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Abstract

General language models have become instrumental in various information retrieval (IR)
tasks but often falter when applied to the specialized and intricate nature of biomedical data.
The complexity of biomedical terminology, the need for precise matching, and the limited
availability of annotated data make training domain-specific models both challenging and
costly. Addressing these unique challenges requires an innovative approach.

In this thesis, we introduce the Diversified Prior Knowledge Enhanced General Language
Model (DPK-GLM) framework, a novel solution designed to bridge the gap between general
language models and the specific demands of biomedical IR. The DPK-GLM framework
integrates domain knowledge into general language models, enriching their understanding of
biomedical information and thereby enhancing their performance in this specialized domain.

The DPK-GLM framework comprises three main components that synergistically work
together to enhance the retrieval process. The first component is the Knowledge-based Query
Expansion method, which leverages authoritative biomedical databases to infuse queries with
domain-specific entities and knowledge. This expansion allows the model to recognize and
respond to a wider range of biomedical concepts, providing more relevant results. The second
component of the framework is the Aspect-based Filter. This method acts as a precision
tool, filtering through documents to identify those that are highly relevant to the query’s
diversified aspects. The third and final component is the Diversity-based Score Reweighting

method. Building on the work of the previous two components, this method re-ranks the
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filtered documents, combining similarity and diversity scores to achieve a balanced and
comprehensive ranking.

Experimental evaluation of the DPK-GLM framework on public biomedical IR datasets
reveals a marked improvement in retrieval performance. The results validate the framework’s
ability to effectively handle the complex landscape of biomedical information, providing more

accurate and contextually rich responses to queries.
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Chapter 1

Introduction

1.1 Motivation

In the era of digital transformation, the Internet has evolved into a vast information repository,
becoming an indispensable resource for all industries, including the biomedical field. The
emergence of the Internet and the subsequent data explosion have entirely changed how we
acquire and use information. Today, the Internet is not just a communication or entertainment
tool. It has become an indispensable part of our daily lives, significantly impacting our
learning and decision-making processes. It has changed the way we interact with the world,
providing us with a wealth of information at our fingertips. Especially in the medical field,
with the advent of the big data era, its paradigm has also changed.

The Internet allows people to acquire basic medical knowledge, such as disease symptoms,
treatment methods, and preventive measures, at their fingertips. This convenient way of
obtaining information enhances individuals’ abilities, enabling them to make wise decisions
about their health and well-being. The emergence of online medical Q&A platforms has
further changed the interaction between patients and doctors, making remote consultations

possible, thus saving time and resources and ensuring patient privacy. The shift to digital
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medicine not only makes medical information more accessible but also makes medical services
more patient-centered. In addition, with the help of computerized biomedical information
retrieval systems, routine decision-making tasks that are repetitive and prone to human error
can be effectively managed. These systems not only improve the quality of clinical services
but also significantly reduce costs. They simplify the information retrieval process, making
obtaining the necessary information easier for medical practitioners. This highlights the
importance of developing advanced computer-assisted medical information retrieval systems.
The potential benefits of such systems are enormous, from improving patient care to more
effectively utilizing resources.

For medical practitioners, the Internet is a treasure trove of authoritative literature and
the latest research results. The ability to access this rich information is crucial because
every decision a doctor makes will have a significant impact on the patient’s treatment
outcome. Medical practitioners often turn to the Internet for inspiration and reference
materials when faced with challenging cases. Currently, PubMed alone contains about 35
million entries. The exponential growth of biomedical literature has resulted in massive
biological data, meaning that manually reading articles from bibliographic databases is no
longer realistic. The information explosion requires automatic information extraction tools
to extract knowledge from unstructured text and store it in structured knowledge bases
to organize existing knowledge and efficiently discover new knowledge. However, a typical
query can return hundreds to thousands of documents, and the rapid increase in biomedical
literature makes it difficult for medical researchers, clinical doctors, medical service personnel,
and the general public to find the biomedical information they need. Information overload can
lead to inefficient and delayed decision-making, which can seriously impact patient treatment.
Although there are many high-quality biomedical literature databases, such as PubMed,
they often cannot meet doctors’ and researchers’ complex and precise requirements. These
databases mainly rely on keyword searches and struggle to provide answers for more complex

clinical queries. They cannot handle and understand the context of the query, resulting in a



1.2 CONTRIBUTIONS

mismatch between the information sought and the information provided. This is where deep
learning comes into play.

In this information-rich time, we can obtain a large amount of data to train high-
performance deep learning models. Deep learning models can enhance biomedical information
retrieval systems, providing more accurate, context-specific results. This simplifies the
information retrieval process and enables doctors to make wiser decisions or allows researchers
to quickly locate the information they need to improve their work efficiency. Deep learning
models can analyze and interpret complex medical data, including unstructured data such
as medical records and clinical notes. They can understand the context of the query,
providing more relevant, more accurate results. This can significantly improve the efficiency
and effectiveness of biomedical information retrieval, making it a valuable tool for medical
practitioners.

In conclusion, developing deep learning-enhanced biomedical information retrieval systems
is a technological advancement and a necessary requirement in today’s data-driven medical
and research environment. Such systems will completely change how medical practitioners
acquire and use information, paving the way for a more efficient and effective healthcare
system. It will change the way we understand and use medical information, bringing better
patient care and better medical outcomes. The potential benefits of such a system are
enormous, using the power of deep learning to enhance biomedical information retrieval,

thereby ushering in a new era of digital healthcare.

1.2 Contributions

General language models have demonstrated impressive capabilities in various information
retrieval (IR) tasks [1]. A notable example is the Bidirectional Encoder Representations
from Transformers (BERT) [2], which has emerged as a standard component for developing

task-specific IR models. Existing general models predominantly focus on the web domain.
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For instance, the original BERT model was trained on Wikipedia and BookCorpus, and
subsequent work has mainly focused on large-scale pre-training on larger texts crawled from
the internet. However, the efficacy of these models in the biomedical domain is impeded
by considerable challenges. Biomedical data is characterized by its specialized and intricate
nature, consisting of professional terminology and domain-specific concepts that general
language models cannot fully grasp. Moreover, a biomedical IR system requires capturing
the relationships between a user’s query intent and the concepts in biomedical documents,
which poses a significant challenge for general models. As a result, training domain-specific
models is considered the primary method to improve the accuracy and relevance of search
results within the biomedical field.

Previous research indicates that pre-training on domain-specific text can yield advantages
over general language models [3, 4, 5|. However, their training process is often difficult and
costly due to the scarcity of high-quality annotated data, especially for niche sub-domains or
uncommon diseases. In addition, the capabilities of these specialized models are still limited
by their training datasets. If the user’s query concerns a rare disease, the IR system may
fail to accurately retrieve high-quality results, as the disease lies outside the scope of the
system’s learning. Therefore, a feasible alternative is to choose a cheaper but effective strategy,
combining domain knowledge with general language models to enhance comprehension of
biomedical data.

To achieve this purpose, two challenges need to be addressed in the biomedical IR system:
diversity and accuracy. Consider a biomedical scientist searching the literature with a query
such as “What is the role of PrnP in mad cow disease?”. Ideally, the IR system should locate
content that shares aspects with the query in documents, including related topics, such
as “PrnP” and “mad cow disease”. In reality, however, the search may more likely retrieve
documents where the subjects partially align with the query aspects (e.g., the same gene
but a different disease). Such documents could still be relevant if the matched aspects are

deemed more critical than the unmatched ones, as the scientist judges. In these scenarios,

4
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the relevance judgment criteria can be characterized as diversity, meaning the IR system
should return documents featuring a diverse range of entities covering various query-related
aspects, such as genes, proteins, diseases, and mutations. Diversity measures whether the
retrieved documents offer a comprehensive overview of the topic.

Additionally, the accuracy of the returned documents is vital, as the user aims to extract all
highly-relevant documents. The primary issue with accuracy lies in the biomedical domain’s
unique terminology (e.g., “PrnP”, the prion protein), which exhibits a considerable degree
of lexical variation and ambiguity (e.g., “CD230” is synonymous with “PrnP”, cluster of
differentiation 230). Consequently, accurately capturing biomedical terminology is essential
for biomedical IR systems.

Employing prior knowledge (or external knowledge) has proven advantageous in addressing
the challenges mentioned above. Several studies have investigated incorporating prior knowl-
edge sources, such as biomedical ontologies, databases, and knowledge graphs, to enhance
performance in biomedical IR systems [6, 7|. By introducing domain-specific knowledge, like
the Medical Subject Headings (MeSH) and the Unified Medical Language System (UMLS),
biomedical ontologies can enhance the accuracy and coverage of terminology recognition and
relation extraction. Leveraging PubMed as a knowledge source can aid in retrieving relevant
documents and enable the exploration of related aspects. Furthermore, using knowledge
graph-based methods allows for capturing complex relationships between biomedical concepts.
Their work demonstrates that integrating prior knowledge can significantly improve the
performance of biomedical IR systems.

In this thesis, we propose a framework called the Diversified Prior Knowledge Enhanced
General Language Model (DPK-GLM) as a cost-effective approach for merging domain
knowledge with general language models to improve their performance in biomedical IR [8].
Our framework consists of a two-stage retrieval framework with three key components: a
Knowledge-based Query Expansion method to enrich biomedical knowledge, an Aspect-based

Filter for identifying highly-relevant documents, and a Diversity-based Score Reweighting
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method for re-ranking retrieved documents. Our experimental design adopts two pre-trained
general language models, BERT and RoBERTa [9], as baseline models. For comparative
purposes, we also employ two pre-trained domain-specific language models, namely BioBERT
[3] and Clinical BERT [4]. The results from experiments conducted on publicly accessible
biomedical IR datasets and an ablation study manifest significant performance enhancements

attributable to our proposed approaches.

1.3 Thesis Organization

Chapter 2: Background and Literature Review This chapter introduces the research
background and presents a comprehensive literature review. It discusses both traditional

information retrieval methods and machine learning-based information retrieval methods.

Chapter 3: Limitations of General Language Models This chapter explores the
limitations of general language models by presenting experiments and findings from our

participation in the TREC 2021 and 2022 Deep Learning Tracks.

Chapter 4: Diversified Prior Knowledge Enhanced General Language Model for
Biomedical Text Retrieval In this chapter, the DPK-GLM approach proposed in the
thesis is introduced. It explains three essential components: the Knowledge-based Query
Expansion method, Aspect-based Filter, and Diversity-based Score Reweighting method. The

motivations and purposes behind employing these methods are thoroughly discussed.

Chapter 5: Experimental Settings This chapter presents the experimental environment
used in the thesis and provides insights into the experimental datasets, evaluation methods,

baselines, and implementation details.
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Chapter 6: Experimental Results and Analysis The experimental results of the
proposed approach are discussed in this chapter. It includes the outcomes of ablation

experiments, which further analyze the role and performance of each framework component.

Chapter 7: Conclusions and Future Work This final chapter concludes the master’s
thesis, situating the research work in a broader context. It also outlines potential prospects

and directions for further investigation.



Chapter 2

Background and Literature Review

Information Retrieval (IR) plays a crucial role in daily life and is extensively used in practical
applications, including web search, question-answering systems, medical assistants, and
chatbots. The primary objective of IR is to identify the user’s query needs and locate relevant
information in the whole corpus. Typically, an IR system returns multiple relevant documents,
which are then ranked based on their relevance to the user’s query to provide the final results.

Figure 2.1 illustrates the fundamental process of text retrieval, which comprises two main
stages: the initial retrieval stage and the ranking stage. In the initial retrieval stage, the
retrieval system preprocesses the large-scale corpus and establishes an index. Subsequently, it
employs the retrieval model to obtain relevant documents, forming the candidate document
set. Moving on to the ranking stage, ranking methods are applied to sort the candidate
document set. This sorting places documents with higher relevance at the forefront and those
with lower relevant or unrelated content at the end. This ranking aims to ensure that users
can quickly find useful information among the top-ranked documents. It is worth noting that
the ranking stage can be repeated multiple times, further optimizing the relevance of the
documents.

With the advent of artificial intelligence (AI), information retrieval can broadly be
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categorized into two main approaches: traditional retrieval methods and machine learning-
based retrieval methods. Traditional retrieval methods rely on well-established techniques and

algorithms, while machine learning-based retrieval methods leverage Al models to enhance
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Figure 2.1: The main process of general text retrieval.



2.1 TRADICTIONAL INFORMATION RETRIEVAL

2.1 Tradictional Information Retrieval

Traditional information retrieval centers around models and algorithms designed to retrieve
and rank documents from a corpus based on their relevance to the user’s query [10, 11,
12]. The core concept of traditional IR revolves around search and storage. Once the
retrieval system extracts relevant information, it organizes and stores the data in a structured
manner to accommodate the user’s future needs. An illustrative example of this can be
observed in widely used search engines, where the user’s query is parsed into several keywords.
Subsequently, the search engine extracts highly relevant documents based on these keywords
from its pre-established indexed document library and then presents the final ranked results.

Traditional information retrieval models can be broadly classified into four categories:

e Boolean Model: This model uses Boolean operators (AND, OR, NOT) to combine

query terms and retrieve documents that match the query.

e Language Model: Language Models treat documents as a probability distribution of

terms and compare the probability of generating the query given a document.

e Vector Space Model: This model represents documents and queries as vectors in a

high-dimensional space and measures their similarity.

e Probabilistic Model: Probabilistic Models estimate the probability of a document being

relevant to a query based on statistical measures.

In the context of academic research and industry application, these traditional IR models
have been fundamental in advancing the field of information retrieval and continue to play a

vital role in various applications and research endeavors.

10
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2.1.1 Boolean Model

In seeking documents related to a query within a corpus, the most straightforward method is
iterating through all documents and examining whether the query’s keywords are present
in each document [13]. While this approach may prove efficient for simple queries on a
small-scale corpus, it becomes impractical in real-world scenarios where IR systems encounter
more complex user requirements and vast volumes of data to be searched. A better alternative
is employing a binary keyword indexing library, as shown in Table 2.1. This library operates
as a matrix and enables the system to swiftly respond to queries seeking documents related
to specific topics, such as finding documents related to bears, wolves, and monkeys (bear AND

wolf AND monkey):

11001 AND 11010 AND 11001 = 11000

Table 2.1: An example of Binary Keyword Indexing Library. The binary values (1 or 0)
indicate the presence or absence of the corresponding keyword in each document.

Document 1 | Document 2 | Document 3 | Document 4 | Document 5
bear 1 1 0 0 1
wolf 1 1 0 1 0
tiger 0 0 1 0 0
monkey 1 1 0 0 1

The retrieval method that employs binary judgments based on the presence or absence
of keywords in a document is commonly referred to as the Boolean Model. As one of the
earliest and foundational models in the field of Information Retrieval, the Boolean Model
plays a crucial role in efficiently organizing and retrieving relevant information.

As depicted in Figure 2.2, the Boolean Model operates through a straightforward set-
based approach, considering each document as just a set of words. The figure illustrates two

circles, one representing documents that contain the term “bear” and the other representing

11
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documents that contain the term “forest”. The intersection of these two circles represents the
documents that would be retrieved by a Boolean query formulated as “bear AND forest”. In
the Boolean Model, the queries are constructed using logical operators such as AND, OR,
and NOT, allowing users to perform more sophisticated searches to specify their information
needs precisely.

The Boolean Model is valuable for its simplicity and effectiveness in certain situations,
especially when dealing with queries requiring strict inclusion or exclusion criteria [14].
However, simplicity also entails poor performance. The Boolean Model has three main

problems:

e Lack of Weighted Relevance: The Boolean Model does not consider the weight or
importance of individual keywords in a query. Consequently, it cannot distinguish
the degree of relevance of each document, leading to an inability to rank the returned

results based on their relevance to the query.

e Limited by Boolean Operations: The model relies on Boolean operations to construct
queries. As a result, it faces challenges in handling more complex situations that require

flexible combinations of search terms.

e Inability to Support Partial Matches: The Boolean Model solely performs complete
matches, meaning it cannot support partial matches. This limitation restricts its
ability to control the number of documents returned, potentially returning redundant

or insuflicient results.

These problems led to the development of other Information Retrieval models, like the
Vector Space and Probabilistic Models, catering to different retrieval requirements and

challenges.

12
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15
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\ %cuments containing "forest"
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Figure 2.2: The “AND” concept of the Boolean Model.

2.1.2 Vector Space Model

In a realistic search engine scenario, the vast number of matching documents makes it im-
practical to manually filter out the most relevant ones. Thus, ranking becomes a fundamental
and essential capability of a search engine. The ranking process involves calculating the
relevance score of each matching document to a given query, aiding in the prioritization of
search results.

Intuitively, a document that mentions a query’s terms more frequently is likely to be
more relevant to that query and, therefore, should be assigned a higher score. To achieve
this, a weighting scheme called term frequency is employed. In the term frequency scheme,
the relevance score between a query ¢ and a document d is computed based on the weight
of each query term ¢ in document d. This weight is denoted as tf (¢, d), with the subscripts
representing the term and the document, respectively.

The term frequency tf (¢, d) represents the count of occurrences f(¢,d) of term ¢ in

document d, and it can be simply formulated as follows:

tf(t7 d) = f(t’ d)

13
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An alternative and widely used formula for term frequency is given by:

tfit,d) = 1+ log(f(t,d))

where the value of 1 serves as a smoothing function, and the logarithmic function helps
moderate the impact of extreme term frequencies.

By capturing the frequency of each query term within the document, the term frequency
weighting scheme provides a simple yet effective method to rank documents based on their
relevance to the query. Documents with higher term frequencies for the query terms will
receive higher relevance scores, indicating a stronger alignment with the user’s information
needs.

Considering the frequency of terms solely has obvious drawbacks, as not all terms in a
document hold equal value. Common words like “to” and “and” abound, yet they bear limited
relevance to the overall meaning. However, the above approach lacks the ability to discern the
importance of individual terms when assessing query relevance. For instance, when performing
a web search for the “Japan earthquake,” retrieved articles may lean towards discussing Japan
in general, thus ignoring the significance of the earthquake in the given context. Consequently,
a mechanism needs to be introduced to mitigate the impact of excessively frequent terms
that may negatively influence the relevance judgment.

A straightforward approach is to reduce the weight of high-frequency terms in a document.
If a term appears frequently across multiple documents, such as “can” and “try,” it becomes
worthless and provides limited discriminatory power. To address this, the concept of document
frequency (df) was employed, representing the total number of occurrences of a term within
the entire corpus.

To calculate the weight of document frequency df, the inverse document frequency (idf)

is introduced as follows:

N

14
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where idf (t) denotes the inverse document frequency weight of term ¢, while N indicates the
total number of documents within the corpus.

The widely recognized weighting scheme that combines term frequency and inverse
document frequency is the tf-idf (term frequency-inverse document frequency) measure |15,

16|, formulated as follows:

thidf(t,d) = tf(t, d) x idf (t)

This formula demonstrates that the tf-idf score is at its highest when a ¢ occurs multiple
times within a small number of documents, thereby conferring a strong distinguish word to
those particular documents. Conversely, the tf-idf score decreases when the t occurs fewer
times in a document or appears across numerous documents, resulting in a low relevance.

The tf-idf effectively balances the importance of a term within a specific document (term
frequency) against its significance within the entire corpus (inverse document frequency). As
a result, tf-idf provides a powerful means of assessing the relevance of a document to a given
query, promoting accurate and contextually relevant search results for users. This widely
adopted weighting scheme plays a pivotal role in modern Information Retrieval systems and
contributes significantly to their overall effectiveness and utility.

With tf-idf, both documents and queries can be represented as vectors composed of terms,
as shown below:

di = (tig, tig, - tin)
qg= (tqvl, Lg2y - »tqyn)

where d_; denotes the vector for each document, ¢ represents the vector for the query, ¢
corresponds to the weight of each term, and n represents the total number of terms in the
corpus.

The representation of documents or queries as vectors, known as the Vector Space
Model, was introduced by Gerard Salton in the 1970s and has since played a pivotal role

in the development of modern search engines. This model forms the foundation for various

15
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information retrieval tasks, including document ranking, classification, and clustering.

In the Vector Space Model, each term is utilized to represent the weight of a specific
dimension, resulting in an n-dimensional vector that represents the features or topic of the
document. While the dimension of a document vector can be pretty high in reality, Figure
2.3 illustrates this principle using a two-dimensional vector as an example for clarity.

To determine the relevance of a document to a query, computing the cosine of the angle
between the document vector and the query vector is a common choice. A smaller angle

between their vector spaces indicates greater similarity. The cosine similarity is formulated

as follows: .
e qd
cos(q,d;) = -
|q1di]
term1 A
query

docl

doc2

>

term2

Figure 2.3: An example of a 2-dimensional Vector Space Model.

Despite its success, the Vector Space Model has limitations. It assumes independence
between terms (the so-called “Bag-of-Words” assumption), ignoring the context and order of
words. It also suffers from the curse of dimensionality, as the dimension of the vector space is
equal to the number of unique terms in the document collection. These limitations have led

to more sophisticated models, such as Probabilistic Models.
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2.1.3 Language Model

Language Models in Information Retrieval are a probabilistic framework estimating the
likelihood of a query given a document to rank documents based on these probabilities
[17]. The concept of Language Models comes from Natural Language Processing (NLP) and
Computational Linguistics, where they are used to predict the probability of a word or a
sequence of words. In the context of IR, however, Language Models are used to estimate the

probability of a query (a sequence of words) given a document, as shown in Figure 2.4.

e © e
~ (o)) Qo
! ! !

P(Query|Document)

©
N
1

o
o

Docl Doc2 Doc3 Doc4 Doc5

Figure 2.4: An example of the Language Model.

The simplest form of a Language Model in IR is the unigram Language Model, which
treats each word in a document as an independent entity. This is similar to the Bag-of-Words
model, a representation of text data where the order of words is disregarded, and each
document is represented as a set (or “bag”) of its words, disregarding grammar and word
order but keeping multiplicity. The unigram Language Model shares this property, as it
also ignores the order of words and treats each word independently. Therefore, the unigram
Language Model is a probabilistic extension of the Bag-of-Words model, as it considers the

presence of words and their frequency of occurrence, which is used to estimate probabilities.
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The process can be formulated by:

P(t]d) = S /ftjft/ -

where f; 4 is the frequency of term ¢ in document d, and the denominator is the sum of
frequencies of all terms in document d.
To handle the problem of zero probabilities in the Language Model, a common technique

is Laplace smoothing (add-one smoothing) [18]:

B fra+1
Pff(tld) - Zt’ed(ft’,d + 1)

Higher-order n-gram models can be used in the Language Model to capture the context of
words in a document. These n-gram Language Models can capture more context and provide
a more accurate text representation at the cost of increased computational complexity and
data sparsity issues.

For a bigram model (2-gram), the probability of a word given the previous word is:

fi, sl
P(tilti1) = %

where f;, |, is the frequency of the bigram ¢,_1,¢;, and f;, , is the frequency of the word ¢;_;.

For a trigram model (3-gram), the probability of a word given the previous two words is:

_ fti727ti717ti

P(tiltig,ti1) = 7
ti—2,ti—1

where f;, ,+ .+ is the frequency of the trigram ¢;_o,%;_1,t;, and f;, ,+ , is the frequency of
the bigram t; o, t;_1.
The connection between the Language Model and the Vector Space Model lies in their

shared goal of representing documents to determine their relevance to a query. The Vector
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Space Model represents documents as vectors in a high-dimensional space, where each
dimension corresponds to a unique term, and its value represents the term’s weight in the
document. On the other hand, the Language Model represents documents as probability
distributions over all terms. The relevance of a document to a query is assessed by the cosine
similarity of their vectors in the Vector Space Model and the likelihood of the query according
to the document’s probability distribution in the Language Model.

In conclusion, the Language Model in IR can be seen as a probabilistic extension of
the Bag-of-Words model and an alternative to the Vector Space Model, offering a different
perspective on the information retrieval problem. By incorporating the context of words
through n-gram models, Language Models can provide a more accurate and context-aware

representation of documents, enhancing the effectiveness of information retrieval systems.

2.1.4 Probabilistic Model

The Probabilistic Model is a foundational information retrieval approach that leverages
probability theory principles to rank documents in response to user queries. The primary
concept behind this model is to rank documents based on the likelihood that a document is
relevant to a given query.

The Binary Independence Model (BIM), the most straightforward and most well-known
Probabilistic Model, was first proposed by Robertson and Sparck Jones in their paper,
“Relevance Weighting of Search Terms”, published in 1976 [19]. The BIM makes two major
assumptions: (1) terms are binary variables (i.e., a term is either present or absent in a
document), and (2) terms are independent of each other. The BIM employs term frequency in
relevant and non-relevant document sets to estimate the probabilities necessary for ranking.

Over time, researchers have proposed various extensions and modifications to enhance
the original Probabilistic Model’s limitations and performance. Among these advancements,

one of the most significant is the development of the BM25 ranking algorithm, also known as
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Okapi BM25 [20].

BM25 is a Bag-of-Words retrieval algorithm that ranks a set of documents based on the
appearance of query terms in each document, regardless of their order within the document.
As a Probabilistic Model, BM25 extends the original BIM by incorporating term frequency
and document frequency into the relevance score calculation. Unlike BIM, which treats term
occurrences in a binary manner, BM25 accounts for the frequency of terms in a document,
resulting in a more precise relevance score.

The BM25 ranking algorithm includes two parameters, k; and b, which control the scaling
factor for term frequency and length normalization, respectively. Fine-tuning these parameters

optimizes BM25’s performance on specific tasks or datasets. The BM25 formula is as follows:

(k1 +1) - f(g, D)
L (L=0) +b- 25y + f(gi, D)

avgdl

score(D, Q) = ;IDF(%) "

where:

D is the document under consideration.

@ is the query that consists of n unique words ¢y, qs, ..., ¢n-

f(gi, D) is the frequency of term ¢; in document D.

|D| is the length of the document D in words.

avgdl is the average document length in the corpus from which documents are drawn.

ki and b are free parameters, usually chosen, in the absence of advanced optimization, as
ki = 2.0 and b= 0.75.

IDF(¢;) is the inverse document frequency weight of the query term ¢;. It is usually

computed as:
n(q;) + 0.5

IDF(g;) = log

where N is the total number of documents in the corpus, and n(g;) is the number of documents

containing g;.
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BM25 has been shown to outperform other ranking algorithms on various tasks and
datasets, and it forms the basis of many modern search engines. However, it also has

limitations:

e Assumption of Term Independence: BM25, like many traditional information retrieval
models, assumes that terms are independent of each other. This means that it does not

consider the context in which words appear or the relationships between words.

e Lack of Semantic Understanding: BM25 is a statistical model that relies on term
frequency and document frequency. It does not understand the semantic meaning of
words. For example, it would treat synonyms as entirely different words and would
not recognize that two documents are similar if they use different words to express the

same concept.

e Parameter Tuning: BM25 has two parameters (k; and b) that need to be tuned based
on the specific dataset. There is no universally optimal setting for these parameters,

and tuning them requires a validation set or extensive experimentation.

e Binary Relevance Assumption: BM25 operates under the binary relevance assumption,
i.e., a document is either relevant or irrelevant to a query. In reality, relevance is often

a matter of degree.

e Lack of Term Weighting: While BM25 considers term frequency and inverse document
frequency, it does not consider other potential term weights, such as term importance

or specificity.

Despite these limitations, BM25’s versatility and effectiveness have made it a widely-used
and highly-regarded Probabilistic Model in Information Retrieval. As a robust and reliable
ranking function, it often serves as a strong baseline for various information retrieval tasks,

enabling researchers and practitioners to benchmark their own models against its performance.

21



2.2 ML IN INFORMATION RETRIEVAL

The Probabilistic Model, from its initial formulation as the Binary Independence Model to
its modern incarnation as the BM25 algorithm, has played a crucial role in the development of
information retrieval systems. Its focus on estimating the probability of relevance of documents
provides a theoretically grounded and practically effective approach to the problem of ranking

documents in response to a user query.

2.2 Machine learning in Information Retrieval

The above presentation has several categorizations but they are all keyword-based retrieval
models. And the guidelines for their categorization are based on how the model measures the
keywords. Traditional retrieval models are widely used because of their simplicity and ease of
implementation. But this keyword-based mindset ignores or makes it technically challenging
to solve semantic problems of words, such as synonyms, polysemy, etc. In today’s information
explosion, more factors need to be taken into account to achieve better ranking results, and
this complex situation is difficult to be solved by some algorithm or human intervention.
Therefore, it is intuitive to employ machine learning to enhance retrieval performance.

The intuition to employ machine learning to enhance retrieval performance has led to the
exploration of Learning to Rank and BERT. These approaches differ from traditional methods
because they understand semantic information and require less manual manipulation, relying
instead on extensive training data for automatic learning and optimization. The applications
of Learning to Rank and BERT in IR reflect a response to the evolving complexities of

information needs, offering a pathway to more advanced and effective retrieval systems.

2.2.1 Learning to Rank

Learning to Rank (LTR) [21] is a subfield of machine learning that focuses on developing

algorithms and techniques to construct ranking models for information retrieval systems
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automatically. LTR aims to rank items (such as documents, products, or images) to maximize
some measure of relevance or utility.

The concept of LTR emerged in the early 2000s, realizing that traditional information
retrieval techniques, such as the Vector Space Model or Probabilistic Models like BM25, could
be significantly improved by leveraging machine learning. The main advantage of LTR over
traditional methods is its ability to learn from data and improve over time, as well as its
capacity to handle complex, non-linear ranking functions and to incorporate a wide variety
of features into the ranking process. Figure 2.5 is a general framework of LTR.

LTR methods can be broadly categorized into pointwise, pairwise, and listwise approaches.

‘ Training Data }—) Training Model

Learning to Rank

l

Test Data Ranking Model —> Prediction

Figure 2.5: The general framework of Learning to Rank.

Pointwise In the pointwise approach, each document is considered independently of others.
The goal is to predict a score or a class for each document, and then documents are ranked
based on these scores. This approach transforms the ranking problem into a regression or

classification problem [22|. An example of a pointwise approach is a linear regression model.
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Given a document d and a query ¢, the relevance score s can be predicted as follows:

s(d,q) = w'x

where x is the feature vector of the document-query pair, and w is the weight vector learned

by the model.

[ Query Document ]

BM25 \
Cosine Similarity —~J)

[ Feature Extraction PageRank

l

[Labeled Document ]4— >S|4]3]2]1 -
¢ Label

t Classification Model ]

v

[ Prediction and Ranking ]

Figure 2.6: An example of a classification pointwise approach.

The pointwise approach can be divided into three categories: Regression-based, Ordinal
Regression-based, and Classification-based algorithms. Taking multi-category classification

as an example, the whole process is divided into three parts, as shown in Figure 2.6:

1. Feature Extraction: For each document-query pair, a feature vector is extracted. These
features can include various types of information, such as term frequency, document

length, or more complex features like PageRank or query-document similarity measures.
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2. Model Training: A classification model is trained on the feature vectors. The target
variable for training is the relevance score or class assigned to each document-query pair.
This transforms the ranking problem into a classification problem. As shown in Table 1,
we consider two features: the BM25 score and the cosine similarity. Since the relevance
of the query to documents is multivariate, the labels are categorized into five levels,
representing cases of perfect match, partial match, and complete mismatch. By doing
so, each document is associated with a specific classification label. Various machine
learning algorithms, such as linear regression, decision trees, or neural networks, can be

employed in this stage.

3. Prediction and Ranking: The model predicts a new query’s relevance score for each

document. The documents are then ranked based on these predicted scores.

Table 2.2: An example of the labeling strategy of the classification pointwise approach.

Query | Document ID | BM25 | Cosine Similairy | Label
apple 1 0.42 0.40 3
apple 2 0.70 0.65 4
apple 3 0.08 0.06 1
apple 4 0.21 0.19 2

The pointwise approach is conceptually simple and easy to understand. However, the
main criticism of the pointwise approach is that it ignores the ranking structure of the data.
It treats each document independently and does not consider the relative order of documents,
which is a crucial aspect of ranking tasks. Furthermore, the loss functions typically used in
regression or classification (like mean squared error or cross-entropy) may not be appropriate
for ranking tasks. Unlike direct ranking optimization methods, these loss functions do not

explicitly optimize the quality of the overall ranking.

Pairwise In the pairwise approach, the relative order of pairs of documents is considered.

The goal is to learn a ranking function that minimizes the number of inversions in ranking.
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An inversion is a pair of documents where the higher-ranked document has a lower relevance
score than the lower-ranked document [23]. As shown in Figure 2.7, the pairwise method
generates training instances by comparing the relevance labels of different document pairs for
a specific query and its corresponding set of documents. For each pair of documents(d;, d;),
if document d; is considered more relevant than document d;, it is assigned a positive label
+1. Conversely, if document d; is considered less relevant than document d;, it is assigned a

negative label —1.

ooy ) e )

Document| Label Document Pair Label
dq 3 (dg,dy):3>1 +1
da 1 (d1,d3):3<5 1
Transform
d3 5 4> (dg,dg) :3>2 +1
dy 2
ds 2 (dp,d3): 1<5 1
dg 4 (d,dg) : 1<2 -1

-1T-1 | -,

Figure 2.7: The labeling strategy of the Pairwise approach.

An example of a pairwise approach is RankNet [24]. Tt is based on using a neural network
to model the probability that a document is more relevant than another, given a particular
query. The model is trained by minimizing the cross-entropy loss between the predicted and
true probabilities. The true probabilities are assumed to follow the logistic function, which is
a common choice for binary classification problems. The model output is a score for each
document, and the documents are ranked by their scores.

Given a pair of documents d; and d;, the probability that d; should be ranked higher than
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d; is formulated as follows:

1
P(dz>dj):m

where s; and s; are the predicted scores for d; and d;, and o is a parameter controlling the
steepness of the sigmoid function.

Through the construction of pairwise training instances, a binary classifier is taught to
identify the distinguishing boundary between pairs of documents. This process significantly
enhances the classifier’s ability to rank documents effectively by a given query. The primary
objective of the classifier is to accurately predict which document within each pair holds
greater relevance, thus encapsulating the relative order of documents within a ranked list.

Although the pairwise method provides certain improvements over the pointwise approach,
it has inherent challenges and limitations. These are mainly due to the rapid increase in
the number of document pairs and the potential for cascading errors during the annotation
process.

As the quantity of documents expands, there is a quadratic increase in the number of
document pairs, leading to a substantial growth in the size of the training data set. This
growth creates an imbalance between the number of queries and the number of document
pairs. This disproportion can disrupt the training process and potentially cause the classifier
to favor certain document pairs, thus detrimentally affecting the overall ranking performance.

Furthermore, the increased number of document pairs heightens the risk of annotation
errors. Suppose a single document pair is incorrectly labeled during the training stage.
In that case, this error can spread to multiple other document pairs due to the inherent
interdependencies among documents in a ranked list. This domino effect can result in incorrect

ranking decisions and compromise the overall effectiveness of the classifier.

Listwise In the listwise approach, the entire list of documents is considered. The goal is to

minimize the difference between predicted and actual rankings. The goal is to learn a ranking
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function that optimizes a list-level loss function, such as Normalized Discounted Cumulative
Gain (NDCG) or Mean Average Precision (MAP) |25, 26].

An example of a listwise approach is LambdaRank [27|, an extension of RankNet. In
LambdaRank, the lost function is defined as the sum of the costs for all pairs of documents,
where the cost for a pair of documents is a function of their predicted scores and true relevance

grades. The lost function can be written as follows:

L= Y Cy
4,J:Yi >Y;
where y; and y; are the true relevance grades of documents 7 and j, and Cj; is the cost for pair
(,7). The cost Cj; is typically defined as a function of the difference between the predicted

scores for the two documents and their true relevance difference:
Oij = _)\ij log(l + €Si_5j)

where s; and s; are the predicted scores for documents ¢ and j, and \;; is a weight that
depends on the true relevance difference y; — y; and the ranking metric.

Another example is LambdaMART [28], which combines the ideas of LambdaRank and
MART (Multiple Additive Regression Trees) [29]. The model is an ensemble of decision trees,
and the predicted score for a document is the sum of the predictions of all the trees. The

model can be written as follows:

where z is the feature vector for a document, Ty (x) is the prediction of the k-th tree for z,
and K is the number of trees.
The trees are trained iteratively, where at each iteration, the tree that reduces the loss

the most is added to the model. The loss function is defined as the sum of the losses for all
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documents, where the loss for a document is a function of its predicted score and its true

relevance grade:

L(y, f(x)) = Z yi, [(23)) — Nif ()

where y is the true ranking, f(z) is the predicted ranking, y; is the true relevance grade of
document i, [ is a loss function (such as squared error or logistic loss), A is the lambda for
document 7. The sum is over all documents in the training data.

The “Lambda” in LambdaRank and LambdaMART refers to the use of lambda functions
as a way to compute the gradients for the boosting algorithm. These lambda functions are
derived from the evaluation metrics that the ranking model tries to optimize. The process

has two main steps:

1. For each pair of documents, compute the change in the ranking metric (NDCG or
MAP) that would result from swapping the two documents in the ranking. The exact
formula for computing the lambdas depends on the ranking metric. For NDCG, the
formula considers the difference in relevance grades between the two documents and
the positions of the documents in the ranking. The formula also considers the number

of relevant documents ranked above each for MAP.

2. Use these lambdas as the gradients for learning. In LambdaRank, these gradients are
used to update the neural network weights. In LambdaMART, these gradients are used

to fit the decision trees.

Unlike the pairwise approach, which takes object pairs as instances in learning, the listwise
approach uses lists of objects as instances. This makes it more aligned with the ultimate goal
of ranking: producing a list of items in the correct order. However, the listwise approach
also has its disadvantages. One of the main challenges is defining a suitable loss function
that can accurately measure the difference between the predicted and actual rankings. This

is a non-trivial task due to the inherent complexity of ranking problems. Furthermore, the

29



2.2.2 Deep Learning in Information Retrieval 2.2 ML IN INFORMATION RETRIEVAL

listwise approach can be computationally expensive, especially with large lists.

Over the years, numerous LTR algorithms have been proposed, including RankNet, ListNet,
and RankBoost. These algorithms have been successfully applied in various domains, including
web search, recommendation systems, natural language processing, and bioinformatics.

Despite its success, LTR also has its challenges. One of the main challenges is the lack of
labeled training data, as obtaining relevant judgments is often expensive and time-consuming.
Another challenge is the dynamic nature of the ranking problem, where the relevance of items

can change over time due to changes in user preferences, item availability, or other factors.

2.2.2 Deep Learning in Information Retrieval

Deep Learning has substantially revolutionized the domain of Information Retrieval over
the past decade [30, 31, 32, 33]. It has significantly contributed to constructing large-scale
search engines such as Google and Bing and more focused applications, including online
shopping searches, chatbots, and recommendation systems. The relevance of search or
recommendation outcomes plays a pivotal role in the business performance across these
domains; thus, enhancing search quality by even a marginal percentage can culminate in
substantial profit augmentation.

Deep Learning, characterized by its capacity to learn intricate representations from raw
data, has been successfully integrated into all IR principal tasks. The success of deep
learning in these applications is attributed to its proficiency in accurately learning distributed
representations (such as vector representations) of natural language expressions (such as
sentences) and efficiently employing these representations in associated tasks. Table 2.3 is
TREC Deep Learning Track 2019’s document retrieval runs [34], showing deep learning-based
models significantly outperformed traditional IR models.

Incorporating deep learning methods in IR has opened the door to potential advancements

in state-of-the-art performances, paralleling the breakthroughs seen in other domains such as
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Computer Vision, Speech Recognition, and Machine Translation. Foundational deep learning
techniques, including word embedding, recurrent neural networks (RNN) [35, 36|, and convo-
lutional neural networks (CNN) [37], have been instrumental in propelling progress within
IR. These techniques have found application in fundamental IR challenges, encompassing
text matching, classification, and document ranking. This section focuses on two essential

techniques: Embedding and BERT.

Embedding FEmbedding, with its extensive range of applications, is often considered the
backbone of deep learning. The primary role of embedding is to “represent” an object using a
low-dimensional dense vector. The object in question could be a word, an image, or even a
specific entity. The term “representation” here does not denote transformation or equivalence
but rather the utilization of a vector to reflect the characteristics of the object and the
use of the distance between vectors to denote the similarity between these objects. Figure
2.8 provides a simplified two-dimensional visualization of how embedding operates in text

retrieval (in a real-world scenario, this process occurs in a high-dimensional space):

e Input: The system takes in a query, ranging from a sentence to a paragraph or an
entire document. Using an embedding model, this query is then transformed into a

representation (vector).

e Embedding Space: The vector representation of the query is placed within a high-
dimensional embedding space. Each dimension within this space corresponds to a
different feature of the text (e.g., syntax, semantics, context). A combination of these

features determines the positioning of the vector within this space.

e Comparison: In retrieving documents, the IR system compares the vector representation
of the query with the vector representations of the documents in the corpus. This

comparison often involves calculating the cosine similarity between the vectors.
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Table 2.3: Document retrieval runs of TREC Deep Learning Track 2019. RR (MS) is based
on MS MARCO labels. All other metrics are based on NIST labels.

run group subtask | RR (MS) | RR | NDCG@10 | NCG@100 | AP
idst _bert v3 IDST fullrank | 0.4866 | 0.9612 0.7257 0.5800 0.3137
idst _bert rl IDST rerank 0.4889 | 0.9729 0.7189 0.5179 0.2915
idst _bert v2 IDST fullrank | 0.4865 | 0.9612 0.7181 0.5947 0.3157
idst_bert vl IDST fullrank | 0.4874 | 0.9729 0.7175 0.5820 0.3119
idst _bert r2 IDST rerank 0.4734 | 0.9729 0.7135 0.5179 0.2910
bm2bexp marcomb h2oloo fullrank | 0.3518 | 0.8992 0.6456 0.6367 0.3190
TUW19-d3-re TU-Vienna rerank 0.4014 | 0.9457 0.6443 0.5179 0.2709
ucas_runidl UCAS rerank 0.4422 | 0.9109 0.6437 0.5179 0.2642
ucas_runid3 UCAS rerank 0.4353 | 0.8992 0.6418 0.5179 0.2677
bm25 marcomb h2oloo fullrank | 0.3591 | 0.9128 0.6403 0.6356 0.3229
bm25exp marco h2oloo fullrank | 0.3610 | 0.9031 0.6399 0.6191 0.3030
ucas_runid2 UCAS rerank 0.4315 | 0.9496 0.6350 0.5179 0.2526
TUW19-d2-re TU-Vienna rerank 0.3154 | 0.9147 0.6053 0.5179 0.2391
uog TrDNN6LM uogTr fullrank | 0.3187 | 0.8729 0.6046 0.5093 0.2488
TUW19-d1-re TU-Vienna rerank 0.3616 | 0.8915 0.5930 0.5179 0.2524
ms ensemble Microsoft fullrank | 0.3725 | 0.8760 0.5784 0.4841 0.2369
srchvrs runl srchvrs fullrank | 0.3065 | 0.8715 0.5609 0.5599 0.2645
TUW19-d2-f TU-Vienna fullrank | 0.2886 | 0.8711 0.5596 0.4103 0.2050
TUW19-d3-f TU-Vienna fullrank | 0.3735 | 0.8929 0.5576 0.3045 0.1843
dct tp bm2be 2 CMU fullrank | 0.3402 | 0.8718 0.5544 0.4979 0.2244
srchvrs_run2 srchvrs fullrank | 0.3038 | 0.8715 0.5529 0.5572 0.2615
bm25tuned rm3 BASELINE fullrank | 0.3396 | 0.8074 0.5485 0.5590 0.2700
det _qp bm25e CMU fullrank | 0.3585 | 0.8915 0.5435 0.4924 0.2228
dect_tp bm25e CMU fullrank | 0.3530 | 0.8638 0.5424 0.4786 0.2098
uogTrDSSQE5SLM uogTr fullrank | 0.3264 | 0.8895 0.5386 0.1839 0.1085
TUW19-d1-f TU-Vienna fullrank | 0.3190 | 0.8465 0.5383 0.2951 0.1647
ms__duet Microsoft rerank 0.2758 | 0.8101 0.5330 0.5179 0.2291
uogTrDSS6pLM uog'Tr fullrank | 0.2803 | 0.8895 0.5323 0.1868 0.1129
bm25tuned prf BASELINE fullrank | 0.3176 | 0.8005 0.5281 0.5576 0.2759
bm25tuned ax BASELINE fullrank | 0.2889 | 0.7492 0.5245 0.5835 0.2816
bm25base BASELINE fullrank | 0.2949 | 0.8046 0.5190 0.5170 0.2443
bm25base rm3 BASELINE fullrank | 0.2405 | 0.7714 0.5169 0.5546 0.2772
runidl CCNU _IRGroup | rerank 0.3058 | 0.7811 0.5164 0.5179 0.2366
bm25tuned BASELINE fullrank | 0.2930 | 0.8872 0.5140 0.5262 0.2318
bm25base prf BASELINE fullrank | 0.2717 | 0.7774 0.5106 0.5303 0.2542
baseline BITEM DL fullrank | 0.2795 | 0.8037 0.4823 0.5114 0.2168
bm25base ax BASELINE fullrank | 0.2677 | 0.7424 0.4730 0.5148 0.2452
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e Output: The system ranks the documents based on their similarity to the query and

presents the most relevant ones.
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Figure 2.8: The 2-Dimensional representation of text embedding in information retrieval.

To explain the embedding technique in more detail, we take Word2Vec [12], one of the
most popular methods for learning word vector representations, as an example. Word2Vec
has two distinct models: the Continuous Bag of Words (CBOW) and Skip-gram.

The CBOW model assumes that a word is most closely related to its adjacent words,
implying that a word is determined by its surrounding context. Conversely, the Skip-gram
model posits that a word determines its adjacent words.

As depicted in Figure 2.9, given a sentence s consisting of n words wy, wo, ..., Wy, ..., Wy,
the input for the Skip-gram model is the word w;, and the output comprises words adjacent
to wy. In contrast, the CBOW model works in a reverse manner.

The Word2Vec model is trained by defining an objective function and optimizing this
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Figure 2.9: Two distinct models CBOW and Skip-gram of Word2Vec.

function. For Skip-gram, the objective function is to maximize the average log probability:

T
1
J(0) = T Z Z log p(we+j|wy)
t=1 —c<j<c,j#0
where c is the size of the training context (which can be a function of the center word wy),
w4 is a context word, and wy is a center word. The probability p(w:y;|w;) is calculated

using the softmax function:

exp(v,’wtﬂ Vi, )

P(Weyj|we) =
(10s5]02) SV exp(v, - vy,)

where v,, and v/, are the “input” and “output” vector representations of w, and W is the
total number of words in the vocabulary.

For CBOW, the objective function is slightly different. The model predicts the current
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word based on the context:
L I
J(0) = T ;logp(wt|wtc, ey Wy 1, Wity vey Wige)

where wy_., ..., W¢_1, Wii1, ..., Wit represent the context words of the target word wy.

In terms of training, the model typically uses stochastic gradient descent and backpropa-
gation to update the weights (i.e., the vector representations of words) and minimize the loss
function.

Embeddings in Information Retrieval offer a powerful tool for understanding and processing
text data. Their ability to capture semantic similarity means that words or documents with
similar meanings are located close to each other in the vector space. This proximity allows
for more effective semantic search and matching, enhancing the precision of IR systems.
The vector space of embeddings also supports meaningful operations, such as addition and
subtraction, which can be used to discover semantic relationships and analogies, thereby
enriching the semantic understanding of IR systems. Furthermore, embeddings provide a form
of dimensionality reduction, transforming high-dimensional data (like a large vocabulary)
into a more manageable, lower-dimensional space. This transformation helps to mitigate the
curse of dimensionality, improving the efficiency and scalability of IR systems. Lastly, the
transfer learning capabilities of embeddings mean that models trained on one task or domain

can be applied to another.

BERT BERT (Bidirectional Encoder Representations from Transformers) was introduced in
a paper by Jacob Devlin and his colleagues from Google Al Language in 2018. It represented
a significant breakthrough in Natural Language Processing (NLP). Before BERT, models like
Word2Vec or GloVe (38| provided context-free models where each word was represented by a
fixed embedding, regardless of the sentence context. BERT, on the other hand, is a deeply

bidirectional model. BERT can access context from past and future directions by being
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bidirectional, which was impossible in previous models. Figure 2.10 is the overall pre-training
and fine-tuning procedures for BERT, and Figure 2.11 is the input representation for BERT
2]
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Figure 2.10: Overall pre-training and fine-tuning procedures for BERT.
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Figure 2.11: The input representation in BERT is a combination of three types of embeddings:
token embeddings, segmentation embeddings, and position embeddings.

One of the core ideas of BERT is Transformer architecture. The Transformer model

replaces recurrent layers with self-attention mechanisms, which weigh input vectors in the
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embedding space according to their semantic similarity. This allows for parallel processing of
sequences and better handling of long-term dependencies.

BERT also introduces the concept of “positional encoding,” which gives the model infor-
mation about the relative position of the words in a sentence. This is important because the
self-attention mechanism in the Transformer model does not have any inherent notion of
word order.

Another important aspect is the use of “subword tokenization”. BERT uses WordPiece
tokenization, where a word may be broken into multiple subwords. This allows the model to
handle out-of-vocabulary words and introduce an element of character-level information into
the model.

BERT uses two training strategies: Masked Language Model (MLM) and Next Sentence
Prediction (NSP). In the MLM task, some percentage of the input words are masked randomly,
and the model tries to predict them based on the context provided by the non-masked words.
In the NSP task, the model is trained to understand the sentence’s relationship, predicting
whether one sentence follows another.

A key formula in BERT is the attention score in the self-attention mechanism, which is

calculated as follows:

: QKT
Attention(Q, K, V') = softmax Vv
Vdy

where (), K, and V represent the query, key, and value vectors, respectively, and dj is the
dimensionality of the key vectors.

BERT has been utilized effectively in various aspects of Information Retrieval, significantly
enhancing the performance and accuracy of several tasks. One of the key applications is
in document ranking. Traditional IR systems rank documents based on keyword matches.
However, this approach can lead to less relevant documents being ranked higher if they

contain more instances of the query keywords. BERT’s contextual understanding enables it
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to re-rank these documents, providing a more relevant list. BERT has also been employed in
the task of query expansion. In traditional query expansion, synonyms or related words are
added to the query to retrieve more documents. However, this can sometimes lead to query
drift, where the expanded query retrieves irrelevant documents. BERT can mitigate this by
generating contextually related terms for a query, thereby enhancing retrieval performance.

Furthermore, BERT has significantly improved the capabilities of semantic search [39, 40].
In traditional keyword-based search, if the exact query phrasing is not present in a document,
the document might not be retrieved, even if it is relevant. With its understanding of the
context and semantics of queries, BERT allows for more accurate retrieval of documents,
even when the exact wording is not used in the query.

Lastly, Cross-lingual Information Retrieval (CLIR) [41, 42] is a field where BERT has
shown promise. In CLIR, the query and the documents are in different languages. BERT’s
language-agnostic representation of text allows it to bridge the semantic gap between different

languages, enabling the retrieval of information written in a language different from the query.

2.2.3 Biomedical Information Retrieval

Recent years have indeed been transformative for the field of Biomedical Information Retrieval
(IR), with the emergence and success of pre-trained language models (PLMs) such as BERT
and T5 [43]. These general models have shown commendable achievements in various
IR tasks, transcending traditional methods and opening up new possibilities in areas like
recommendation, query generation, and document ranking.

In the context of biomedical domain tasks, the landscape becomes more nuanced. Models
like BioBERT have set benchmarks in tasks like disease named entity recognition (NER) and
serve as essential tools in the field [44]. The distinct advantage of domain-specific PLMs
like BioBERT lies in their optimization of biomedical data’s intricate nature. These models

address complexities that are beyond the reach of general language models.
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Since general language models are not optimized for biomedical data, training domain-
specific models is a sensible choice. However, the performance of these models is also
constrained by the scope of their training data. Lisa et al. [45] observed that publicly available
domain-specific models such as BioBERT experience a significant performance decline when
evaluated on a newly annotated COVID-19 preprint dataset. Even Clinical BERT performed
worse than the classic BM25 algorithm on certain tasks [46], highlighting the challenges and
complexities specific to the biomedical domain.

The diversity of approaches in biomedical IR further underscores the complexity of the
field. Wei et al. devised an ensemble approach combining convolutional neural networks
(CNN) with long short-term memory (LSTM) networks, outperforming transformer models
in specific tasks [47]. Such innovative combinations indicate an ongoing search for the ideal
balance between computational models to capture the multifaceted nature of biomedical
information.

Biomedical IR has traditionally relied on term-matching algorithms such as TF-IDF and
BM25, which search for documents containing terms mentioned in the query. However, these
methods struggle with biomedical terminology variation [48, 49]. To address this issue, several
studies have explored the use of domain-specific knowledge bases to enhance biomedical
IR systems. Koopman et al. [50] proposed a graph inference model that obtained domain
knowledge from SNOMED CT to tackle the semantic gap problem. Goodwin et al. [51]
utilized multiple knowledge bases, such as MeSH and UMLS, to build a unified knowledge
graph for topic analysis and expansion. Jin et al. [52] expanded queries using a list of
weighted synonyms extracted from the National Library of Medicine (NLM) API to achieve
high recall in baseline retrieval.

Other studies have focused on different strategies. Rybinski et al. [53] employed the
Divergence from Randomness (DFR) method to boost performance in the initial ranking
step for the biomedical literature search. Soldaini et al. [54| proposed a convolutional neural

model to reduce clinical notes’ noise for medical literature retrieval. KERS [55] was designed
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as an article recommendation system to support decision-making in medical treatments for
cancer patients.

All the approaches mentioned above depend on fine-tuning or retraining pre-trained
models on domain-specific data, which can be expensive and time-consuming. In contrast,
our framework offers a cheaper yet efficient alternative that can be easily applied to existing

general language models to enhance their performance in biomedical IR.

40



Chapter 3

Limitations of General Language Models

General Language Models (LMs) have seen widespread adoption in various fields of Information
Retrieval (IR), such as chatbots, machine translation, recommendation systems, document
ranking, and relation extraction. However, despite their broad applications and successes,
they do not come without limitations.

A primary challenge associated with these models is their inability to understand context
beyond their training data. Consequently, they grapple with tasks that require knowledge or
understanding beyond the scope of their training. Another limitation lies in their inability to
interact with the user in a meaningful way, often leading to a lack of personalization and
relevance in their responses [56, 57].

In the face of ambiguous queries, these models often struggle, potentially producing
incorrect or irrelevant results. Such limitations, coupled with the challenges previously
discussed, amplify when dealing with low-resource languages, potentially limiting their
applicability in multilingual settings [58, 59].

Furthermore, these models are computationally intensive, demanding significant resources
for both training and inference. The dependency on substantial training data to perform

effectively is another hurdle, a condition that may not always be feasible or available. Finally,
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the challenge of interpretability cannot be overlooked, as these models, often considered
“black boxes”, provide little insight into their decision-making processes [60].

This chapter, therefore, delves into the limitations of general language models within
the classical passage ranking task in light of the experiments and findings from the Deep

Learning Track of TREC.

3.1 Deep Learning in Passage Ranking

Passage ranking is a fundamental task in Information Retrieval (IR). It involves identifying
and ranking the most relevant sections or passages from a document or a set of documents in
response to a user’s query.

The task of passage ranking is crucial in various applications, including question answering,
document summarization, and reading comprehension. It is beneficial when dealing with
long documents where the relevant information for a particular query is contained in specific
sections or passages rather than the entire document.

The main challenge in passage ranking is to accurately identify the relevance of a passage
to a given query. This involves understanding the semantics of both the query and the
passage, and determining the degree of match between them. Various techniques have been
proposed to tackle this challenge, including traditional keyword-based methods and more
recent machine learning-based approaches.

In deep learning, passage ranking has been approached as a supervised learning problem,
where models are trained on labeled data consisting of query-passage pairs and relevance
judgments. More recently, with the advent of transformer-based models like BERT, significant
improvements have been made in the field of passage ranking.

The following sections present the methodology and experimental results we used to
participate in the 2021 and 2022 Deep Learning Track on The Text Retrieval Conference
(TREC) passage ranking task [61, 62]. These results demonstrate that general deep learning
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models have limitations even in their training domain. In addition, given the costly and time-
intensive nature of the training process, it is necessary to explore strategies for cost-effective

optimization.

3.2 The Deep Learning Track on TREC

The Text Retrieval Conference (TREC) Deep Learning Track is set to embark on a new
phase by introducing a larger, cleaner corpus MS MARCO [63] that unifies the passage and
document datasets. The Deep Learning Track centers on studying information retrieval in a
large training data regime, where the number of training queries with at least one positive
label is in the hundreds of thousands. This reflects real-world scenarios such as training based
on click logs.

The MS MARCO (Microsoft Machine Reading Comprehension) dataset is an extensive
resource designed to facilitate progress in artificial intelligence, particularly in the sphere of
deep learning for search. Comprising real Bing search queries, the dataset encompasses a
range of subsets, each focusing on different facets of deep learning in search, such as document
ranking, passage ranking, and relation extraction.

In 2020 [64], the document ranking dataset was predicated on source documents, which
encompassed passages utilized in the passage task. The corpus comprised 3.2 million docu-
ments and a training set with 367,013 queries. Each training query was linked from a positive
passage ID to the corresponding document ID in the corpus under the presumption that a
document yielding a relevant passage is typically relevant. This passage dataset was based
on the public MS MARCO dataset, with a distinct set of test queries and a more detailed
evaluation of the quality of passage rankings by relevant judges.

In 2021 [65] and 2022 [66], the MS MARCO dataset underwent substantial enhancements
to render the document and passage data larger, cleaner, and more realistic. The document

dataset expanded to be 3.7 times larger than its previous version, and the passage dataset
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grew to be 15.6 times larger. The new dataset contains an average of 11.6 passages per
document, selected using an algorithm that identifies the most promising passage candidates
in a query-independent manner. This is a significant increase from the old dataset, which
had 2.8 passages per document. The new dataset also features a known passage-document
mapping, encouraging participants to consider how passage information may be used in
document ranking and document information may be used in passage ranking.

The Track focuses on document ranking and passage ranking, aiming to study the
effectiveness of various methods when a large amount of training data is available. Participants
are encouraged to submit standard approaches and baselines, implement newer approaches,
and try hybrid approaches enabled by the new document and passage corpus with passage-
document mapping.

The Deep Learning Track has two tasks: passage ranking and document ranking, and
two subtasks in each case: full ranking and reranking. Participants can submit up to three
runs for each of the subtasks. Each task uses a large human-generated set of training labels
from the MS MARCO dataset. The two tasks use the same test queries and the same form
of training data, with usually one positive training document/passage per training query.

The Track also encourages participants to study the efficacy of transfer learning methods
and use external corpora for large-scale language model pretraining or adapt algorithms
built for one Track task to the other. This allows participants to study a variety of transfer
learning strategies.

The document ranking task focuses on full ranking and top-100 reranking. In the full
ranking subtask, participants are expected to rank documents based on their relevance to the
question, where documents can be retrieved from the full document collection provided. In
the reranking subtask, participants are provided with an initial ranking of 100 documents
from a simple IR system, and they are expected to rerank the documents in terms of their
relevance to the question.

The passage ranking task also has full ranking and reranking subtasks. In the full ranking
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subtask, given a question, participants are expected to rank passages from the full collection
in terms of their likelihood of containing an answer to the question. In the reranking subtask,
participants are provided with an initial ranking of 100 passages, and they are expected to
rerank these passages based on their likelihood of containing an answer to the question.

A set of test queries is provided as the official evaluation set, where NIST assessors will
judge a subset. In addition to the main evaluation using the NIST labels and NDCG, sparse
labels for the test queries, which already exist as part of the MS MARCO dataset, are also
available. This allows calculating a secondary metric, Mean Reciprocal Rank (MRR). For the
full-ranking setting, NDCG is also computed to evaluate the performance of the candidate

generation stage.

3.3 Combined Methodology

Deep learning models like Transformers and BERT have exhibited significant potential across
numerous information retrieval tasks. They excel in comprehending the semantic meaning of
the text and capturing complex contextual relationships between words. This makes them
particularly effective for semantic search, wherein the aim is to locate documents that are
semantically related to a query, even if they do not share exact keywords.

Conversely, traditional retrieval models like BM25 are predicated on exact keyword
matching. They cannot understand the semantic meaning of text and cannot capture
contextual relationships between words. However, they prove highly effective in locating
documents that share exact keywords with a query. This makes them especially suitable
for the exact match search, where the objective is to find documents that contain the exact
keywords specified in a query.

In practical applications, both the semantic and exact match search can be helpful,
contingent upon the specific task and the user’s information requirements. Consequently,

it would be instructive to compare the performance of deep learning models and BM25 in
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real-world scenarios. Such a comparison could yield valuable insights into the strengths and
limitations of deep learning models in information retrieval.

With this aim, we participated in the passage ranking task in the 2021 and 2022 Deep
Learning Track at TREC. The Deep Learning Track provided real queries and a corpus from
the Bing search engine, offering a robust platform to investigate the problem in question.

In 2021 [61], the proposed methodology involved applying linear fusion methods to
combine the results of BM25 and deep learning models. The objective was to capitalize on
the strengths of both models: the semantic comprehension afforded by deep learning models
and the exact match capabilities of BM25. It was hypothesized that integrating both models’
results could yield superior performance compared to using either model in isolation.

In 2022 [62], the experiment was taken a step further. Rather than relying on the results
of deep learning models, results less proficient than their BM25 counterparts were directly
substituted. This approach provided a unique perspective on understanding the limitations
of deep learning models in exact match search. It was anticipated that this strategy would
offer valuable insights into the types of queries and documents where BM25 outperforms
deep learning models and assist in pinpointing areas where deep learning models could be

further enhanced.

3.3.1 Fuse Framework

The fuse framework has three main stages. The initial stage involved the application of
pre-trained models. Specifically, Sentence-BERT [67], to generate embeddings for queries
and documents. The msmarco-MiniLM-L-6-v3 model was chosen for this task, given its
computational efficiency. The Semantic search was then conducted to retrieve the top 100
most relevant passages as the candidate set from each JSONL file. The candidate set was
a submitted run as YorkU21b. Two pre-trained cross-encoder models, ms-marco-MiniLLM-

L-12-v2 and ms-marco-MiniLM-L-6-v2, were used to re-ranking these candidate sets. The
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outcomes of these three rankings were combined through a voting mechanism, with the top
100 most relevant passages for each query selected as the final result. This constituted the
submitted run, YorkU2la. An additional submission, YorkU21c, was made for comparison
purposes, which was re-ranked solely by ms-marco-MiniLM-L-6-v2.

The second stage of the study centered around traditional information retrieval methods.
Anserini [68], a toolkit for replicable information retrieval research, was employed to secure
the BM25 results with default parameters.

In the final stage, the results of YorkU2la and BM25 were integrated. This phase was
critical as it allowed for leveraging the strengths of deep learning (semantic understanding) and
traditional retrieval methods (exact keyword matching) and combining these methodologies

to yield a more robust and effective retrieval system.

Linear Fuse The linear fuse approaches follow [69]’s work, and they proposed six different
methods: CombMAX, CombMIN, CombSUM, CombANZ, CombMNZ, and CombMED. Each
method has its focus, and its mathematical explanations can be seen in Table 3.1, where s,
stands for the scores of BM25, s; represents the scores of deep learning models, and N,,,
shows the number of non-zero scores retrieved candidates. CombMIN is designed to lessen
the probability that non-relevant passages would be highly ranked, while CombMAX is made
to reduce the number of relevant passages that receive low rankings. And CombMED uses
the median value to combine the advantages of CombMIN and CombMAX. CombANZ is
the average of the candidates with non-zero scores to avoid the influence of a single or no
candidate; CombMNZ will give passages retrieved via multiple approaches more weight;

CombSUM is the simplest way of summing up the scores of the same candidates.

Normalization Since the use of different retrieval systems will have different weighting
methods and thus produce quite different ranges of similarity values, it is necessary to apply

normalization methods to the different retrieval results. We used three different methods for
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Normalization: Rescaling, Mean Normalization, and Z-score Normalization.
Rescaling, also known as min-max normalization, is the simplest way to reduce the range

of data to [0, 1] or |-1, 1|, where the general formula for Normalization of |0, 1] is as follows:

g5~ min(s)

max(s) — min(s)

where s is an original score of ranking, s’ is the normalized ranking score.
Mean Normalization is another way to normalize data. It works by calculating and
subtracting the mean value of each data. A common practice is to divide this value by the

range or standard deviation, and the formula is as follows:

s— S
s =

max(s) — min(s)

where § is the mean of scores.

When the same process uses standard deviations as denominators, the process is called
Standardization, also known as Z-score Normalization. Z-score Normalization is a widely
used method for Normalization in many machine learning algorithms. This method gives the
mean and standard deviation of the original data to standardize the data. The processed
data conforms to the standard normal distribution, that is, the mean is 0, and the standard

deviation is 1, and the formula is as follows:

where p is the mean of all sample data and o is the standard deviation of all sample data.
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3.3 COMBINED METHODOLOGY

Table 3.1: Mathematical Explanations of Fuse Methods

Methods | Formula
CombMAX | maz(sp, Sq)
CombMIN | min(sp, Sq)
CombMED | med(syp, s4)
CombSUM | sum(sp, sq)
CombANZ | sum(sp, Sq)/Nnon
CombMNZ | sum(sp, Sa) * Npon

3.3.2 Experiment Results and Analysis

Since YorkU21a yielded the best result for deep learning retrieval under the NDCG metric,

this run was solely utilized in combination with BM25. The experiment runs are denoted
as YorkU21la, BM25, CombMAX, CombMIN, CombANZ, CombMNZ, CombMED, Comb-
SUM rescal, CombSUM _zscore, and CombSUM mean. These run descriptions are detailed

in Table 3.2.

Table 3.2: Fuse Runs Descriptions of The TREC 2021 Deep Learning Track

Runs Description

BM25 Use BM25 algorithm to obtain a baseline run by Anserini.
YorkU21a Use Sentence-Bert to obtain the best re-rank result.

YorkU21b Use Sentence-Bert to obtain the initial rank result.

YorkU21c Use Sentence-Bert to obtain the alternative re-rank result.
CombMAX Use CombMAX to combine the Yorku2la and BM25 by Rescaling.
CombMIN Use CombMIN to combine the Yorku2la and BM25 by Rescaling.
CombMED Use CombMED to combine the Yorku2la and BM25 by Rescaling.
CombANZ Use CombANZ to combine the Yorku2la and BM25 by Rescaling.
CombMNZ Use CombMNZ to combine the Yorku2la and BM25 by Rescaling.
CombSUM rescal | Use CombSUM to combine the Yorku2la and BM25 by Rescaling.
CombSUM _zscore | Use CombSUM to combine the Yorku2la and BM25 by Z-score.
CombSUM _mean | Use CombSUM to combine the Yorku2la and BM25 by Mean.

The results of the full passage ranking runs are exhibited in Table 3.3. The NIST evaluation

provided a four-degree level: “0” for irrelevant, “1” for related, “2” for highly relevant, and

“3” for perfectly relevant. A judgment level of “1” for passages implies that the passage was
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Table 3.3: The Comparison Results of Various Fuse Runs and Baselines in The TREC 2021
Deep Learning Track

Runs MAP | P@10 | NDCG@10 | NDCG@100
BM25 0.1357 | 0.3547 0.4458 0.3913
CombMAX 0.2602 | 0.5097 0.5948 0.5223
CombMIN 0.2447 | 0.4941 0.5761 0.5077
CombMED 0.2587 | 0.5073 0.5911 0.5197
CombANZ 0.2786 | 0.5301 0.6199 0.5459
CombMNZ 0.2814 | 0.5321 0.6245 0.5511
CombSUM rescal | 0.2917 | 0.5491 0.6370 0.5654
CombSUM mean | 0.2230 | 0.5283 0.6122 0.4691
CombSUM zscore | 0.2602 | 0.4906 0.5875 0.5379
YorkU21a 0.3309 | 0.6151 0.6965 0.5779
YorkU21b 0.2032 | 0.4792 0.5694 0.4112
YorkU21c 0.3323 | 0.6189 0.6930 0.5413

related to the query but did not actually answer it. Thus, a “1” is not considered relevant for
measures that use binary relevance judgments. Except for the calculation of NDCG, which
requires all levels, the remainder of the evaluation calculation should not consider level “1”.

The results suggest that the deep learning model delivers the most optimal outcomes.
However, the choice of normalization methods does influence these results, with Rescaling
emerging as the top performer. For a clearer comparison between deep learning, BM25,
and their combined methods, refer to Figure 3.1. This figure indicates that when there’s a
significant performance difference between deep learning and BM25, the combined method
tends to lag behind deep learning. On the other hand, when both methods exhibit comparable
performance, the combined result tends to slightly edge out deep learning.

It’s noteworthy that even in situations where deep learning considerably surpasses BM25,
there are still certain queries where BM25 reigns supreme. Table 3.4 delves into an analysis of
one such instance. The keyword-based BM25 model appears more adept at locating relevant
passages when the query contains specialized entities, such as individual names. In contrast,

the semantic-based deep learning model often identifies passages that only partially match
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Figure 3.1: The Comparison of BM25, YorkU21la and CombSUM _rescal in The TREC 2021
Deep Learning Track

the keywords, rather than capturing exact matches. As an example from Table 3.4, the deep
learning model treats “David Taylor” and “David W. Taylor” as identical, even though they

are distinct.

3.4 Substitution Strategy

Recent advancements in deep learning-based dense passage retrieval [70] have demonstrated
significant superiority over traditional retrieval techniques such as TF-IDF and BM25 [20]
on well-established question-answering and information retrieval (IR) datasets. These dense
models are trained to utilize annotated datasets, with several outperforming BM25 with
as few as 1000 supervised examples. This is achieved by employing BERT |2, 71| as a
pre-trained model with fine-tuning. This signifies high potential for practical applications

and suggests a possible replacement for traditional retrieval methods. However, our 2021’s
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Table 3.4: The Comparison of Deep Learning (NDCG@10: 0.2962) and BM25 (NDCG@10:
0.5815) in Query 190623: “for what is david w. taylor known”

Runs Rank | Related | Passage

YorkU21a 1 3 Rear Adm. David W. Taylor. Rear Admiral David
Watson Taylor, USN (March 4, 1864 - July 28, 1940) was
a naval architect and engineer of the United States Navy.
He served during World War I as Chief Constructor of the
Navy, and Chief of the Bureau of Construction and Repair.
Taylor is best known as the man who constructed the first
experimental towing tank ever built in the United States.
YorkU21a 2 0 World Champ David taylor the magic man. World Champ.
David taylor the magic man. David Taylor, widely
known as The Magic Man, is a 4x NCAA All-American,
4x BIG 10 Champion, and a 2x NCAA Champion — and
he just getting started. Having wrapped up his NCAA
career in March of 2014, David is just getting started on his
international career and ultimately, his quest for Gold in
Tokyo, 2020.

YorkU21a 3 0 Taylor is best known for his contributions to microhis-
tory, exemplified in his William Cooper’s Town: Power and
Persuasion on the Frontier of the Early American Republic
(1996). Using court records, land records, letters and diaries,
Taylor reconstructed the background of founder William
Cooper from Burlington, New Jersey, and the economic,
political and social history related to the land speculation,
founding and settlement of Cooperstown, New York, after
the American Revolutionary War.

BM25 1 2 History. The facility was previously known as the David
W. Taylor Naval Ship Research and Development Center;
it was renamed David Taylor Research Center (DTRC) in
1987 and later became the Carderock Division of the Naval
Surface Warfare Center in 1992.

BM25 2 2 David S. Taylor, CEO of Procter and Gamble. David Taylor
(Wisconsin judge), American jurist and legislator. David
W. Taylor, U.S. Navy admiral and engineer. David Taylor
(banker), banker. David Taylor (veterinarian), television
presenter on animal subjects.

BM25 3 3 Rear Adm. David W. Taylor. Rear Admiral David
Watson Taylor, USN (March 4, 1864 - July 28, 1940) was
a naval architect and engineer of the United States Navy.
He served during World War I as Chief Constructor of the
Navy, and Chief of the Bureau of Construction and Repair.
Taylor is best known as the man who constructed the first
experimental towing tank ever built in the United States.
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Table 3.5: BM25 was observed to outperform the BERT model for queries containing special
entities from YorkU’s results of the TREC 2021 Deep Learning Track with the evaluation of
NDCG@10.

Query ID | Question BM25 | YorkU21a
168329 does light intensity or concentration of carbon | 0.7179 0.6937
dioxide have a higher rate of photosynthesis
190623 for what is david w. taylor known 0.5812 0.2962
508292 symptoms of neuroma 0.5000 0.3708
1128632 | is levothyroxine likely to cause weight loss or | 0.9009 0.8582
weight gain

study demonstrated that dense retrieval models have not yet developed sufficient capabilities
to supplant traditional methods entirely, and it explored some of the inherent limitations
that continue to afflict dense retrievers.

Building on the research conducted last year, this study primarily delves into methods
to further optimize the integration of BM25 and deep learning models. The prior research
revealed that while the deep learning model surpassed the traditional retrieval model for a
majority of queries, BM25 showcased remarkable prowess with specific queries, especially
those involving human names. As depicted in Table 3.5 from the earlier study, BM25
consistently outperformed the BERT model when handling queries containing specialized
entities like individual names, places, organizations, and unique terms. Such entities, which
are commonly found in real-world queries, possess distinguishing features: they typically
have limited synonyms and refer explicitly to specific items. These characteristics render
BM25 especially proficient in managing such queries. On the flip side, deep learning models,
relying on word embeddings, can sometimes mistake similar words for synonyms, leading to
the retrieval of irrelevant passages. Given these findings, the current study continued to focus
on the potential benefits of combining the deep learning model with BM25. The objective
is to harness BM25’s capabilities for particular queries while leveraging the deep learning

model’s strengths for the remainder.
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Before the advent of dense retrieval models, traditional retrieval techniques such as TF-IDF
and BM25 dominated the landscape of information retrieval systems [72, 73, 74, 75|. These
methods are characterized by relying on mathematical models to describe the retrieval process
and using weighted term matching between queries and passages to determine similarity.
Unlike deep learning models, traditional retrieval models do not necessitate training on
labeled datasets. While traditional retrieval models excel at lexical matching, they fall short
in capturing synonymy and intricate semantic relationships.

In contrast, dense retrievers utilize pre-trained language models, such as BERT, to compute
similarity through embeddings learned from labeled datasets. These models typically employ
two encoders: one for the query and one for the passage. The downstream tasks are then
fine-tuned based on these pre-trained models. Both queries and passages are represented as
word embeddings, and the top passages with the highest similarity scores to the query are
returned and ranked accordingly.

While dense models perform admirably within their training domains, their ability to
adapt to unfamiliar domains remains a point of concern. Thakur et al. [76] introduced
a zero-shot benchmark named BEIR, demonstrating that dense retrieval models did not
perform as well as BM25 in most of their datasets. Lewis et al. |77 found that the model had
a tendency to memorize the training data, which results from the substantial overlap between
the training and test sets and the propensity of deep learning models to overfit the training
data for optimal performance. Chen et al. [78] developed demonstrating entity disambiguation
proficiency, and they found that the models performed significantly worse on rare entities
than on common entities. Sciavolino’s findings [79] were consistent with this, indicating that
the performance of dense retrieval models needs improvement in generalizability, particularly
regarding rare entities. Their study concluded that integrating BM25 and deep learning
models is viable.

Our approach involves a simple yet effective way to find queries suitable for retrieval

through BM25. For these queries, the ranking results produced by the deep learning model
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are then substituted with the results generated by BM25. Details of this approach will
be presented in the following subsections. In this year’s participation, we presented two

outcomes: the dense retrieval YorkU22a and the non-dense retrieval YorkU22b.

3.4.1 Relation Extraction

Techniques for relationship extraction can be broadly divided into traditional and neural
network-based methods. Traditional methodologies encompass manual, unsupervised, and
supervised approaches. The manual approach [80] incorporates linguistic knowledge to build
a linguistic model grounded in words, syntax, or semantics. This model subsequently matches
preprocessed sentences and establishes the corresponding linguistic relation. On the other
hand, the unsupervised methodology [81] aims to discover semantic relations by extracting
entities and their contexts and grouping them based on similarities in contextual information.
The supervised approach perceives relationship extraction as a classification problem and
employs data-based features [82], derived from entity context semantics or syntax, to train
classifiers for each related entity. In the testing phase, the classifier can identify the relation
of a new entity if its features align. However, this method necessitates high-quality features.
An alternative approach, as proposed by Mooney et al. [83], is to design a kernel function for
classification.

Recent advancements in relation extraction techniques have led to the prevalent use
of neural network-based methods. Liu et al. [84] pioneered applying the Convolutional
Neural Network (CNN) model to relation extraction, transforming sentences into word
embeddings through a synonym dictionary and other linguistic features. The model’s output
is the relationship classification probability between entities. Xu et al. [85] aimed to
augment the semantic aspect of the methodology by using the shortest dependency path
(SDP) and incorporating the central part of the sentence as input while omitting irrelevant

words for improved accuracy. Zhang et al. [86] posited that relation extraction requires
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Table 3.6: Different performance of BM25 based on different queries from YorkU’s results of
the TREC 2021 Deep Learning Track with the evaluation of NDCG@10.

Query ID | Question BM25 | YorkU21a
1129560 | accounting definition of building improve- | 0.3274 0.6423
ments

168329 does light intensity or concentration of carbon | 0.7179 0.6937
dioxide have a higher rate of photosynthesis
225975 how does my baby get submitted for medicaid | 0.0000 0.4885
after birth

comprehensive and continuous information from all words in the sentence and utilized bi-
directional long short-term memory networks (BLSTM) for sentence-level representation and
feature enhancement. Zhou et al. [87] proposed applying an attention mechanism for BLSTM
to extract essential features from the data without relying on external resources. However,
additional knowledge or resources, such as knowledge graphs, may be necessary to represent
the sentence comprehensively. Ji et al. [88] introduced the concept of relational vectors
from knowledge graphs to represent the features of relationships. Qin et al. [89] focused
on enhancing the dataset’s quality by employing reinforcement learning to filter mislabeled
sentences and reduce data noise, thus forming a new high-confidence training dataset that
improves the performance of the trained model.

The results of the previous year’s experiments suggest that BM25 is effective for queries
containing special entities. As shown in Table 3.6, the query “168329” (“does light intensity
or concentration of carbon dioxide have a higher rate of photosynthesis”) is a semantically
complex query that would typically be better suited to deep learning models. However,
BM25 yields superior results. Despite the lack of a semantic relationship between the words
in the query, BM25 can still identify relevant documents by the presence of several special
entities, such as “light intensity”, “carbon dioxide”, and “photosynthesis”. Notably, the entity

“photosynthesis” is a term with limited synonyms, and BM25 tends to perform well in the

presence of such entities.
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On the other hand, the query “225975” (“how does my baby get submitted for medicaid
after birth”) yields an NDCG score of 0.00 in the top-10 hits for BM25 due to the absence of
special entities. Therefore, we infer that entities such as “photosynthesis”, “david w. taylor”,
“neuroma’”, and “levothyroxine” are strong entities, and BM25 tends to perform better with
queries that include these strong entities.

Based on this analysis, the goal of relation extraction is set as the identification of strong
entities. These entities can be classified into several categories, including names of individuals,
locations, organizations, and specialized terms such as medical. In other words, these strong
entities are the core keywords in the sentence.

We employ the YAKE model [90], a lightweight unsupervised automatic keyword extraction
method that relies on statistical text features to select the most relevant keywords in the text.
Additionally, we utilize Gensim and Rake-NLTK (Rapid Automatic Keyword Extraction
algorithm with the NLTK toolkit) to identify strong entities. The extracted entities are
deemed correct if their results match those of the YAKE model. Otherwise, the entity is
discarded.

Two submissions were made in this year’s full-passage ranking task: YorkU22a and
YorkU22b. YorkU22b represents a non-dense retrieval approach and serves as the first stage
of the dense retrieval process, YorkU22a. As this year’s work builds upon last year’s efforts,
the same dense retrieval architecture is adopted. The Sentence-BERT model was utilized
as the pre-training model, and a Bi-Encoder was applied to generate the dense retrieval’s
initial ranking result, YorkU22b. After performing relation extraction on the query, queries
containing strong entities were identified, and their BM25 ranking results were computed
using Anserini. The results for strong entity queries in YorkU22b were then replaced with
their corresponding BM25 results, thereby forming a new initial ranking. Finally, YorkU22a
was obtained using a Cross-Encoder, with the scope of documents constrained to those

retrieved in the preceding ranking.
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Table 3.7: Substitution Runs Descriptions of The TREC 2022 Deep Learning Track

Runs Description

BM25 The BM25 baseline.

YorkU22b The first ranking obtained from SBERT.

YorkU22b+BM25 | The first ranking combined with BM25.

YorkU22a The re-ranking based on the first ranking combined with BM25.
YorkU22a—BM25 | The re-ranking based on the first ranking without combining BM25.
YorkU22a+BM25 | The optimal result combines re-ranking and BM25.

Table 3.8: The Comparison Results with Different Substitution Runs and Baselines in The
TREC 2022 Deep Learning Track.

Runs MAP@100 | P@10 | NDCG@10 | NDCG@100
BM25 0.0325 0.1421 0.2692 0.2133
YorkU22b 0.1130 0.3947 0.5076 0.3408
YorkU22b+BM25 0.1162 0.4066 0.5181 0.3471
YorkU22a—BM25 0.1989 0.5288 0.6003 0.4587
YorkU22a 0.2003 0.5316 0.6089 0.4610
YorkU22a+BM25 0.2011 0.5303 0.6144 0.4628

3.4.2 Experiment Results and Analysis

The experimental runs are denoted as BM25, YorkU22a, YorkU22a-BM25, YorkU22a-+BM25,
YorkU22b, and YorkU22b+BM25. These run descriptions are detailed in Table 3.7.

The experimental results for all runs are presented in Table 3.8. It can be observed
that the traditional BM25 model, serving as the baseline, demonstrates significantly lower
performance than the other models. However, in the initial-stage ranking, substituting the
results of the deep learning model for strong entity queries with their BM25 results leads
to performance enhancement. The re-ranking results of the dense retrieval that underwent
this process also show improvement. An exploration into merging the re-ranked outcomes
with BM25 was also conducted. Notably, even after re-ranking, YorkU22a’s outcomes remain
subpar relative to BM25. Direct substitutions with BM25 outcomes enhance the retrieval

efficacy, as evidenced in the experimental result denoted as YorkU22a+BM25. This suggests
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that the deep learning model fails to completely capture all the information gained from BM25
in the initial ranking, indicating a potential for optimization in the results after replacing the
queries with strong entities.

In conclusion, while deep learning-based information retrieval models are generally ac-
knowledged to outperform traditional BM25 models, BM25 remains a prevalent information
retrieval algorithm due to its mathematical explanation of the retrieval process to a certain
extent, which is lacking in deep learning models. On the other hand, training deep learning
models is resource-intensive and requires large amounts of training data, often unavailable in
fields such as biology and medicine. Utilizing a small-scale pre-trained model combined with
traditional retrieval methods is feasible to improve performance. The proposed approach
attempts to address this issue by employing relation extraction to identify strong entity
queries and combining the results of the deep learning model with the BM25 results of such

queries to achieve superior results.

3.5 Summary

The experiments conducted in the 2021 and 2022 Deep Learning Track have demonstrated
the strengths and weaknesses of general language models in classical passage ranking tasks.
While these models offer considerable advancements over traditional retrieval models like
BM25, especially in recognizing semantic information, challenges remain.

Deep learning models are adept at fuzzy matching, allowing them to go beyond mere
keyword matching to capture the underlying semantics of a query. This ability has significantly
improved retrieval system performance in various domains.

Despite their capabilities, general language models have been found to underperform in
certain specific tasks. Person name matching, a prevalent requirement in real search scenarios,
is an example of where these models may fall short. Typically, pre-trained models like SBERT

must be fine-tuned to adapt to new domains, an operation that can be resource and time-
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intensive. Contrastingly, the BM25 algorithm offers a more straightforward approach, capable
of being deployed across various scenarios without additional customization or overhead.
Though lacking the advanced semantic recognition of deep learning models, BM25 remains a
viable option in specific contexts.

The biomedical field presents unique challenges, such as lexical variants, which traditional
models find challenging to handle. The scarcity of large annotated training datasets further
complicates the development of domain-specific language models.

Given these observations, there is a growing interest in exploring ways to enhance the
performance of general language models for specific domains without imposing high costs.
The next chapter proposes a low-cost but effective approach to enhancing general language

models for biomedical IR tasks.
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Chapter 4

Diversified Prior Knowledge Enhanced
(General Language Model for Biomedical

Text Retrieval

Biomedical Text Retrieval is a specialized field that focuses on searching and retrieving
biomedical information from text sources, including scientific literature, clinical records,
genomic data, etc. This area has gained significant attention due to the exponential growth
of biomedical data and the critical need to access relevant information for research, clinical
decision-making, drug discovery, and public health policy.

Unlike general IR, biomedical IR deals with highly specialized and complex information.
The terminology is often domain-specific, and the relationships between concepts can be
intricate. This complexity requires advanced techniques to understand the information’s
context, semantics, and structure. Traditional IR methods, based on term-matching, are
often inadequate in this specialized field, suffering from failure modes, especially when dealing
with terms that have different meanings in various contexts or when essential semantics from

the question are not considered during retrieval.
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Recent advancements in machine learning and natural language processing have opened
new avenues for addressing these challenges. Developing domain-specific models like BioBERT
has shown promising results in tasks like named entity recognition and relation extraction.
Furthermore, integrating domain knowledge bases like MeSH has effectively bridged the
semantic gap, providing more context-aware retrieval.

However, fine-tuning or retraining pre-trained models on domain-specific data remains
a substantial challenge even with these advancements. The associated costs of time and
resources can be prohibitive, particularly in the rapidly evolving field of biomedical research,
where quick access to relevant information is paramount.

Our framework [8] emerges as an alternative solution, offering a cost-effective enhancement
to existing general language models for biomedical IR . It builds on the strengths of existing
pre-trained general models and addresses their limitations by incorporating a multi-stage
approach. By leveraging both general language models and domain-specific knowledge, this
framework adapts to the unique characteristics of biomedical text retrieval, providing a

flexible and efficient solution.

4.1 Framework Architecture

Our proposed DPK-GLM framework is a two-stage retrieval framework consisting of three
components: a Knowledge-based Query Expansion method, an Aspect-based Filter, and a
Diversity-based Score Reweighting method, as shown in Figure 4.1. The following sections

will introduce the details of each component.

4.2 Knowledge-based Query Expansion

The diversity of search results in biomedical IR is characterized by the range of query-related

aspects covered in the output ranking list. It ensures that the retrieved documents provide a
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Figure 4.1: The architecture of our proposed framework.

Re-Ranking

comprehensive overview of the query and meet the user’s information needs. To enrich query

aspect diversity, we introduce prior knowledge from MeSH, UMLS, and NCBI.

MeSH (Medical Subject Headings) MeSH is a controlled vocabulary used by the

National Library of Medicine (NLM) to index articles in MEDLINE and other databases.

It consists of a hierarchical structure of medical terms, allowing for the classification and

retrieval of biomedical literature according to specific subject headings.

UMLS (Unified Medical Language System) UMLS is a compendium of controlled

vocabularies developed by the NLM. It integrates and standardizes various biomedical and

healthcare terminologies, enabling the consistent representation of concepts across different
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systems and applications. UMLS aims to facilitate information retrieval, data integration,

and semantic interoperability within the biomedical domain.

NCBI (National Center for Biotechnology Information) NCBI is a leading research
institution that provides access to various biological databases, tools, and resources. It hosts
repositories such as GenBank for genetic sequences and PubMed for biomedical literature.
NCBTI’s resources can be leveraged to obtain detailed information about genes, proteins,
diseases, and other biological entities.

A query q is a series of terms:

q = {tl, €2, ..., t6, €ryiny tn}

where n represents the number of terms, a term related to biomedical aspects is referred to
as an entity e, and all expanded information are aspects of this entity.

Including more diversified entities in a query implies a higher level of diversity and broader
aspect coverage, which can help users find all potentially relevant information. We utilize

SpaCy to extract entities from the query:

E={es,...;e7,...}

Table 4.1 shows examples of the extracted entities. The extracted entities are then

expanded with their synonyms and descriptions from prior knowledge sources:

!/ / " / "
E' ={ey,e5,...,e7,e7,...}

For instance, in a query “What is the role of PrnP in mad cow disease?”, the description
entity of “PrnP” is prion protein, and its synonym entities, such as “ASCR”, “AltPrP”, “CD230”,
can be found in MeSH and NCBI Gene databases. As for the diversified entities of mad
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cow disease, it encompasses various other information: Bovine spongiform encephalopathy
(BSE), neurodegenerative disease, variant Creutzfeldt-Jakob disease (vCJD), etc. These

aspect-related entities are not included in the original query but are highly relevant to the

query.
Table 4.1: Examples of The Extracted Entities.
Query Entities
What is the role of PrnP in mad cow disease? PrnP, mad cow disease
What is the role of IDE in Alzheimer’s disease? IDE, Alzheimer’s disease
What is the role of MMS2 in cancer? MMS2
What is the role of Nurr-77 in Parkinson’s disease? Nurr-77, Parkinson’s disease
How does BARD1 regulate BRCA1 activity? BARDI1, BRCA1
How does p53 affect apoptosis? P53, apoptosis
What [MUTATIONS]| in the Raf gene are associated with cancer? Raf
What [GENES| are involved in insect segmentation? insect segmentation
Which [GENES] involved in NFkappaB signaling regulate iNOS? NFkappaB, iNOS
What [TOXICITIES]| are associated with etidronate? etidronate
What |[GENES| regulate puberty in humans? puberty
What [TUMOR TYPES] are found in zebrafish? zebrafish
Which [PATHWAYS| are mediated by CD44? CD44

While incorporating prior knowledge can alleviate the challenges of lexical variant and
diversified aspects problems, the biomedical domain faces an additional issue of multiple

out-of-vocabulary terminology representations. This situation can be represented as:
!/ vl v2 V1 V2
E] ={e3', e, ...,ext er? .}

where v indicates different representations.

For example, due to varying writing habits among researchers, the entity “TGF-betal”
can be represented as “TGF-betal” and “TGF-51".

Inspired by [91], Break-point and Replacement methods were implemented for further
query expansion. Break-point indicates a specific location in a string where the space can

split the string into two parts. For example, the entity “TGF-betal” with two break-points
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can be transformed to “T'GF-beta 17 and “T'GFbeta-1". On the other hand, Replacement
refers to a substring within a string that can be swapped with another string while preserving
the semantic meaning of the original expression. For instance, the entity “TGF-betal” with
the number “1”7 can be substituted with “TGF-betal”.

In this way, the expanded query is the union of the original entities with all its extended,
diversified aspects, including synonyms, descriptions, and various terminology representations.

The output can be formulated below:
Qexp = 4 U E/ U E; = {tl, €9, 6/2, ceey 612]1, ey €7, 6/7, R 677)1, cery tn}

The Knowledge-based Query Expansion approach offers a sophisticated and tailored
strategy for enhancing the quality and diversity of search results in biomedical IR. By
thoughtfully integrating prior knowledge and addressing the unique characteristics of the
biomedical domain, this approach contributes to a more effective and nuanced retrieval
process. Whether applied to research, clinical practice, or other specialized contexts, the
principles and methods outlined in this section hold promise for advancing the state-of-the-art

in biomedical information retrieval.

4.3 Aspect-based Filter

General Language Models trained on large-scale datasets are often biased toward the training
domain for optimal performance. Consequently, achieving high-quality ranking results in
the biomedical domain without fine-tuning or retraining can be challenging. Intuitively,
if enhancing the performance of the general model proves difficult, filtering out irrelevant
documents can be beneficial, as the remaining documents are more likely to be relevant.
Furthermore, the reduced range of candidate documents results in lower computational and

time costs, making it a practical and efficient solution.
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Leveraging prior knowledge, the expanded query encompasses all highly-related aspects
of the original query. Based on this point, we removed all documents devoid of any aspects
and acquired a smaller set of candidate documents, which are more likely to be relevant to
the query. However, this approach carries risks, as some documents may contain valuable
information that is not explicitly stated and could be mistakenly filtered out. In this case, a
reasonable guess is that the retrieval results will be negatively affected due to the lack of
some relevant documents. To verify the hypothesis, we conduct experiments to determine
whether this concern is necessary or not, and the details of the experiments can be found in
Chapter 6.

General Language Models, particularly those trained on extensive and diverse datasets,
often demonstrate an inclination toward the specific domains present within their training data.
This bias can lead to challenges when attempting to apply these models to specialized fields
such as the biomedical domain, especially without domain-specific fine-tuning or retraining.

One intuitive approach to addressing this challenge is to filter out irrelevant documents
from the candidate set. By focusing on a reduced range of documents that are more likely
to be relevant, this method aims to enhance the quality of the ranking results. Moreover,
limiting the scope of consideration to a smaller set of candidates reduces computational and
time costs, offering a more practical and efficient solution.

The filtering process is guided by expanding the original query to encompass all highly-
related aspects or facets. By identifying and targeting these specific aspects, documents that
do not contain any identified aspects can be excluded from consideration. The remaining
documents, which align more closely with the expanded query, are presumed to have a higher

likelihood of relevance.

Potential Risks Despite its apparent benefits, this filtering approach is not without risks.
Specifically, there may be documents containing implicit or unstated information that is

relevant to the query but not captured by the identified aspects. Such documents could
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be erroneously filtered out, leading to a loss of valuable information. This potential pitfall
raises concerns that the retrieval results might be negatively affected by the absence of these
relevant documents.

A series of experiments are conducted to assess the validity of these concerns and explore
the efficacy of the filtering approach. These experiments are designed to probe the relationship
between the filtering process, the expanded query, and the final ranking results. The objective
is to determine whether the potential drawbacks of the filtering approach are substantiated
in practice and whether the benefits outweigh the risks. The comprehensive details of these
experiments, including results and interpretations, are presented in Chapter 6.

In summary, the described approach represents a strategic attempt to enhance the
performance of General Language Models in the biomedical domain by narrowing the focus
to a more relevant subset of documents. While promising in theory, the approach must be
carefully implemented and evaluated to ensure it does not inadvertently exclude pertinent
information. The experimental analysis serves as a critical component in this process,

providing empirical insights into the method’s effectiveness and potential limitations.

4.4 Two-stage Ranking

In a two-stage IR system, the initial ranking plays a critical role, as the performance of the
final result heavily depends on it. Many works concern efficiency, using traditional retrieval
algorithms such as BM25 to obtain initial ranking results and then applying fine-tuned pre-
trained Language Models for re-ranking to improve accuracy [52, 92|. Since the Aspect-based
Filter can narrow the scope of documents and enhance retrieval efficiency, we utilize the
general Language Model in the initial ranking to maximize its capabilities.

The general Language Model generates embeddings for the query and the document,
and the ranking results of the IR system are obtained by computing the similarity between

their embeddings. Intuitively, we expect to utilize the semantic understanding ability of the
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Language Model to strengthen retrieval accuracy. For this purpose, our two-stage ranking

approach employs two encoder types: Bi-encoder and Cross-encoder [67].

Bi-encoder and Cross-encoder Bi-encoders and Cross-encoders are methods used in
natural language processing, specifically in transformer-based models like BERT, to encode
text data. They are mainly used in tasks like sentence or document similarity, information
retrieval, and question-answering systems.

A Bi-encoder model processes two inputs independently through a transformer encoder,
then computes the final representations (embeddings) separately. These representations are
usually compared for similarity using dot product or cosine similarity. Bi-encoders are models
that independently encode each piece of text input. They are typically used for tasks where
the relationship between two pieces of text does not depend on each other.

The working process of a Bi-encoder involves the following steps:

1. The input sequences (two pieces of text) are independently passed through the trans-

former encoder.
2. The encoder generates an embedding (vector representation) for each input sequence.

3. The similarity between these embeddings is calculated using a measure like a cosine

similarity or dot product.

Let’s denote the two input sequences as A and B, and their corresponding embeddings as e4
and eg. The similarity is then calculated as follows:

Cosine similarity:
€p - €ER

similarity =
Y Ylealllles]

Dot product:

similarity = e4 - ep
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A Cross-encoder, on the other hand, takes two inputs, combines them into a single input,
and then processes this combined input through the transformer encoder to compute a single
representation that encapsulates information from both inputs. Cross-encoders are models
that encode pieces of text together. They are used when the relationship between two pieces
of text needs to be understood in the context of each other.

The working process of a Cross-encoder involves the following steps:

1. The input sequences (two pieces of text) are combined into a single sequence, often
with a special token (like “[SEP]” in BERT) to indicate the boundary between the two

sequences.
2. This combined sequence is passed through the transformer encoder.

3. The encoder generates a single embedding representing the relationship between the

two inputs.

4. This single embedding is typically passed through a classification layer to compute a

score or category representing the relationship between the inputs.

Let’s denote the combined input sequence as C' and its embedding as ec. If the model is
being used to compute a similarity score, this score is often calculated using a dense layer
with a single output unit:

score =W -ec+b

where W and b are the weights and biases of the dense layer.

Bi-encoders are often used in large-scale information retrieval systems. Each document in
the database can be independently encoded into an embedding, and these embeddings can be
stored for efficient nearest neighbor search. When a new query comes in, it is encoded into
an embedding and compared with the stored embeddings to find the most similar documents.

Cross-encoders can provide more precise results by considering the query and document

relationship. However, they are less efficient because they require combining each query with
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each document and passing this combined input through the model. As a result, they are
often used in a re-ranking step, where the top results from a more efficient method (like a
Bi-encoder or keyword search) are re-ranked for precision.

To strike a balance between effectiveness and efficiency, our two-stage ranking approach
leverages the strengths of these two models. The Bi-encoder is employed in the initial ranking
stage. As the number of initially retrieved documents is much smaller than the original

document set, the efficiency of the Cross-encoder is boosted for the re-ranking stage.

4.5 Diversity-based Score Reweighting

The similarity score in a Language Model-based Information Retrieval system, used to
determine results ranking, can sometimes fall short of accuracy. This inaccuracy is especially
prevalent when general Language Models are applied within a specific domain, and the
quality of the embeddings affects the similarity score. A Diversity-based Score Reweighting
method has been proposed to tackle this challenge, aiming to fine-tune the ranking results by
considering the content’s diversity.

In information retrieval, diversity signifies the extent to which a document encompasses
various aspects of a query. When a query is expanded to include the diversified aspects of the
original query, documents that address a broader spectrum of these aspects are more inclined
to be relevant. The concept of diversity becomes crucial in instances where a query may have
multiple interpretations or require information from several perspectives. The presence of
diverse entities within a document serves as an indicator of its coverage of multiple aspects
related to the query topic. This is then utilized to calculate a diversity score, capturing the
richness and breadth of the content.

The Diversity-based Score Reweighting method is designed to combine the similarity score
with the diversity score. By linearly combining these two metrics, the method seeks to enrich

the ranking results, optimizing them through a delicate balance of weights. The ranking
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results undergo continuous refinement, and after each ranking stage, they are re-sorted
according to the combined score. This iterative process aims to ensure that the final ranked
list provides a comprehensive and well-rounded response to the query, enhancing relevance
and coverage.

Mathematically, the reweighting process can be expressed through the formulation:

Se=aC-V+(1—a)S

where V denotes the diversity, symbolized by the number of unique entities within a document,
and S symbolizes the similarity score about a specific query. The reweighted score, S,., is
controlled by two hyperparameters: a modulates the balance between diversity and similarity
score; ( is designed to manage the weight of diversity.

The integration of diversity into the ranking mechanism acknowledges the multifaceted
nature of queries and the importance of providing a well-rounded response. This approach
not only improves the relevance of the retrieved documents but also enhances the robustness
of the IR system, particularly when dealing with complex queries or specialized domains.
By considering both similarity and diversity, the proposed method offers a more nuanced
and adaptive way to rank documents, paving the way for more intelligent and context-aware

information retrieval systems.
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Chapter 5

Experimental Settings

5.1 Datasets

Experiments were conducted on public biomedical information retrieval datasets, specifically
the TREC 2006 & 2007 Genomics Track (TREC-GENO) [93, 94]. These datasets are part
of the Text REtrieval Conference (TREC) series and have been instrumental in promoting
research in information retrieval. Utilizing these datasets leveraged the challenges and
benchmarks within the genomics domain, allowing for evaluating and comparing various

information retrieval techniques and models.

TREC-GENO TREC Genomics represents a specialized track within the TREC, targeted
at the unique and complex challenges associated with the field of genomics. As a branch of
molecular biology, genomics centers on the comprehensive study of genomes, encompassing
the structure, function, evolution, and mapping of the entire genetic material within a cell or
organism.

The initiation of the TREC Genomics Track responded to an emergent demand for
advanced text retrieval and information extraction techniques within genomics. The rapid

growth in biological data necessitated the development of refined tools to enable scientists to
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manage, interpret, and assess this wealth of information.

In 2006, the challenges posed by the track included navigating the intricacy of biological
terminology, resolving ambiguity in gene names, and accommodating the requirement to
retrieve information at various levels of granularity, such as passages, documents, and aspects.
The same document collection was retained in the subsequent 2007 Genomics Track, but
modifications were made to the relevance criteria and evaluation methodologies. The emphasis
continued to be on retrieving pertinent information across multiple dimensions, reflecting the
diverse and multifaceted information needs inherent to the field of genomics.

The TREC-GENO document collection consists of a full-text biomedical corpus containing
162,259 documents from 49 genomics-related journals indexed by MEDLINE. The dataset
includes 64 official topics from the biomedical domain, which were used as queries for
evaluation. These topics are divided into 28 specific and 36 abstract categories, reflecting
various aspects of genomics research. The official topics were manually crafted by biomedical
domain experts and are presented in a question-answering format, thereby providing a realistic

and challenging testbed for information retrieval methods in genomics.

Query Examples The queries are manually constructed by biomedical domain experts in
a question-answering format, providing an authentic and complex challenge for information

retrieval systems. Some examples include:
e Specific Queries:

— What is the role of IDE in Alzheimer’s disease?

— How does Nurr-77 delete T cells before they migrate to the spleen or lymph nodes

and how does this impact autoimmunity?

— What is the role of Transforming growth factor-betal (TGF-betal) in cerebral
amyloid angiopathy (CAA)?
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e Abstract Queries:

— What [BIOLOGICAL SUBSTANCES| have been used to measure toxicity in

response to zoledronic acid?

— What [CELL OR TISSUE TYPES] express receptor binding sites for vasoactive
intestinal peptide (VIP) on their cell surface?

— What [GENES| when altered in the host genome improve solubility of heterolo-

gously expressed proteins?

Reasons for Selection TREC-GENO is chosen as the dataset for the experiments due to

several distinct attributes:

e Challenging Environment: The lack of annotations and the limited number of
queries with corresponding ground truth create a demanding environment for fine-

tuning pre-trained Language Models.

e Query Diversity: The inclusion of two different query types (specific and abstract)
adds complexity and variability to the dataset, influencing the application and evaluation

of the proposed methods.

e Standardized Evaluation: The availability of official assessment metrics allows for
consistent and standardized evaluation, particularly at the aspect level, aligning with

the multidimensional information needs of genomics research.

Overall, the TREC-GENO dataset provides a comprehensive and rigorous testbed for
information retrieval methods, reflecting the real-world challenges and intricacies of the
genomics domain. Its diverse set of queries, ranging from specific questions to abstract
concepts, facilitates in-depth analysis of the performance and capabilities of the retrieval

system.
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5.2 Evaluation Metrics

Within TREC Genomics 2006 and 2007, four distinct types of MAPs were assessed: Passage
MAP, Passage2 MAP, Document MAP, and Aspect MAP. All of them are based on the Mean
Average Precision (MAP) metric.

Mean Average Precision Mean Average Precision (MAP) is a widely used metric in
Information Retrieval for evaluating the effectiveness of retrieval systems. It provides a
single-figure measure of quality across recall levels.

In the context of IR, precision is the proportion of retrieved documents that are relevant,
and recall is the proportion of relevant documents that are retrieved. Average Precision (AP)
is the average of the precision values obtained for each relevant document retrieved up to the
position of that document in the ranked list.

For example, if a system retrieves five documents, where the 1st and 4th documents are
relevant, then the AP is (1/1 +2/4)/2 = 0.75. The denominator is the total number of
relevant documents, and the numerator is the sum of the precision at each point a relevant
document is retrieved.

MAP is the mean (average) of the AP values for all queries or all users. It provides an
overall measure of the effectiveness of a retrieval system across all queries or users. MAP is
particularly useful when the relevant documents for each query are known, as in the case of
benchmark datasets used in IR research.

One of the advantages of MAP is that it takes into account both the precision and recall
of the retrieval system, and it also considers the ranking of the retrieved documents. A higher
MAP value indicates a more effective retrieval system. However, one limitation of MAP is
that it assumes all relevant documents are equally relevant, which may not be accurate in

practice.

76



5.2 EVALUATION METRICS

TREC-GENO Official Metrics

e Document MAP: It is a classical measure used to gauge the effectiveness of an
information retrieval system at the document level. It computes the mean average
precision across all retrieved documents, providing a comprehensive view of the system’s
performance. This measure considers each document as a whole unit. It is useful in
scenarios where the relevance of information is evaluated at the document level, such

as in document classification or ranking tasks.

e Aspect MAP: It is employed to evaluate the effectiveness of an information retrieval
system in retrieving different aspects or facets of the information needed. An aspect
can be perceived as a unique piece of information related to a query. For instance, for
a query about a disease, different aspects could include symptoms, causes, treatments,
etc. The Aspect MAP calculates the mean average precision across all aspects, thus
offering a measure of the system’s capacity to retrieve a diverse range of information
related to the query. This is particularly beneficial in complex information needs where

multiple pieces of information are required to address the query comprehensively.

e Passage MAP: It is used to evaluate the effectiveness of an information retrieval
system at the passage level. A passage refers to a specific document subsection, such as
a paragraph or a set of contiguous sentences. The Passage MAP calculates the mean
average precision across all retrieved passages, providing a detailed view of the system’s
performance. This measure is handy when relevant information is embedded within

specific sections of documents rather than distributed across the entire document.

e Passage2 MAP: It is a variant of the Passage MAP. Instead of treating each passage
as an individual unit, the Passage2 MAP considers each character within a passage as
a separate document. This method offers an even finer level of granularity, enabling

thorough analysis of the system’s precision at the character level. Such precision can
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be crucial in tasks such as named entity recognition or other intricate information

extraction tasks.

For easy distinction, the TREC-GENO was considered as two sub-task sets based on
query types: Specific and Abstract. In addition, the NDCG metric was employed as an

additional evaluation criterion to verify our methods from multiple perspectives.

Normalized Discounted Cumulative Gain Normalized Discounted Cumulative Gain
(NDCG) is a popular metric used in Information Retrieval to evaluate the effectiveness of
ranking systems, especially when the relevance of retrieved documents is graded (i.e., not
binary).

The “gain” in NDCG refers to the relevance of a retrieved document. The “discounted”
part implies that this gain is reduced logarithmically proportional to the position of the
result. This means that highly relevant documents appearing lower in a search result list
are penalized compared to those appearing higher. The “cumulative” part means the metric
considers the entire list of retrieved documents up to a certain rank position.

The formula for DCG (Discounted Cumulative Gain) at a position p in the ranked list is:

P rel; P rel;
DCG, = ; gyl £1) it ; logy(i + 1)
where rel; is the relevance of the result at position .

However, DCG values depend on the actual number of relevant documents and can vary
across different queries or users. To make the metric more robust and comparable across
different queries or users, DCG is often normalized by the Ideal DCG (IDCG), which is the
DCG value of the ideal (i.e., best possible) ranking. This gives us the NDCG:

NDCG, = DCG,/IDCG,
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NDCG values range from 0 to 1, with 1 being the best possible value. NDCG is particularly
useful when the relevance of documents is a graded measure (e.g., on a scale from 1 to 3),
rather than a binary measure (relevant or not relevant). It is widely used in fields like web
search, recommender systems, and other ranking problems where the position of a relevant

item in the ranked list matters.

Statistical Significances Statistical significances are tested by the two-tailed t-test with

a significance level of 0.05.

5.3 Settings

A key component of the two-stage IR framework is the establishment of appropriate baselines
for comparison and evaluation. Several models and methods are selected to provide a

comprehensive understanding of the system’s performance:

e General Language Models: BERT and RoBERTa are used as the Bi-encoder
models for the initial ranking phase. These general language models provide a broad
understanding of semantic relationships and serve as a standard against which other

models can be compared.

e Domain-Specific Models: BioBERT and Clinical BERT are included as additional
Bi-encoder models for the initial ranking phase. Pre-trained on domain-specific data,
these models are selected to investigate the potential benefits of specialized training in

the biomedical context.

e Re-ranking with SentenceBERT: SentenceBERT (SBERT) is used as the re-ranker
model in the second stage of the framework. Its pre-trained Cross-encoder model allows

for efficient re-ranking, potentially enhancing the precision of the retrieval results.
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e Traditional Retrieval Methods: The official TREC-GENO runs, including the Min,
Median, Mean, and Max results (excluding the Min results in our experiments), are
adopted as extra baselines. This allows for comparing the proposed language-model-
based retrieval system and conventional retrieval approaches, thereby providing insights

into the relative strengths and weaknesses of different methodologies.

By combining general language models, domain-specific models, and traditional retrieval
methods, the baselines provide a multi-faceted perspective on the performance of the proposed
two-stage IR framework. This comprehensive comparison ensures that the evaluation captures
various aspects of retrieval effectiveness, offering valuable insights for further refinement and

optimization of the system.

Implementation Details The experiments were carried out on Compute Canada’s Cedar
cluster, leveraging an NVIDIA P100 Volta GPU and three cores of the Intel E5-2650 v4
Broadwell CPU clocked at 2.2GHz.

The implementation of the framework involves a two-stage process: initial search and
re-ranking. During the initial search, the top 2000 documents are extracted from the corpus
based on their reweighting scores with respect to the given query. In the subsequent re-ranking
process, these documents are further refined, and the top 1000 are retained as the final result.
This two-step procedure allows for efficiently narrowing down relevant documents while
ensuring that the diversity aspect is properly considered.

The selection of hyperparameters is a critical aspect of this approach, necessitating a
careful balance to ensure that both semantic and diversity scores are appropriately weighted.
The hyperparameter « plays a pivotal role in balancing the semantic and diversity scores, and
it is confined to values between 0 and 1. A value close to 0 emphasizes the semantic score,
while a value close to 1 puts more weight on the diversity score. The other hyperparameter,
(, is used to control the weight assigned to the diversity score. It is also confined to the range

between 0 and 1. A large value of { could potentially overpower the semantic score, rendering
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it meaningless. Therefore, careful tuning of ( is necessary to maintain the harmony between
the two scores.

The hyperparameters were set to « = 0.2 and ¢ = 0.5 in the conducted experiments.
This particular configuration was found to yield the best performance within the framework,
achieving an optimal balance between semantic relevance and diversity.

It is important to note that the choice of hyperparameters may vary depending on
the specific nature of the corpus, queries, and the intended application of the retrieval
system. Therefore, while the mentioned values provide a starting point, fine-tuning and

experimentation might be required to adapt the method to different scenarios or domains.
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Chapter 6

Experimental Results and Analysis

6.1 Experimental Results

Table 6.2 presents the results of our approach under the official evaluation metrics. Our
approach achieves the best results on both the TREC-GENO Specific and the TREC-GENO
Abstract. Without fine-tuning, neither general Language Models (BERT and RoBERTa)
nor domain-specific models (BioBERT and Clinical BERT) can deliver good results on
the new dataset. Their performance is even worse than traditional information retrieval
methods. Pre-trained Language Models tend to overfit to their training domain, resulting
in decreased performance on downstream tasks when the target domain significantly differs.
This also demonstrates that even BioBERT and Clinical BERT, pre-trained on biomedical
data, struggle with tasks beyond their training data due to the complexity of the biomedical
domain. Currently, no large-scale annotated biomedical datasets are available to train a
highly generalizable Language Model, which confirms our approach’s feasibility.

The proposed framework demonstrates significant improvements in both the Document
MAP and the Aspect MAP, aligning with our expectations. Our proposed methods primarily

focus on enhancing the queries’ document relevance and aspect diversity. Simultaneously,
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Table 6.1: Comparison between the candidate relevant documents screened by the Aspect-
based Filter and the ground truth relevant documents in the Gold Standard.

TREC-GENO | Gold Standard | Filter | Accuracy
Specific 997 973 0.9759
Abstract 2490 2323 | 0.9329

improvements in document matching also benefit passage matching. Our framework shows
a substantial improvement in Passage-level MAP compared to the baseline model but still
falls short of the best traditional retrieval method. This gap is acceptable since we did not
specifically optimize passage matching in this thesis.

On the other hand, all two-stage search results outperform their single-stage counterparts
only marginally. This suggests that although the two-stage approach can provide improve-
ments, the overall effectiveness is limited by the accuracy of the initial ranking produced
by the Language Models. However, the performance of different Language Models in the
initial ranking varies considerably. As a general Language Model, we can see that BERT
outperforms the domain-specific model Clinical BERT in all metrics in Table 6.2. Language
Model-based IR systems heavily rely on the quality of generated embeddings, and the strength
of the semantic understanding ability determines the performance of the ranking results. Our
experiments show that these models struggle with the domain transfer problem for biomedical
IR tasks. Nevertheless, our DPK-GLM framework successfully mitigates this issue without

requiring fine-tuning.
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Table 6.3 presents the performance of our framework in terms of the NDCG metric.
Similar to Table 6.2, our framework significantly outperforms the baselines. Notably, our
approach performs better on the TREC-GENO Abstract than the TREC-GENO Specific
under the NDCG metric. In addition, as shown in Table 6.2, our best approach, DPK-
GLM-RoBERTa+SBERT, achieves a remarkably higher Aspect MAP on the Abstract task
compared to the best traditional retrieval method. However, this phenomenon is not observed
in the Specific task. It suggests that pre-trained Language Models are more likely to capture
abstract semantic information but struggle with understanding specific terms that they have
not learned before. Even though the model’s training data may not include biomedical
terms, such as the gene “T'GF-betal”, the model can easily learn common terms like GENE,
MUTATION, and CELL. This learning ability is well-reflected in the TREC-GENO Abstract.

Through Table 6.1, we can address the hypothesis raised earlier: Will filtering out some
valuable documents affect the results? By comparing the relevant documents in the filtered
candidate documents with the ground truth, we can see that only a small portion of relevant
documents was missed after filtering, which indicates that our Filter has a good performance.
In addition, the quality of candidate documents in the Abstract is lower than that in the
Specific, which is attributed to the difficulty in extracting relevant entities from an abstract
query. Nevertheless, when considering the experimental results of Table 6.2 and Table 6.3,
even with the absence of a small number of relevant documents, our method can still achieve

good results.
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6.2 Ablation Study

To further investigate the effectiveness of our approach, we conducted an ablation study on
the TREC-GENO dataset. The Knowledge-based Query Expansion method, the Aspect-
based Filter, and the Diversity-based Score Reweighting method from the framework are
independently removed, and the results are compared with the full framework.

Table 6.4 shows the results of the ablation study. The results reveal that the Knowledge-
based Filter plays a crucial role in the ranking framework. Without the Knowledge-based
Filter, the performance of our approach drops notably. This observation provides an alternative
perspective on why filtering out some valuable documents does not significantly impact
search results negatively. More than the filtered documents, the limited ability of general
Language Models to capture domain-specific semantics poses the most practical challenge
to search efficiency, leading to document retrieval failures. Our framework leverages prior
knowledge to narrow the text scope and increase the likelihood of finding relevant documents.
As the experimental results demonstrate, our method mitigates the insufficient semantic
understanding abilities of general Language Models in the biomedical domain.

An interesting observation from our ablation study is that our method improved perfor-
mance when the Knowledge-based Query Expansion was removed. It suggests that Query
Expansion might have a negative impact on the IR system’s performance. This finding
aligns with the phenomenon observed in the TREC-GENO Abstract, where an abstract
query is more conducive to retrieval systems finding relevant documents. Entities from
prior knowledge bases may not have appeared in the general Language Model training data,
potentially leading to the model misunderstanding the query. We refer to this phenomenon
as “topic redundancy”. An expanded query containing too many overly specific topics may
result in inaccurate search results or a small number of returned results. Therefore, when
constructing a query, it is crucial to avoid overly specific topics and instead select broader

topics to obtain more comprehensive and accurate results.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

Deep learning models have undeniably changed the Information Retrieval (IR) field, introduc-
ing innovative techniques and methodologies that have significantly enhanced the efficiency
and accuracy of search systems. By leveraging complex neural network architectures, deep
learning models have enabled the extraction of intricate patterns and relationships within
data, leading to more accurate and context-aware retrieval results.

However, as we have explored, these models are not without their challenges. The need for
extensive labeled data, computational resources, and careful hyperparameter tuning can pose
barriers to their implementation. The lack of interpretability and challenges in transferability
across different domains or tasks further complicate their application in diverse IR scenarios.

This thesis introduces a novel framework, DPK-GLM, designed to address these challenges
and improve the effectiveness of general Language Models in biomedical IR. The proposed
framework leverages domain knowledge and incorporates a series of strategic steps to enhance
retrieval.

In the first stage, DPK-GLM employs a Knowledge-based Query Expansion method.
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Using prior knowledge from biomedical databases such as MeSH, UMLS, and NCBI, queries
are enriched with domain-specific entities. This expansion enables the model to recognize
more diverse and intricate relationships within the query, making it more responsive to the
multifaceted nature of biomedical research questions.

Next, the framework introduces an Aspect-based Filter to remove documents that are
irrelevant to the query. This focused filtering process ensures that only documents with a
high likelihood of relevance are retained, reducing computational costs and increasing the
precision of the search results.

The final component of DPK-GLM is the Diversity-based Score Reweighting method.
This approach re-sorts the initial ranking results by linearly combining diversity and similarity
scores. The resulting ranking reflects both the semantic relationship between the query and
the documents and the diverse aspects covered by the documents. By balancing these two
dimensions, the model provides a more comprehensive response to the query.

DPK-GLM was evaluated using popular models like BERT and RoBERTa on the public
biomedical IR dataset, TREC-GENO. The results demonstrate a significant improvement in
retrieval performance, validating the framework’s effectiveness. The innovative combination
of query expansion, filtering, and reweighting techniques proved to be a powerful strategy for
addressing the unique challenges of biomedical IR.

The proposed DPK-GLM framework represents a feasible strategy in applying general
Language Models to biomedical IR. Integrating domain-specific knowledge and employing a
multi-stage approach successfully navigates the complexities of biomedical queries, providing
more accurate and relevant results. While deep learning models have brought unprecedented
capabilities to the field of IR, the DPK-GLM framework illustrates that there is still room

for innovation and refinement, especially in specialized domains.
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7.2 Future work

Future work may explore further optimizations and applications of this framework, potentially
extending its benefits to other datasets and specialized fields. A particular area of interest
could be fine-tuning the Knowledge-based Query Expansion to avoid topic redundancy
and ensure that expanded queries maintain relevance and accuracy. There could also be
opportunities for enhancing the Aspect-based Filter by exploring hybrid filtering approaches
or alternative methods that might lead to more precise document selection.

An interesting extension might be adapting DPK-GLM for domains like legal studies, which
struggle with similar complexities in queries and domain-specific knowledge. Furthermore, as
Generative Al and models like GPT-4 and Med-PaLM gain traction, their compatibility with
DPK-GLM could be an avenue worth treading. Techniques like contrastive learning could be
integrated to improve the model’s ability to distinguish between similar yet different concepts,
adding a layer of refinement to the query results [95|. Reinforcement learning approaches
might enable the system to adapt and optimize its performance over time, learning from user
interactions and feedback [96]. The use of Graph Neural Networks (GNNs) could help in
capturing the complex relationships between legal or medical terms and concepts, enhancing
the search capabilities. Another promising direction could be the exploration of our method
on new datasets like TREC-PM [97] and MedQuAD [98|, which would provide valuable
insights into the system’s adaptability and effectiveness across different medical sub-domains.
Incorporating the ICD disease classification code could also add another layer of specificity
to the searches. Automated mechanisms for annotations can further streamline the labeling
process, making the framework more accessible.

Lastly, assessing DPK-GLM'’s scalability for larger datasets and its potential optimizations
can lead to a more resource-efficient model apt for real-world implementations. The continued
exploration in these directions could make search engines more intelligent and user-centered,

contributing to the ongoing innovation in the field of IR, especially in specialized domains.
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Appendix B

TREC Genomics 2006 Queries

Table B.1: The TREC Genomics 2006 Queries (TREC-GENO Specific)

ID | Query

160 | What is the role of PrnP in mad cow disease?

161 | What is the role of IDE in Alzheimer’s disease

162 | What is the role of MMS?2 in cancer?

163 | What is the role of APC (adenomatous polyposis coli) in colon cancer?

164 | What is the role of Nurr-77 in Parkinson’s disease?

165 | How do Cathepsin D (CTSD) and apolipoprotein E (ApoE) interactions contribute
to Alzheimer’s disease?

166 | What is the role of Transforming growth factor-betal (TGF-betal) in cerebral
amyloid angiopathy (CAA)?

167 | How does nucleoside diphosphate kinase (NM23) contribute to tumor progression?

168 | How does BARD1 regulate BRCA1 activity?

169 | How does APC (adenomatous polyposis coli) protein affect actin assembly

170 | How does COP2 contribute to CFTR export from the endoplasmic reticulum?
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171

172
173
174
175
176
177
178

179
180
181
182
183
184
185
186
187

How does Nurr-77 delete T cells before they migrate to the spleen or lymph nodes
and how does this impact autoimmunity?

How does p53 affect apoptosis?

How do alpha7 nicotinic receptor subunits affect ethanol metabolism?

How does BRCA1 ubiquitinating activity contribute to cancer?

How does L2 interact with L1 to form HPV11 viral capsids?

How does Sec61-mediated CFTR degradation contribute to cystic fibrosis?

How do Bop-Pes interactions affect cell growth?

How do interactions between insulin-like GFs and the insulin receptor affect skin
biology?

How do interactions between HNF4 and COUP-TF'1 suppress liver function?

How do Ret-GDNF interactions affect liver development?

How do mutations in the Huntingtin gene affect Huntington’s disease?

How do mutations in Sonic Hedgehog genes affect developmental disorders?

How do mutations in the NM23 gene affect tracheal development?

How do mutations in the Pes gene affect cell growth?

How do mutations in the hypocretin receptor 2 gene affect narcolepsy?

How do mutations in the Presenilin-1 gene affect Alzheimer’s disease?

How do familial hemiplegic migraine type 1 (FHM1) gene mutations affect calcium

ion influx in hippocampal neurons?
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TREC Genomics 2007 Queries

Table C.1: The TREC Genomics 2007 Queries (TREC-GENO Abstract)

ID | Query

200 | What serum [PROTEINS] change expression in association with high disease activity
in lupus?

201 | What [MUTATIONS] in the Raf gene are associated with cancer?

202 | What [DRUGS] are associated with lysosomal abnormalities in the nervous system?

203 | What [CELL OR TISSUE TYPES]| express receptor binding sites for vasoactive
intestinal peptide (VIP) on their cell surface?

204 | What nervous system [CELL OR TISSUE TYPES] synthesize neurosteroids in the
brain?

205 | What [SIGNS OR SYMPTOMS]| of anxiety disorder are related to coronary artery
disease?

206 | What [TOXICITIES] are associated with zoledronic acid?

207 | What [TOXICITIES] are associated with etidronate?
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208

209

210
211
212
213
214
215
216
217

218
219
220

221
222
223
224
225
226
227
228

What [BIOLOGICAL SUBSTANCES] have been used to measure toxicity in response
to zoledronic acid?

What [BIOLOGICAL SUBSTANCES] have been used to measure toxicity in response
to etidronate?

What [MOLECULAR FUNCTIONS] are attributed to glycan modification?

What [ANTIBODIES]| have been used to detect protein PSD-957

What [GENES] are involved in insect segmentation?

What |[GENES] are involved in Drosophila neuroblast development?

What [GENES] are involved axon guidance in C.elegans?

What [PROTEINS] are involved in actin polymerization in smooth muscle?

What [GENES] regulate puberty in humans?

What [PROTEINS] in rats perform functions different from those of their human
homologs?

What [GENES] are implicated in regulating alcohol preference?

In what [DISEASES]| of brain development do centrosomal genes play a role?
What [PROTEINS]| are involved in the activation or recognition mechanism for
PmrD?

Which [PATHWAYS] are mediated by CD44?

What [MOLECULAR FUNCTIONS] is LITAF involved in?

Which anaerobic bacterial [STRAINS]| are resistant to Vancomycin?

What [GENES] are involved in the melanogenesis of human lung cancers?

What [BIOLOGICAL SUBSTANCES] induce clpQ expression?

What [PROTEINS| make up the murine signal recognition particle?

What [GENES] are induced by LPS in diabetic mice?

What |[GENES| when altered in the host genome improve solubility of heterologously

expressed proteins?
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229
230
231
232
233
234
235

What [SIGNS OR SYMPTOMS| are caused by human parvovirus infection?
What [PATHWAYS]| are involved in Ewing’s sarcoma?

What [TUMOR TYPES] are found in zebrafish?

What [DRUGS] inhibit HIV type 1 infection?

What viral [GENES] affect membrane fusion during HIV infection?

What |[GENES| make up the NFkappaB signaling pathway?

Which [GENES]| involved in NFkappaB signaling regulate iNOS?
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Samples of The TREC Genomics Dataset

<html>

<body>

<H2>

John Snow and Modern-Day Environmental Epidemiology

</H2>

<STRONG>

</NOBR><NOBR>Dale P. Sandler<SUP></SUP></NOBR>

</STRONG><P>

<FONT SIZE=-1>

From the Epidemiology Branch, National Institute of Environmental Health Sciences, P.0. Box 12233&#151;Mail Drop A3-05, 111 T. W. Alexander Drive,
Research Triangle Park, NC 27709.

</FONT><P>

What does an anecdote about John Snow have to do with modern-day<SUP> </SUP>epidemiology? And why use it to introduce an issue of the <I>Journal</I
><SUP> </SUP>highlighting the challenges of studying disease risks associated<SUP> </SUP>with low dose environmental exposures?<SUP> </SUP><P
>

In this issue, Lilienfeld describes John Snow giving expert-witness<SUP> </SUP>testimony on behalf of industry (1<A HREF="#B1"><IMG BORDER=1 WIDTH
=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>). Besides being interesting<SUP> </SUP>on a historical basis, this incident raises several issues that<SUP> </SUP>
are pertinent today. Lilienfeld’s paper and the accompanying<SUP> </SUP>commentary by Vandenbroucke (2<A HREF="#B2"><IMG BORDER=1 WIDTH=8
HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>) deal directly or indirectly<SUP> </SUP>with the role and responsibilities of expert witnesses, the<SUP> </SUP>
extrapolation of data on health effects from high dose exposures<SUP> </SUP>to low dose exposures, the importance of epidemiology to the<SUP>

</SUP>development of public health policy, the current debates on<SUP> </SUP>environmental justice (3<A HREF="#B3"><IMG BORDER=1 WIDTH=8
HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>), and the use of the precautionary<SUP> </SUP>principle (4<A HREF="#B4"><IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>) in standard-setting. Furthermore, if faced with<SUP> </SUP>an issue similar to that faced by Snow&#151;namely,
local residents’<SUP> </SUP>being worried about health consequences associated with emanations<SUP> </SUP>from factories&#151;would modern-
day environmental epidemiologists<SUP> </SUP>be any better positioned to carry out appropriate studies and<SUP> </SUP>reach sound conclusions
?<SUP> </SUP><P>

Snow can be seen at once as victim and perpetrator of sins that<SUP> </SUP>are common in epidemiology in general and in environmental epidemiology<
SUP> </SUP>in particular. Was Snow victimized by the medical establishment,<SUP> </SUP>including <I>The Lancet</I>, for expressing views that

were not commonly<SUP> </SUP>held by the scientists of the day? Were his peers outraged because<SUP> </SUP>of the reactionary social
position he was taking (as suggested<SUP> </SUP>by Vandenbroucke)? On the other hand, was he as guilty as proponents<SUP> </SUP>of the miasma

theory for trying to apply his theory of disease<SUP> </SUP>transmission to all situations without allowing for the possibility<SUP> </SUP>
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of multiple disease pathways? Did he fall into the trap of equating<SUP> </SUP>the absence of data with an absence of effect?<SUP> </SUP><P>
When Snow contended that emanations from the bone-boiling factories<SUP> </SUP>were not causing ill health in the community at large, he invoked<
SUP> </SUP>arguments that are often raised when unexpected health effects<SUP> </SUP>are encountered following supposed low dose exposures.
One argument<SUP> </SUP>is that such health effects are implausible given what we know<SUP> </SUP>about high dose exposures. In this instance
, Snow noted that<SUP> </SUP>the factory workers were not dying and therefore health effects<SUP> </SUP>in the community at large were not
plausible. A related argument<SUP> </SUP>is that, even if workers are dying or suffering other health<SUP> </SUP>effects, because of the
distance from the exposure source, the<SUP> </SUP>exposure levels in the community are probably too low to plausibly<SUP> </SUP>affect health
.<SUP> </SUP><P>
Health effects of low dose exposures are often seen as implausible,<SUP> </SUP>even in the face of accumulated consistent evidence. Such arguments<
SUP> </SUP>have frequently been invoked in environmental epidemiology.<SUP> </SUP>Examples of low dose exposures that have been deemed
implausible<SUP> </SUP>contributors to disease risk based on what is known about high<SUP> </SUP>dose exposures include passive smoking,
residential radon exposure,<SUP> </SUP>childhood lead exposure, electromagnetic fields, and residence<SUP> </SUP>near nuclear facilities. If
one begins with a fixed idea of<SUP> </SUP>what is plausible, arguments regarding susceptible subgroups,<SUP> </SUP>inverse dose rate,
hormesis, multiple pathways, multifactor<SUP> </SUP>etiologies, and complex exposures (e.g., the different constituents<SUP> </SUP>of
sidestream and mainstream smoke) are untenable.<SUP> </SUP><P>
But how do we know that the factory workers were not dying or<SUP> </SUP>suffering other ill effects? Snow cited no studies. All too<SUP> </SUP>
often the absence of data is argued as proof of no effect. This<SUP> </SUP>issue becomes especially difficult when regulatory decisions<SUP>
</SUP>are being made. In the absence of evidence, can something be<SUP> </SUP>considered safe? While science is important, it is ultimately<
SUP> </SUP>social forces, as much as science, that guide regulators in<SUP> </SUP>decision-making.<SUP> </SUP><P>
Snow’s statements and the questions that were put to him call<SUP> </SUP>to mind some of the fundamental difficulties inherent in environmental<SUP
> </SUP>epidemiology. Today, there are numerous examples of residents<SUP> </SUP>who live near potential environmental hazards claiming
health<SUP> </SUP>effects that can never be proven beyond a reasonable doubt.<SUP> </SUP>Although the "gold standard" is an unbiased risk
estimate with<SUP> </SUP>precise confidence limits, studies focused on overt health effects<SUP> </SUP>are invariably underpowered because of
the small numbers of<SUP> </SUP>residents in the neighborhoods of interest. Other creative approaches<SUP> </SUP>to assessment of
subclinical health effects are more costly<SUP> </SUP>and difficult to implement, but even these studies are often<SUP> </SUP>too small for
conclusive results. Yet, what is the right thing<SUP> </SUP>to do? If we wait for strong scientific evidence before we act&#151;if<SUP> </SUP
>we require proof that workers are dying or evidence of overt<SUP> </SUP>illness in the community&#151;have we waited too long? Few<SUP> </
SUP>clusters are ever resolved with the identification of a causal<SUP> </SUP>link between some localized exposure and disease. While many<
SUP> </SUP>apparent clusters may be artifacts, what is the real cost of<SUP> </SUP>the true hazards that cannot be proven? These were the
issues<SUP> </SUP>facing Parliament when Snow testified on behalf of industry.<SUP> </SUP><P>
What is the role of the epidemiologist in this quagmire? In<SUP> </SUP>Snow’s London, the living conditions of people near the factories<SUP> </SUP
>were likely to have been dismal. There were no doubt residents<SUP> </SUP>who perceived their symptoms as being related to the smells&#151;
smells<SUP> </SUP>that, if nothing else, impacted the quality of life. Policy-makers<SUP> </SUP>must balance "doing the right thing" with
regard to human suffering<SUP> </SUP>and quality of life with the financial costs of doing so. Epidemiology<SUP> </SUP>can only go so far in
providing the answers.<SUP> </SUP><P>
It is this political and social tug-of-war that makes environmental<SUP> </SUP>epidemiology especially difficult. On the one hand, there are<SUP> <
/SUP>well&#151;funded industries with a financial stake in the outcome<SUP> </SUP>of such research. As Vandenbroucke notes (2<A HREF="#B2"><
IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"
SRC="/icons/fig-down.gif"></A>), these industries<SUP> </SUP>often are in a position to exploit the many weaknesses that<SUP> </SUP>epidemiologists
are trained to identify in their own studies<SUP> </SUP>and in the work of others to cast potentially damaging results<SUP> </SUP>in a more
favorable light. On the other hand, there are environmental<SUP> </SUP>groups committed to proving that a particular environmental<SUP> </SUP
>exposure can be linked to a variety of personal complaints;<SUP> </SUP>these groups may be motivated by the possibility of effecting<SUP> </
SUP>social change through science or by the prospect of receiving<SUP> </SUP>needed medical attention or financial compensation. Those who<
SUP> </SUP>attempt to work in this arena often find themselves and their<SUP> </SUP>research attacked from all directions.<SUP> </SUP><P>
Environmental epidemiology is difficult to conduct today for<SUP> </SUP>other reasons as well. Adequate tools with which to measure<SUP> </SUP>and
quantify exposures are lacking. Studies are often unable<SUP> </SUP>to detect meaningful effects because exposures are low, infrequent,<SUP>
</SUP>or difficult to measure with certainty. How many investigators<SUP> </SUP>are willing to tackle this problem? In the case of the bone-
boiling<SUP> </SUP>factories, would research linking questionnaire data on symptoms<SUP> </SUP>to factory releases be believed? Would a study
relating distance<SUP> </SUP>from the factory to disease be sufficient evidence of effect?<SUP> </SUP>What health effects would be plausible
based on known biologic<SUP> </SUP>mechanisms? How well could those effects be measured, and could<SUP> </SUP>they be measured objectively?
Is there a biomarker of exposure?<SUP> </SUP>If a biomarker exists, does it measure relevant past exposures?<SUP> </SUP>Is the measure
unaffected by current health status&#151;particularly<SUP> </SUP>the disease under study?<SUP> </SUP><P>
In addition to Lilienfeld’s historical report and Vandenbroucke’s<SUP> </SUP>commentary, this issue of the <I>Journal</I> features papers that

illustrate<SUP> </SUP>various aspects of the difficulties faced in studying health<SUP> </SUP>effects of envirommental exposures. Several of
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these include<SUP> </SUP>innovative attempts to improve the quality of such research.<SUP> </SUP><P>
The paper by Viel et al. (5<A HREF="#B5"><IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"
SRC="/icons/fig-down.gif"></A>) may come closest to what many may<SUP> </SUP>think of as environmental epidemiology. The authors have examined<SUP>
</SUP>the spatial distribution of soft tissue sarcomas and non-Hodgkin’s<SUP> </SUP>lymphomas around an incinerator with high dioxin
emissions.<SUP> </SUP>Their results are suggestive but need to be followed by studies<SUP> </SUP>incorporating more rigorous exposure
assessment&#151;perhaps<SUP> </SUP>a biologic measure of exposure such as that used in the study<SUP> </SUP>of polychlorinated biphenyls and
breast cancer reported by Zheng<SUP> </SUP>et al. (6<A HREF="#B6"><IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>). Other studies described in this issue used a variety<SUP> </SUP>of approaches to exposure assessment. Rondeau et
al. (7<A HREF="#B7"><IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>) linked<SUP> </SUP>estimates of levels of aluminum and silica in drinking water<SUP> </SUP>to risks of dementia and
Alzheimer’s disease. Laden et al. (8<A HREF="#B8"><IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>)<SUP> </SUP>used questionnaire data on use of electric blankets to estimate<SUP> </SUP>exposure to electromagnetic
fields, and Gustavsson et al. (9<A HREF="#B9"><IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>)<SUP> </SUP>used questionnaire data and expert assessment by industrial<SUP> </SUP>hygienists to classify
environmental and occupational exposures.<SUP> </SUP>Radiation workers are one of the few groups for which historical<SUP> </SUP>records of
personal exposure typically are available. Dupree-E11is<SUP> </SUP>et al. (10<A HREF="#B10"><IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>) took advantage of such records to estimate cumulative<SUP> </SUP>external radiation exposure.<SUP> </SUP><P>

Several of the papers evaluate methods for assessing exposure.<SUP> </SUP>For example, Oglesby et al. (11<A HREF="#B11"><IMG BORDER=1 WIDTH=8
HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>) average individual-level annoyance<SUP> </SUP>scores to estimate community-level exposure to air pollution.<SUP> </
SUP>The authors propose that this measure better accounts for exposure<SUP> </SUP>variability than data from fixed-site monitoring stationms.
This<SUP> </SUP>is an interesting twist in a field where much work is based<SUP> </SUP>on linking data from monitoring stations with
population-level<SUP> </SUP>mortality statistics. The measure seems to be easy to operationalize,<SUP> </SUP>and it correlates well with
monitoring station data, although<SUP> </SUP>its ultimate utility may be limited. The real gold standard&#151;a<SUP> </SUP>more precise
direct measure of individual exposure, rather than<SUP> </SUP>another indirect measure&#151;is what is needed. Hwang et al.<SUP> </SUP>(12<A
HREF="#B12"><IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>) propose an alternative modeling approach whereby air pollution<SUP> </SUP>monitoring station data are used to
ascribe exposures to individuals<SUP> </SUP>with and without school absences due to respiratory disease.<SUP> </SUP>Auvinen et al. (13<A HREF
="#B13"><IMG BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>) compare several possible methods for measuring<SUP> </SUP>and classifying exposure to electromagnetic fields. This
is<SUP> </SUP>a topic that has been hurt by the lack of consensus on the best<SUP> </SUP>and most appropriate exposure measure, and results
tend to vary<SUP> </SUP>for studies employing different exposure metrics. The paper<SUP> </SUP>by Karagas et al. (14<A HREF="#B14"><IMG
BORDER=1 WIDTH=8 HEIGHT=7 ALT="Go"

SRC="/icons/fig-down.gif"></A>) attempts to link a biologic measure,<SUP> </SUP>arsenic in toenails, with an environmental measure of arsenic<SUP>
</SUP>in water. The toenail measure is likely to reflect total body<SUP> </SUP>burden, but it appears to correlate with water only when water
<SUP> </SUP>levels are high. This presents an interesting regulatory dilemma.<SUP> </SUP>The best epidemiologic research may be based on a
direct measure<SUP> </SUP>of body burden such as levels in toenails, whereas it is water<SUP> </SUP>levels that need to be regulated. Studies

of toenail arsenic<SUP> </SUP>levels may not shed direct light on the link between water levels<SUP> </SUP>and disease.<SUP> </SUP><P>

As these papers demonstrate, technological advances are making<SUP> </SUP>possible a wide range of new study designs and strategies to<SUP> </SUP>
better assess both exposures and outcomes. Although progress<SUP> </SUP>has been made, research in environmental epidemiology is far<SUP> </
SUP>from perfect. As epidemiologists face pressures and criticisms<SUP> </SUP>from industry, regulatory bodies, and other scientific
disciplines,<SUP> </SUP>it is important to not lose sight of the lessons from John Snow.<SUP> </SUP><P>

<FONT SIZE=+1><STRONG>NOTES</STRONG></FONT><P>

<A NAME=""><!-- null --></A>
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<P>It is increasingly apparent that the individual metabolic processes

responsible for the maintenance of the normal physiological<SUP> </SUP>state are
highly integrated, complex, and multifaceted events.<SUP> </SUP>Because of the
inherent difficulties in understanding the interrelationships<SUP> </SUP>between
these processes, the precise molecular mechanisms are<SUP> </SUP>often difficult

to solve. Occasionally, a situation arises where<SUP> </SUP>a debate on a

particular issue ensues as either a series of papers,<SUP> </SUP>letters to the
editor, or both. This discussion can be scientifically<SUP> </SUP>stimulating,
providing a means to expand upon different points<SUP> </SUP>of view. However, in
certain circumstances this debate becomes<SUP> </SUP>prolonged, without any clear
resolution or development of new<SUP> </SUP>approaches to address the experimental
differences and/or conclusions<SUP> </SUP>drawn. To resolve such a debate, perhaps
to broaden the discussion,<SUP> </SUP>or to further stimulate interest in an
important area, the <I>American<SUP> </SUP>Journal of Physiology: Endocrinology

and Metabolism</I> is establishing<SUP> </SUP>a new venue for this type of<SUP> </SUP>discourse.
</P>

<P>When an Editor identifies an important area of controversy that both

merits and needs a thorough analysis of this type, the<SUP> </SUP>Editor will
initially invite a discussion of the topic by an individual<SUP> </SUP>or group of
investigators to provide an impartial and careful<SUP> </SUP>analysis of the
problem. This <font size=-1>INVITED DISCUSSION</font> may undergo some<SUP> </SUP>external
review and will then be published as the first part of<SUP> </SUP>the Physiology
Forum. The Editor can then encourage further discussion<SUP> </SUP>of the topic by
inviting additional <font size=-1>COMMENTARY</font> from the investigators<SUP> </SUP>directly involved in the original debate as well as other

concerned<SUP> </SUP>investigators. The commentaries should focus on the published<SUP> </SUP><font size=-1>INVITED DISCUSSION</font> and
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other relevant papers, thereby
adding depth<SUP> </SUP>to the debate. These manuscripts will be published in a
subsequent<SUP> </SUP>issue of the Journal in the Physiology Forum under the
heading<SUP> </SUP>of <font size=-1>COMMENTARY.</font> We hope that this additional format
will provide<SUP> </SUP>an open forum for the pursuit of difficult discussions
that may<SUP> </SUP>point a way toward the resolution of an apparently intractable<SUP> </SUP>problem.
</pP>
<P>The first of this series concerns the important issue of the
measurement of gluconeogenesis in vivo. Specifically, over the<SUP> </SUP>past
several years a great deal of controversy has arisen over<SUP> </SUP>the data and
interpretation based upon the use of [U-<SUP>13</SUP>Clglucose as a
tracer. This method has recently been discussed<SUP> </SUP>by both Drs. John Tayek
and Joseph Katz and Dr. Bernard Landau<SUP> </SUP>and his colleagues. Both groups
of investigators have introduced<SUP> </SUP>formulas for the determination of
gluconeogenic rates based upon<SUP> </SUP>the analysis of glucose and lactate
isotopomers derived from [U-<SUP>13</SUP>Clglucose. These analyses
substantially differ from each other<SUP> </SUP>in their estimates and from
physiologically expected results.<SUP> </SUP>To address these issues, we have
solicited the first <font size=-1>INVITED DISCUSSION</font><SUP> </SUP>from Drs. Jerry
Radziuk and Paul Lee. In the following issue,<SUP> </SUP>we will publish separate
commentaries from Dr. Joanne Kelleher,<SUP> </SUP>Drs. Katz and Tayek, and Dr.
Landau. We hope that this new publication<SUP> </SUP>venue will encourage
investigators in other areas to make use<SUP> </SUP>of the Physiology Forum to

discuss difficult and complex experimental<SUP> </SUP>issues.

</P>
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