for SVM and LR models, respectively, in terms of both
accuracy and Macro F-score. This demonstrates the efficacy of AL strategies, particularly

when integrated with representativeness measures such as ID.

Some of the results from the work in this chapter have been accepted for publication [79].

5.3 Future Work

This section suggests several research directions and potential future work stemming from the find-

ings of this thesis.

5.3.1 Fine-tuning Language Models

In our experiments, we only performed feature extraction to obtain sentence embeddings using
pre-trained language models such as RoOBERTa, BioMedBERT, and GatorTron. These embeddings
were then used to train separate learning-to-rank models. Due to computational constraints and
significant data imbalance, we did not extend to fine-tuning the language models. Some studies
indicate that fine-tuning can worsen performance when pre-trained features are good and distribution
shifts are large, distorting the embedding space |95 |1}, /117].

Fine-tuning BERT may or may not improve performance depending on the specific downstream
task [129]. While some studies report that pre-trained embeddings outperform fine-tuned ones [100}
57), others find fine-tuning effective for medical code assignment or text classification tasks [114} 101}
143| |13]. Therefore, future research should explore fine-tuning language models on specific patient
safety event (PSE) datasets.

This can be achieved by adding one or more neural network layers, called the classification head,
on top of the BERT model with a cross-entropy loss function. This approach would replace the

supervised ML classifiers currently in use, such as Gradient Boosted Machines or Support Vector
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Machines, allowing the embedding space to update based on classification performance on the train-
ing set. Fine-tuning may enable models to adjust to the specific language nuances in the dataset,

potentially enhancing their performance in classifying PSE reports.

5.3.2 Zero-shot and Few-shot Learning

In our experiment, we proposed Active Learning strategies to address the challenge of limited labeled
PSE reports, which are often insufficient for training machine learning models. Another promising
approach is zero-shot and few-shot learning, which allows models to make predictions with limited or
no labeled training data [32], particularly useful when obtaining labeled data is costly or impractical.
These approaches have proven effective in text classification tasks across various domains, including
medical text classification, as demonstrated in studies by [90} (109} 139} {182} |22} [28] 153, |154]. Future
research can leverage pre-trained transformer models in combination with zero-shot and few-shot
learning [14], to classify PSE report.

Two common approaches to zero and few-shot learning are entailment and similarity:

1. Entailment-based Zero-shot Learning: This involves transformer-based language models
pre-trained on large entailment datasets (e.g., MNLI), consisting of premise ( e.g. input PSE
reports) and hypothesis (e.g. PSE type or severity label). Models learn to determine if the
premise entails the hypothesis. Labels are converted to hypothesis statements by completing
their interpretation (e.g., from “medication incident” to “This report specifies a medication
incident type”) or by defining the labels (e.g. from “medication incident” to “Medication
incidents are safety events related to administering incorrect type or dose of medication...”).
The pre-trained entailment model then predicts output probabilities indicating the likelihood
that the premise entails the hypothesis for each input and label pair. The label with the

highest entailment probability is assigned to the report.

2. Similarity-based Learning: This approach classifies instances based on similarities between
document representations and class description representations within the same embedding
space [142]. For zero-shot similarity-based learning, the distance between reports and labels in
the embedding space are computed using metrics like cosine or Euclidean distance, choosing
the label with the smallest distance. For few-shot similarity-based learning, where a small
number of labeled examples are available, the distance in the embedding space between an

input sentence and the labeled examples determines the class labels for the input sentence.
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Another popular few-shot learning approach is fine-tuning pre-trained models using a few labeled
samples. For example, the SetFit (Sentence Transformer Fine-tuning) model [163] fine-tunes pre-
trained sentence transformers on a small number of text pairs in a contrastive Siamese manner.

While zero-shot and few-shot approaches show efficacy in text classification tasks, applying these
techniques to PSE report classification can be challenging. The effectiveness of these approaches
heavily relies on the model’s ability to generalize from its training on general tasks to the specific
domain of PSE reports. Challenges arise due to the complex classification taxonomy and specialized

nomenclature used by patient safety specialists that may not be present in the pre-training data.

5.3.3 Prompt Engineering using LLMs

With advancements in large language models (LLMs), prompt engineering has become a prominent
technique in NLP. It involves designing and optimizing prompts (i.e., instructions written in natural
language) to enhance model performance on specific tasks, showing significant superiority across
various domains, including healthcare [169]. Prompting techniques obtain desired responses from
LLMs such as ChatGPT, Google Bard, Claude, or LLaMA2, by altering the input prompt without
changing the model’s architecture |162]. This approach involves converting a text input into a struc-
tured template, asking a fine-tuned language model to complete the template, and then translating
the model’s output into a predicted class [160].

Several studies have successfully used LLMs with prompting techniques for medical text classi-
fication [174, 108} (160, [181], even outperforming few-shot learning approaches [10§]. Recent work
has seen the rise of healthcare domain-specific LLMs for prompting, such as HealthPrompt [153]
and ERNIE-Health [174]. Therefore, future research could explore different prompting techniques
for PSE report classification. It can be particularly useful for this task, as prompts can include
additional context, such as definitions or examples of each severity level or event type, addressing
domain-specific challenges like complex medical terminology and clinical contexts [181], present in
PSE reports.

Furthermore, future work can explore chain-of-thought prompting [176], which requires the model
to list reasons or steps leading to a classification, thus providing a logical reasoning process before
providing the answer. This is particularly useful for complex decision-making tasks like PSE report

classification.
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Machine Learning Algorithms for

Text Classification

A.1 Support Vector Machines (SVM)

Support Vector Machines (SVM) is most commonly used for text classification problems, as it
tends to have better generalization capability on unseen data compared to other similarity-based
learning algorithms [138]. SVM classifiers are supervised learning model that aims to find the optimal
hyperplane (by projecting the feature vector into N-dimensional space), separating the data points
into two spaces: one for the vectors which belong to the given class and one for the vectors which
do not belong to it. Assume that the training set consists of N vectors z;(i = 1,2, -, N) from the
n-dimensional feature space X € R™ [62]. Each vector z; has an associated target y; € {—1,+1}
representing the two different classes. To solve a linear problem (where classes linearly separable),
SVM would search for a line separating the the two classes called the hyperplane. For non-linear
problems, SVM would first map the vectors x; to a high dimensional space using a kernel function
(e.g linear, polynomial, radial basis function) to find the best hyperplane [125], transforming X into
®(X) € R"", where & is the chosen kernel function [62].

Then the hyperplane can be written as:
f(@) = wd(a) + b

The data points in each class near the hyperplane are called the support vectors. The optimal
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hyperplane is the one that maximizes the distance between the hyperplane and the closet data point,
called the margin [62]. “A large margin is preferred to reduce the odds of misclassification and to
prevent over-fitting the data” [138]. Along with maximizing the margin M, SVM often allow some
number of observation C to be misclassified (to be on the wrong side or margin or wrong side of
hyperplane) and thus optimizes to find a soft margin. This is to achieve greater robustness and
better classification of most of the training observations x;. The misclassification error ¢; for each
data point, called slack variable, measure the distance of the data point from the margin of the class
it belongs to. The sum of these errors must be < C.

In Chapter 9 of “An Introduction to Statistical Learning”, James et al. outlines the optimization

of SVM classifiers as follows [81]:

P
maximize M subject toZﬁf =1,

B0sBLseesBpr€lseesén -
j=1

Yi(Bo + Bri1 + Potin + ... + Bpxip) = M(1 — ¢€;),

€; 20,271:62- SC

i=1

where, Sy, ..., B, is the bias and weights of the hyperplane

Although SVM is a binary classifier, it can perform multi-class classification as well, using either
One-vs-one and One-vs-All approach [59]. While both approach breaks down the multi-class problem

into multiple binary classification problems, the way they define the binary separation differs.

e In the One-vs-All (OVA) strategy the binary classifier finds a hyperplane that separates one
class from all other classes. Assuming there are K classes in a problem and K > 2, K two-class
SVM classifiers will be constructed [59]. The maximum of these classifier scores is then used
to predict the final class. Since each of the K classifiers is trained using all available samples,

this approach slower and computationally expensive

e The One-vs-One (OVO) method constructs a binary classifier for every pair of classes in a
multi-class problem, each predicting a class label. This results in K (K —1)/2 binary classifiers
for K classes, where K > 2 [59]. Thus, in the OVO strategy the final classification is done
by selecting the class with the majority of ‘votes’, across these binary classifiers. Since each
classifier only require training samples from two of all K classes, the number of samples used to
train the classifier is much smaller compared to OVA resulting in faster training time. However,

it may result in slower training time when number of the classes in the problem is large, since
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every test sample has to be presented to large number of classifiers N(N-1)/2 [59]

A.2 Logistic Regression

Logistic Regression is one of the most widely used data mining methods, especially for binary
classification problems such as sentiment analysis of tweets. It is a statistical method that learns the
significance of each independent predictor variable x; in determining the probability of an outcome
yi |147].

For instance let’s take the sentiment classification task on tweets as an example. Here each word
or phrase from a tweet, known as tokens, is represented as an independent variable x; within a set
of features [x1, 2, ..., Zn], where n denotes the number of unique tokens in the vocabulary used to
represent the tweet. These features are then used as models inputs, optimizing their corresponding
weights w; € [wy,wa, ..., w,], to predict the sentiment § € [0,1]. Here, § = 1 indicates a positive
sentiment, and § = 0 a negative sentiment. For multi-class classification problems, Multinomial
logistic regression extends this framework to classify text into multiple classes, with g € {0, 1, ...,m},
where m denotes the total number of classes.

The logistic function for a binary classification with multiple features is defined as [85]:

z:Zwixi—&—b:W.x—i—b

i=1
where,

e where z is the linear combination of the feature values x; and their respective importance

denoted by weights w;

e b represents the model’s bias,

n denotes the number of unique features to represent an instance
e and w.x is the dot product of all weights w; and features x; of an instance

To constraint the classifier output to be in the probability range [0, 1], z is further passed into a
sigmoid function o(z). This function produces the probability P(y|X;) of a particular class y given

the feature vector X; = [z, x1, ..., Z,] of an instance [85]:

1

Pyl X;) =o(2) = Tre—=
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In case of binary classification,a threshold ¢ determines the predicted class § of an instance [85]:

QQ)
Il

0, otherwise

The threshold ¢ typically ranges from [0,1], with 0.5 being a common default, signifying equal
probability of belonging to either class.

For multi-class classification, a multinomial logistic regression model outputs a set of probabilities
indicating the likelihood that a given observation belongs to each class y;. For each instance Xj,
probabilities P(y;|X;) are calculated for all classes y;, where y; € [y1,...ym] and m is the total
number of classes. One approach is to apply the softmax function to these probabilities to ensure

they sum to one. The class with the highest probability is then assigned to each observation [147].

A.3 Decision Trees

Decision Tress are a non-parametric supervised machine learning model that can be used for both
classification (for categorical variables) and regression tasks (for continuous variables) |155]. The
model aims to learn if-then rules from the data, and applies them to predict the target class or value.
The model’s decision path follows a tree-like structure which begins at the root node containing all
the samples and then splitting the node based on some binary decision, that results in two nodes
containing homogeneous sets of samples in each [155]. This process is done recursively splitting
each of the subsequent nodes based on some binary decision rules, ultimately resulting in leaf nodes
containing samples belonging to a specific class. To prevent the model from over-fitting the training
samples the tree is often pruned by removing the nodes that provide less information [155].

In order to build an efficient decision tree, the nodes need to be split based on input features that
are related to the target variable such as the class [155]. To identify the most important features
used to split the nodes, methods such as entropy, Gini index, classification error, information gain,
or gain ratio are computed to analyze node purity. Node purity can be found by computing the
probability p(c;) of class ¢; in a node (i.e., the fraction of nodes belonging to the target class).
High purity nodes consists high proportion of samples that belong to one specific class and thus are
pure. Pure nodes have high information gain or low entropy (randomness) therefore leading to more

confident predictions [155].
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The formulas for each method is as follows [47]:

Gini=1-— Zp2(ci)
i=1

Entropy = Z —p(ci)loga(p(ci))

i=1

where, p(c¢;) is the probability /percentage of class ¢; in a node

Information Gain (IG):

IG(Dpa f) = I(Dp) -
where,
f: feature split on
D,: dataset of the parent node
Dicyi: dataset of the left child node
Dyigny: dataset of the right child node
I: impurity criterion (e.g. Gini Index or Entropy)
N: total number of samples
Nicse: number of samples at the left child node

Nyighe: number of samples at the right child node

A.4 Ensemble Model

Ensemble models aim to combine the predictions of several base classifiers in order to improve the
generalizability and predictive performance over a single classifier. The two fundamental ensemble
techniques are Bagging (also known as Bootstrap Aggregating) and Boosting. While bagging meth-
ods train multiple model independently taking the majority vote as the final prediction, boosting
involves sequential ensemble algorithms that iteratively refine models by adjusting their weights
based on previous prediction errors |16, [39]. Here we describe two widely used ensemble methods:
Random Forest (RF), a bagging ensemble, and Extreme Gradient Boosting (XGBoost), a boosting

algorithm.

e Random Forest

Random forest models have demonstrated strong performance on text classification tasks across
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various domains, and are notably effective for handling imbalanced datasets [148| [80L [11]. Tt
is an example of bagging ensemble technique, developed by Brieman in 2001 [12]. It involves
training multiple decision trees in parallel on a randomly chosen subset of data and features.
These subsets are created through bootstrap sampling, which means randomly selecting sam-
ples from the training dataset with replacement [72]. The predictions from each tree are
aggregated for the final prediction, using majority voting for classification or averaging for
regression tasks. Since each model is trained independently, bagging ensemble methods are
less prone to overfitting to the noise in the training data. The variance of the Random Forest
estimator, can be further reduced by selecting a random subset of features for node splitting
during tree construction, rather than using all features. Typically, the size of this random
subset is the square root of the total number of features |72]. Since, individual decision trees
tend to overfit, the randomness from data and feature sampling result in trees with less cor-
related errors, reducing the variance, sometimes at the cost of a slight increase in bias [12].
In practice, reducing variance often leads to significant improvements, resulting in a generally

better model.

e Extreme Gradient Boosting
Gradient Boosting Machines (GBMSs), are boosting ensemble techniques that sequentially fit
new models to provide a more accurate estimate of the target variable [121]. At each particular
iteration, a new weak base-learner model is trained with respect to the error of the whole
ensemble learnt so far |[121]. The error denotes the gradient of the loss function with respect
to the model prediction, and thus can be generalized, allowing optimization of an arbitrary
differentiable loss function [49]. The new models are added to the ensemble such that they
are maximally correlated with the negative gradient of the loss function associated with the

ensemble [121].

Extreme Gradient Boosting (XGBoost) is an improved and scalable extension of GBMs that
uses Gradient Boosting Trees and was first proposed by Tiangi Chen and Carlos Guestrin in
2016 [33]. It has been applied to solve many classification and regression problems in diverse
fields. To prevent overfitting a regularization term is added to the loss function. The XGBoost
objective function at the t-th iteration of the gradient boosting process, denoted as £®), is

defined as follows:

£ = Y 1Y+ b)) + 2050
=1

where:
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n is the number of instances in the training dataset,

Uy, @gtil)) is the differentiable convex loss function that measures the difference between

the true value y; and the predicted value g; from the previous iteration (¢ — 1),

— fi(x;) is the prediction of the new tree model (i.e with improved tree structure and leaf

weights) on the feature vector x;,

Q(f:) represents the regularization term which penalizes the complexity of the model to

prevent overfitting.

XGBoost aims to minimize this objective function, sequentially adding a new model f;, im-
proving the predictions by focusing on instances that were poorly predicted in the previous
iteration. The inclusion of the regularization term Q(f;) helps to improve the generalization
ability of the model. In literature, XGBoost models often demonstrates superior performance
compared to other ML models such as Support Vector Machines (SVM), K-Nearest Neighbors
(KNN), and Naive Bayes in text classification tasks, across various text feature representations,

including TF-IDF and BERT [134, 25| [167].



Appendix B

Chap 4: Learning-to-Rank (LTR)
Model

B.1 Learning to Rank (LTR)

With the rapid growth of the Web, Information Retrieval (IR) has become crucial, driving the need
for efficient search engines (i.e. IR systems) to help users navigate and utilize the vast amount
of data. Many IR problems such as document retrieval, collaborative filtering, sentiment analysis,
and product rating |105] are by nature ranking problems, where the goal is to sort documents by
relevance given a topic or query, ensuring the most relevant ones are ranked highest.

In IR, ‘learning-to-rank’ (LTR) refers to the task of training a machine learning model to sort
query results by their relevance, preference, or importance using discriminative learning methods
and extensive training data [105]. LTR is a kind of supervised learning, that requires a training set
and corresponding relevance judgements (i.e. labels).

Over the years several “learning-to-rank” models have been proposed, including various tech-
niques such as gradient descent, gradient boosting, as well as query-independent learning using
multi-class or binary classifiers for ranking |105| (8l |17} |20} 54} (98] {119} [135] [180]. These algorithms
can be broadly categorized into three approaches: pointwise, pairwise, and listwise [105]. Below, we

provide explanations of each approach as described by Liu et al. [105]:

1. Pointwise: In the pointwise approach, each document is represented by a feature vector, and
the objective is to predict the relevance degree of individual documents independently. The

primary limitation of this approach is that it does not account for the relationships between

84
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documents nor does it consider the relative positions of documents in the final ranking list. It

also overlooks the fact the some documents are associated with the same query [105].

2. Pairwise: The pairwise approach compares pairs of documents to determine their relative
order. Each pair is represented by their respective feature vectors, and a bi-variate function
predicts which document in the pair is more relevant. The loss function here assesses the
inconsistency between the prediction pairs against the ground truth pair of labels. However,
this method only evaluates pairs in isolation and does not directly infer the final order of a list
of documents, nor does it acknowledge that pairs may relate to the same query. Some examples
of pairwise ranking algorithms include RankNet and FRank, RankBoost, and Ranking SVM
[105].

3. Listwise: Unlike the previous approaches, the listwise approach considers an entire set of
documents related to a specific query. This method utilizes multivariate functions to predict
either the relevance of each document as a binary outcome or to directly rank the entire list.
This approach is more effective compared to pointwise and pairwise methods since it accounts
for the positions of all documents in a list associated with a specific query, resulting in a more
comprehensive evaluation of document relevancy and order [105]. Examples of listwise ranking

algorithms include SoftRank, AdaRank, ListNet, List MLE, and LambdaRank [105| |1§]

B.2 LTR with Tree-Based Ensembles

Ensemble models combine multiple learners, typically using majority voting to make the final clas-
sification [42]. These methods often outperform any single classifier, yielding more accurate results,
particularly in text classification tasks [4} 165, |[104]. Furthermore, ensemble models are capable of
scaling effectively as the volume of data increases [4].

Li et al. proposed the use of ensemble boosting tree-based methods for ranking [98]. Boosting
techniques uses the weighted average of a collection of weak learners [141] (i.e. shallow trees with
depth of 1 or 2) to construct a strong learner by sequentially combining their predictions. Gradient
Boosting Machines (GBM) are one of the most common techniques of the boosting ensemble [4].

LambdaMART [19], a tree boosting method for ranking [33], combines the MART algorithm
[56] with the listwise ranking model LambdaRank [18], which is based on RankNet [19, [159]. This
method learns the pairwise preferences of documents, while considering the NDCG gain derived

from swapping document ranks in any given pair [159]. This makes it a listwise algorithm where the
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cost is dependent on the sorted list of documents [159]. LambdaMART achieved state-of-the-art on
benchmark datasets in LTR tasks, outperforming other algorithms such as RankNet [24] [105], and

was the winning submission in the Yahoo! learning-to-rank challenge [159].

B.3 LTR using Query-Dependent Rankers

The goal of ‘learning-to-rank’ (LTR) using query-dependent models is to predict a relevance score
for each document with respect to a given query ¢q. The bipartite ranking problem involves learning
a function f that assigns higher scores to severe positive instances over non-severe negative instances
given a dataset D with n instances, arranging them in a ranked order [65, [120]. Thus, the ranking

problem can be defined as follows:

Input: Given a query ¢ and a set of n documents D = {d;,da, ..., d,}, each pair z; = (¢, d;) forms

an input to the ranking model, where x; represents the tuple of the query and the i-th document.

Ranker: The ranker is a ML model, such as a Decision Tree or Neural Network, trained to optimize
a selected rank-based loss function (i.e. can be pairwise, listwise, or pointwise). The model predicts
a relevance score s; for each document d; based on the input x;, such that s; € R. The choice of
the loss function is crucial as it assesses the accuracy of the predicted scores s; against the actual
relevance scores y;, with the objective of minimizing the difference in ranks. The model can be

represented as s; = f(z;), where f is the scoring function learned during training.

Output: The output consists of a ranked list of documents sorted by the predicted scores s;, in
descending order. This ranked output is then evaluated against the true binary relevance labels
yi, which indicate the severity of each incident (e.g. severe or non-severe). These labels are used
to compute rank based performance metrics that assess the model’s effectiveness in prioritizing

documents according to their true relevance.

B.4 LTR using Query-Independent Classifiers

In IR, several studies utilized query-independent classification models for relevance ranking, such
as 36, 58, 119, 20, [187]. Unlike query-dependent LTR, these models distinguish between classes

directly from the input features without considering any query/topic-related information.
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In case of binary relevance ranking, the output probability scores of the positive class from the
classifiers can be used as the rank scores. The process of using binary classifier model to rank

documents can be defined as follows:

Input: Given a set of n documents D = {d;,ds,...,d,}, each instance z; = d; forms an input to

the classifier model, where x; represents the feature set of the i-th document.

Classifier: The classifier is a ML model, such as a Decision Tree or Neural Network, trained
to optimize a probabilistic loss function (e.g., binary logistic regression loss [93]). In computes the
probability s; = P(§; = 1|z;), of each instance x; belonging to the positive class (indicating relevance
or severity), with s; € [0,1] C R. The loss function assesses the accuracy of these predictions against

the actual relevance label y;, aiming to minimize mis-classification.

Output: The model outputs a list of documents ranked in descending order based on the prob-
ability scores s; of the positive class. This list is evaluated against the binary relevance labels y;,
denoting incident severity, to compute performance metrics that assess how effectively the model

prioritizes documents by their true relevance.

B.5 Ranker Specific Hyper-parameters

Among the query-dependent ranking models, some parameters are specific to ranking-based objec-
tives and significantly impact model performance. The XGBoost library (33| |40, provides three
ranking loss functions: “rank:ndcg”, and “rank:map” and “rank:pairwise”. The “rank:ndcg” and
“rank:map” use the LambdaMART [18] algorithm, optimizing for Normalized Discounted Cumula-
tive Gain (NDCG) and Mean Average Precision (MAP) metrics respectively (for details on metrics
see section . However, the “rank:pairwise” objective uses the original RankNet [17] loss with-
out scaling. We tune models on these ranking objectives, selecting the most effective loss function
for each feature representation as they are variations within the same LTR algorithm family. In
contrast, the LGBM library [89, [37] implements only the LambdaRank [179] algorithm, which was
introduced before LambdaMART.

Additionally, XGBoost’s “lambdarank_pair_method” offers two strategies for pair generation:
“mean” and “topk”. The “mean” strategy randomly samples m pairs per document within a
query group, where m is defined by the “lambdarank num_pair_per_sample” hyperparameter [40].

Conversely, “topk” focuses on the top k& documents, which improves efficiency in large datasets
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but may result in fewer effective pairs for training. We tune both strategies alongside “lamb-

darank_num_pair_per_sample” to ensure optimal performance.



Appendix C

Chap 5: Active Learning Strategies

C.1 AL Selection Strategies

This section defines the specifies the algorithms we used for Active Learning (AL) selection strat-
egy, including three uncertainty-based methods: Least Confidence, Margin, and Entropy; one
representativeness-based method, Information Density Cosine selection; and one Random selection
strategy that serves as a baseline for comparison with the other approaches. For background on AL
selection strategies, refer to Section [2.2.2

For all subsequent formulas, let P be the matrix of output probabilities from a model € for both
labeled and unlabeled samples, where each row corresponds to a sample and each column to the
predicted probability of a class. Let n be the number of uncertain samples to select, and let U be

the set of indices for the unlabeled samples.

1. Least Confidence: Is a simple uncertainty selection strategy that queries the instance z
whose predicted output is the least confident. The uncertainty measure for each sample x can

be written as:

U(z) =1— Py(glz) (C.1)

where § = argmax Py(y|z) is the class prediction with the highest posterior probability for
y

sample x under the model 6.

The least confidence selection strategy selects the n samples with the highest uncertainty,

89
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which can be formalized as:

Xjo = argsort U(z)[: n (C.2)
zeU

Here, argsort orders the samples z according to the uncertainty measure U(z) in descending
order, and [: n] indicates selecting the first n samples from this sorted list, such that all indices

selected fall within the unlabeled set U.

2. Margin: The Margin method is an uncertainty selection strategy that extends the concept
of least confidence. Unlike only using the highest probable class, this approach focuses on
the difference between the output probabilities of the model’s two most likely predictions.
Specifically, the margin is defined as the difference between the probabilities of the first and
second most likely class predictions. The smaller this difference, the greater the uncertainty

associated with a sample. The margin for each sample x is given by:

M(z) = Fy(41]x) — Py(y2|7) (C.3)

where 11 and 9> are the first and second highest class prediction probabilities under the model

0, respectively.

Thus, margin sampling will select n samples for which this margin is smallest. This can be

formulated as:

Xj; = argsort M (z)[: n] (C4)
zelU

Unlike least confidence, here argsort orders the samples = according to the margin M(z) in
ascending order, selecting the first n samples from this sorted list, such that all indices selected

fall within the unlabeled set U.

3. Entropy: In information theory, entropy is a measure of the uncertainty of an event’s outcome
and is one of the most common uncertainty sampling methods [149, [145]. Entropy is high,
when an event has multiple equally likely outcomes indicating the difficulty in predicting the
true outcome. Conversely, if one outcome is much more likely than the others, the entropy is

low because there is less uncertainty. Entropy of an instance x can be computed as follows:

H(z) ==Y Pp(y|z)log Ps(y|x), (C.5)

Yy
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where Py(y|z) is the probability of label y given the sample z under the model parameters 6,
and the summation is performed over all possible labels. The negative sign ensures that the

entropy is a non-negative quantity.

Since the most uncertain samples are the ones with highest entropy H (), the sampling will

be done as follows:

X7}, = argsort H(z)[: n] (C.6)
z€U

To get the top n samples with highest entropy values H(z), argsort sorts the samples z in

descending order, to select the first n samples from this sorted list, ensuring all indices belong

to the unlabeled set U.

4. Information Density Cosine: Uncertainty selection strategies rely on probability outputs
of the classifier, and therefore does not take into account the structure of the data or input
features [145]. Information Density selection addresses this by querying instances that are
representative of the input space distribution. Information density sampling weighs the in-
formation of an instance x by its average similarity to all other instances in the input data
using similarity measures such as cosine similarity or Euclidean distance [145]. It is used in
conjunction with a base sampling strategy such as Least Confidence, querying instances that
are both informative and representative of the input space distribution. In this study, we adopt
Cosine similarity for Information Density since it is more suitable for text data. Cosine sim-
ilarity measures the angle between input vectors, effectively capturing the content similarity
independant of document length, unlike Euclidean distance |76]. For an unlabeled dataset U,

with a base selection strategy ¢, the information density of an instance = can be calculated as:

1 . ,
I(z) = ¢(z) x <|U| Z sim(z, z )) , (C.7)

z'eX
where sim(x, x’) is the cosine similarity function and ¢(x) is the informativeness measure of x

computed using a base AL selection strategy.

The higher the information density, the more similar the given instance is to the rest of the
data. Thus we sort instances in descending order, such that the first n samples are the ones

with the highest information density:
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X} = argsort I(x)[: n] (C.8)
zeU

5. Random: To compare the above selection strategies against a baseline we implement random
selection that aims to randomly select instances from the unlabelled set for labelling. Formally,

the random selection method can be defined as:

X}, = RandomSample(U, n) (C.9)

where RandomSample(U, n) is a function that selects n distinct indices uniformly at random

from the unlabelled set U, without replacement.
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