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ABSTRACT

Document classification is essential in domains such as healthcare and education, en-

compassing three major steps: annotation, training accurate models, and evaluation. Each

of these steps is labor-intensive and time-consuming, requiring substantial amounts of la-

beled data, which is both costly and resource-demanding. This dissertation addresses these

challenges by presenting innovative methodologies to enhance annotation efficiency, model

training in low-resource settings, and automated scoring.

In the healthcare domain, we tackle the challenges of annotation and training with lim-

ited resources. First, we develop a visualization approach for rapid labeling of clinical

notes for smoking status extraction. The annotation process is labor-intensive and time-

consuming; thus, we introduce a tool that accelerates annotation by clustering similar sen-

tences and highlighting important keywords. This reduces the cognitive load on annotators,

resulting in faster and more efficient labeling.

Next, we address the problem of training accurate classifiers in low-resource settings

with limited labeled data. In our first approach, MERIT (Minimal Supervision Through La-

bel Augmentation for Biomedical Relation Extraction), we propose using shortest depen-

dency path (SDP) representation and specific distance thresholds to propagate labels and

augment high-quality labeled data. This method improves classifier accuracy compared to

using limited labeled data alone. We extend this in our second approach by developing

an iterative algorithm to learn automatic thresholds for label propagation. This method is

tested in various scenarios, including semi-supervised learning, supervised learning, and

in-context learning, demonstrating significant improvements in model performance.

In the education domain, we focus on the problem of assessing narratives generated by

school-aged children, a task that is both expensive and time-consuming for teachers. We
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leverage large language models (LLMs) to learn the scoring patterns of teachers accurately,

offering a reliable tool for automated narrative scoring. This approach reduces the subjec-

tivity and resource requirements of manual scoring, providing a scalable and consistent

alternative.

Experimental results across these methodologies demonstrate their effectiveness in im-

proving annotation speed, data utilization, and model accuracy. This dissertation con-

tributes to advancing document classification in low-resource settings, offering practical

solutions for critical tasks in healthcare and education.
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CHAPTER 1

INTRODUCTION

Text document classification plays a crucial role in various domains, including health-

care and education, due to its significance in information extraction and analysis. This task

involves categorizing text documents into predefined classes or assigning labels to different

elements within the documents. The importance of text document classification is evident

in applications such as relation extraction in the biomedical domain, smoking status extrac-

tion from medical reports, and automating narrative scoring for school-aged children.

In the biomedical domain, relation extraction involves identifying and classifying the

relationships between pairs of entities in biomedical text. This task is instrumental in ex-

tracting valuable information from scientific articles and clinical records. For example, it

enables the identification of drug-disease associations or protein-protein interactions. In

healthcare, smoking status extraction from medical reports is a critical task that assists in

understanding patient health conditions and tailoring personalized interventions. By accu-

rately classifying smoking status, healthcare providers can better assess patient risk factors

and design appropriate treatment plans.

In the education domain, automating the scoring of narrative samples generated by

school-aged children is of significant importance. Manual evaluation of these narratives by

teachers is time-consuming and subject to human subjectivity. By automating this process,

using advanced natural language processing techniques, the assessment of language com-

plexity in different aspects, such as emotion, ending, and character development, can be

conducted efficiently and consistently.

However, developing supervised machine learning models for text document classifi-

cation faces several challenges. The first challenge is the high cost associated with human

annotation. The process of manually labeling large volumes of data requires substantial
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effort and resources, particularly when domain expertise is required. Moreover, special-

ized domains often suffer from limited labeled data, making it challenging to train accurate

models. The scarcity of labeled data, coupled with the need for expert labeling in certain

cases, poses a significant obstacle in developing effective supervised learning models for

text document classification.

To address these challenges, this research proposal presents innovative approaches for

efficient document classification. Firstly, in the context of smoking status extraction from

medical reports, we tackle the issue of human annotation cost by developing a user interface

that utilizes visual features. This interface reduces the cognitive load on human annotators,

accelerates the annotation process, and enables the collection of a larger volume of labeled

data. Consequently, more powerful machine learning models can be trained using this

augmented dataset.

Secondly, in the domain of relation extraction from biomedical text, where limited la-

beled data exists, we propose a label augmentation approach. By carefully propagating

labels to unlabeled data points, we can increase the size of the labeled dataset. This aug-

mentation process allows for more comprehensive training and improves the performance

of supervised learning models.

Lastly, we aim to automate the narrative scoring process for school-aged children by

leveraging GPT, a state-of-the-art language model, through fine-tuning and in-context learn-

ing. Our experiments demonstrate the effectiveness of GPT models in low-resource set-

tings, utilizing chain-of-thought prompting with only five examples. Additionally, we

showcase fine-tuning in data-rich scenarios to further enhance performance. These ap-

proaches collectively enable the development of an automated scoring system that mini-

mizes the need for expert manual evaluation, significantly reducing time and effort while

maintaining high accuracy and reliability.

This research proposal is organized as follows. First, we conduct a comprehensive liter-

ature review in each sub-domain, highlighting the importance and applications of smoking
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status extraction, relation extraction, and narrative analysis. This review sets the founda-

tion for our proposed methods. Subsequently, we delve into the details of each method,

addressing the challenges discussed earlier and providing a thorough explanation of the

proposed approaches.

Through this research, we aim to contribute to the advancement of text document clas-

sification techniques in healthcare and education. By addressing the challenges of limited

labeled data and high human annotation costs, we strive to develop efficient and accurate

models for information extraction and language analysis.

1.1 Organization

The remainder of this dissertation is organized as follows. Chapter 2 presents a compre-

hensive literature review. Chapter 3 addresses the challenge of reducing annotation costs

in smoking status extraction by introducing a visualization approach for rapid labeling.

Chapter 4 introduces MERIT, focusing on the use of Shortest Dependency Path (SDP) rep-

resentations for efficient label propagation in low-resource biomedical relation extraction.

Chapter 5 builds upon MERIT by developing an iterative framework for adaptive thresh-

old learning, enhancing label propagation accuracy, and expanding the application of SDP-

based fine-tuning with soft labeling . Chapter 6 explores the capabilities of Large Language

Models (LLMs) in narrative assessment, demonstrating their effectiveness in scoring com-

plex narrative elements. Finally, Chapter 7 concludes the dissertation and outlines potential

directions for future research.
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CHAPTER 2

RELATED WORKS

2.1 Smoking Status Extraction

Extracting smoking status of patients from Electronic Health Records [EHR] has been

crucial in clinical settings, and especially useful to healthcare providers to select the best

care plan for patients at risk of smoking-related diseases. Rajendran & Topaloglu (2020) in-

vestigates the application of three Deep Learning models on EHR data to extract the smok-

ing status of patients. Authors compare their approach with traditional machine learning

models on both binaries (Smoker vs Non-Smoker) and multi-class classification (Current

Smoker vs. Former Smoker vs. Non-smoker) tasks. Wang et al. (2016) extracts smoking

status from three different sources such as narrative texts, patient-provided information,

and diagnosis codes. They conclude that narrative text proves to be the most useful source

for smoking status extraction. Palmer et al. (2019); Hegde et al. (2018) develop rule-based

algorithms to determine tobacco use by patients. Palmer et al. (2019) further identify the

cessation date and smoking intensity of patients. Common for the aforementioned work

on smoking status extraction is a need to label sentences and train an appropriate machine

learning model. None of those papers discuss issues related to labeling nor attempt to

reduce labeling costs.

A common approach to annotate a large amount of data is through crowdsourcing Fang

et al. (2014); Good & Su (2013); Lim et al. (2020). It has been used in variety of tasks

such as Image Classification Fang et al. (2014), Bioinformatics Good & Su (2013), and

Text mining Li et al. (2020). Although crowdsourcing is a cost-effective way to collect

labeled data, it can still be costly when the required labeling effort is significant. Moreover,

when using imperfect annotators with varying levels of expertise, it is important to develop

appropriate label integration approaches Settles (2011). Beyond the crowdsourcing issues,
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one popular approach to reduce labeling costs is to apply Active Learning and label only

the most informative examples Fang et al. (2014).

More recently, Human-In-the-Loop [HIL] approaches were proposed to improve the

efficiency of annotation Klie et al. (2020); Kim & Pardo (2018). Kim & Pardo (2018)

present a HIL system for sound event detection, which directs the annotator’s attention to

the most promising regions of an audio clip for labeling. Klie et al. (2020) apply a similar

technique on Entity Linking [EL] task, in which the machine learning component makes

recommendations about the most relevant entries in a knowledge base, and the annotator

selects the correct candidate. The recommender improves itself based on the obtained feed-

back. In addition, Qian et al. (2020) present an interface for entity normalization annotation

in which they measure the number of clicks in a tool to quantify the human effort.

While many papers attempt to minimize labeling effort, a vast majority of them are mea-

suring the effort by counting the number of labeled examples. There are very few papers

Zhang et al. (2019) that measure labeling effort in terms of elapsed time. The uniqueness

of our work is in demonstrating that annotation speed can be significantly impacted by

the way data is presented to an annotator. Furthermore, our work is specific in its focus

on an extreme labeling scenario where the task is to label the complete corpus in order to

maximize the prediction accuracy.

2.2 Low-Resource Relation Extraction

There are several major approaches to dealing with small labeled datasets in low-

resource relation extraction (RE). These approaches include active learning, weak super-

vision Mintz et al. (2009), and semi-supervised learning Ouali et al. (2020). The main

assumption in all those approaches is large quantities of unlabeled data exists. Active

Learning aims to minimize the cost of collecting labeled data by carefully selecting the
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most informative samples from unlabeled data to be labeled by human annotators Hanneke

(2009); Ouali et al. (2020).

In weak supervision, techniques such as heuristics or rules are used to generate noisy

labels on unlabeled data. The goal is to train a model that can generalize to new examples.

Mintz et al. (2009) proposed a distant supervision method where two entities co-occurring

in a sentence are labeled with their relations from a knowledge base, regardless of their

context. Qu et al. (2018) and Zhou et al. (2020) generated labeling rules from the tokens

between entity pairs using different strategies. Qu et al. (2018) used the tokens on the

shortest dependency path of an entity, while Zhou et al. (2020) used sequences of tokens

(frequent phrases) between entity pairs. Ratner et al. (2020) introduced an approach where

experts write labeling rules and a model is trained to resolve disagreements among the

rules, reducing labeling noise.

Semi-supervised learning (SSL) is another approach that utilizes both a small amount of

labeled data and a larger amount of unlabeled data Ouali et al. (2020). SSL methods, such

as self-training Rosenberg et al. (2005) and graph-based approaches Zhu & Ghahramani

(2002); Chen et al. (2006), leverage the unlabeled data to refine the model’s understanding

of the data and improve its performance.

Label propagation (LP) is a popular graph-based SSL method that propagates labels

from labeled nodes to unlabeled nodes based on their similarity Zhu & Ghahramani (2002);

Chen et al. (2006). LP does not depend on a predictor and uses an adjacency matrix to rep-

resent the relationships between nodes. The nodes correspond to the data points, and an

n ˆ n adjacency matrix T represents the weight between any two nodes, which is calcu-

lated based on any distance metric. Let Y be a n ˆ C corresponds to the scores for each

node, where C is the probability distribution over classes. The algorithm converges to an

optimal solution by iteratively computing Y Ð TY . Chen et al. (2006) applied LP to

semi-supervised RE using lexical and syntactic features between entity pairs. However, the
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choice of features and dynamic feature transformation in LP algorithms remains an open

research question.

In contrast, predictor-based SSL approaches such as self-training and dual training uti-

lize the predictions of a predictor to provide weak supervision Ouali et al. (2020). Self-

training expands weak labels iteratively based on the predictor’s predictions, while dual

training incorporates a retrieval model to retrieve additional pseudo-labeled data for a given

relation label Lin et al. (2019).

These approaches introduce labeling noise and still require expert knowledge or manual

annotation. Furthermore, the quality of imputed labels in SSL methods can be low when

the labeled dataset is small. Additionally, the choice of distance metrics and neighborhood

thresholds in graph-based SSL methods affects their performance.

To address the challenges mentioned above, we propose leveraging the labeled data

itself and employing an appropriate distance-based representation to measure the similarity

between labeled and unlabeled data points.

2.3 Narrative Analysis and Scoring

Given the value of narratives, several researchers have investigated methods to increase

the efficiency of scoring narratives Silva (1999). Some researchers applied rule-based mea-

surements Hsu & Thompson (2018) and human evaluation Khalpada & Garg (2021) to

evaluate generated narratives. In oral narrative field, researchers investigated the validity

of children’s story retell and narrative comprehension assessment Gillon et al. (2023) for

educational benefits.

Inspired by the technical knowledge Ramesh & Sanampudi (2022); Susanti et al. (2023)

in Automated essay scoring (AES), researchers began to analyze narratives using machine

learning and deep learning methods Ranade et al. (2022). Automated narrative analysis

tends to evaluate the quality of narrations from different rubrics Fox et al. (2022). Sim-
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ilar to AES, most automated narrative analysis can be finalized as a scoring task, which

could be either regression or classification task. Researchers used random forest to train a

supervised classifier to predict the quality of narratives Somasundaran et al. (2015). Convo-

lutional Neural Networks (CNNs) LeCun et al. (2015) and Gated Recurrent Units (GRUs)

Dey & Salem (2017) have been implemented to score essays Tashu et al. (2022) as a regres-

sion task. Moreover, a transformer-based model, BERT Devlin et al. (2018), was used to

improve the performance of scoring narrations Jones et al. (2019); Fernandez et al. (2022)

based on Test of Narrative Language (TNL) Gillam & Pearson (2004b) and Monitoring In-

dicators of Scholarly Language (MISL) Gillam et al. (2017), which are standard assessment

tools for evaluating and tracking macro-structure features of narratives.

The recent development of large language models (LLMs), such like GPT-3 and Instruct-

GPT Brown et al. (2020); Ouyang et al. (2022), have shown promising results across nu-

merous natural language processing (NLP) tasks. Multiple investigations have explored

the issue of contextual biases in generative models, such as GPT-3, during narrative for-

mation Lucy & Bamman (2021). In addition, researchers have employed GPT-3 for essay

grading under diverse evaluation criteria by supplying instructional prompts to the model

Mizumoto & Eguchi (2023a). Despite these achievements, no studies have yet focused on

applying LLMs for automated narrative analysis.
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CHAPTER 3

A VISUALIZATION APPROACH FOR RAPID LABELING OF CLINICAL
NOTES FOR SMOKING STATUS EXTRACTION

3.1 Introduction

Deep learning algorithms achieve state-of-the-art accuracy on a range of natural lan-

guage processing tasks. However, to achieve high accuracy, deep learning algorithms

typically require a lot of labeled data. In extremely error-sensitive applications, such as

those in the medical domain, the trade-off between labeling effort and prediction accuracy

is strongly skewed towards maximizing the accuracy. In such applications, data labeling

arises as the most costly and human-intensive step during the development of deep learn-

ing models. In this paper, we focus on a scenario where the requirement is to label all

available data because the goal is to maximize the accuracy using the available corpus of

documents. In such a scenario, none of the labeling shortcuts developed in the machine

learning community such as active learning are of much help on their own.

Our focus is on presenting textual information to human annotators in a way that mini-

mizes their cognitive load, thus improving their focus, and maximizes their labeling speed,

thus reducing the cost of labeling. Our proposed visualization approach is fine-tuned to

enable text labeling in the specific application where the objective is to extract informa-

tion about smoking status of patients from their medical notes. Smoking status of patients

is critical information in many practical applications, ranging from recruiting participants

in clinical trials to determining medical and life insurance premiums for prospective cus-

tomers.

Smoking status extraction is a specific instance of information extraction problems. Our

visualization approach relies on several key observations about this particular type of prob-

lem. We first observed that smoking status could typically be extracted from sentences that
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contain one of the smoking keywords such as smoke, smoking, tobacco, nicotine. Thus, our

first step was to extract from the corpus only sentences containing one of those keywords.

Our second observation was that smoking status can typically be deduced from several

words surrounding the keyword. Thus, it might be possible to prune very long sentences

to sub-sentences surrounding the keyword without loss of information. This observation

allows reserving only a single line to display each relevant sentence.

Our third observation is that the space of possible smoking-related sentences occurring

in clinical notes is relatively limited and that for any smoking-related sentence there are

likely very similar sentences in the corpus. We hypothesized that displaying similar sen-

tences next to each other would allow human annotators to process the text much faster

than if sentences are shown in random order. Our fourth observation is that some common

discriminative keywords reveal the smoking status, such as denies, quit, former, packs. We

hypothesized that highlighting those keywords in the text could allow a human annotator

to work faster.

Our final observation was that by training a predictive model on the currently available

labels, even when the number of available labels is relatively small, would likely result in

prediction accuracy that is significantly higher than a baseline that assigns labels randomly

or based on the majority class labels. Thus, providing labels obtained by the current pre-

diction model would allow a human annotator to skip the correctly labeled sentences and

only enter the labels for the incorrectly labeled ones. As the number of labels increases, the

prediction model’s accuracy is expected to improve, reducing the effort required to correct

labels and thereby enhancing labeling speed.

The resulting visualization approach developed by exploiting the stated observations is

illustrated in Figure 3.1. A panel at the top shows 7 randomly selected smoking-related sen-

tences from our corpus. A panel at the bottom shows the same sentences displayed using

our approach. The main features of our visualization approach are (1) sentence ordering,

(2) sentence centering around the smoking keyword, (3) text annotation to emphasize dis-
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criminative keywords, and (4) displaying of the predicted labels. We are claiming, and our

user study (described in Section 3.3) confirms it, that the bottom panel makes it much easier

and faster for a human annotator to label a large corpus of smoking related sentences for

the smoking status of a patient.

Figure 3.1. An illustration of the proposed sequence visualization approach for rapid
labeling. The predicted labels for each sentence are shown inside the yellow boxes. where
N refers to Non-Smoker, F to Former Smoker, and S to Smoker. Only the 5th sentence in
the bottom panel is misclassified by the current prediction model and has to be overwritten
by a human annotator.

To produce the bottom panel in Figure 3.1, we had to decide (1) what are the smoking

keywords, (2) what keywords are discriminative of the smoking status, (3) how to order

the sentences, (4) how to provide predicted labels, (5) what to do during the cold start

when no or very few sentences are labeled, and (6) how to implement the visualization

approach. Details about the proposed approach are provided in Section 3.2. In Section

3.3 we describe the experimental design, explain our user study, and provide experimental

results that convincingly indicate the usefulness of the proposed approach.
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3.2 Methodology

Problem Definition: Given a document corpus D representing clinical notes of patients

from which a set of N unlabeled smoking-related sentences S1, S2, ..., SN is extracted, the

goal is to ask human annotators to label all N sentences for smoking status. There are 4

types of labels: Smoker (S), Non-Smoker (N), Former Smoker (F), and Other (O), where

Others refer to sentences that do not reveal the smoking status.

In this section, we describe a visualization approach that improves human annotation

speed. The main components of the approach are sequence ordering, label prediction, and

text visualization. The details are explained in the following subsections.

3.2.1 Ordering

Our goal is to order sentences in a computationally-efficient manner by combining clus-

tering and alignment algorithms. We use clustering to find groups of similar sequences that

will subsequently be ordered with help of an alignment algorithm.

In order to cluster sentences, we rely on their vector embeddings. In particular, we

use sequence embeddings of the pre-trained BERT model Devlin et al. (2019). K-Means

Clustering, whose computational cost is OpNq as implemented by Pedregosa et al. (2011),

is used to find k clusters, where k is selected such that the average cluster size is limited to

a specified size.

Sentences in each cluster are then ordered, such that neighboring sentences are per-

ceived by a human annotator to be as similar as possible. Rather than ordering sentences

based on BERT embeddings, we instead resort to sequence alignment distance, which we

hypothesize are closer to human perception of similarity. In particular, we apply Needle-

man–Wunsch algorithm [NWA] 1 Needleman & Wunsch (1970), which is a dynamic pro-

gramming algorithm that finds a similarity score between a pair of sentences in OpL2q time,

1 http://emboss.sourceforge.net/docs/embosstutorial{node3.html
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where L is the length of a sentence, For each cluster, we create a pairwise score matrix,

Score, of size Nc ˆ Nc, where Nc is the number of sequences within the cluster c.

To find the order of the sentences in each cluster, we apply the following greedy algo-

rithm. It starts by selecting the first sentence at random. The next sentence is its nearest

neighbor, according to Score matrix. The process continues by adding the nearest neigh-

bors of previous sentences.

3.2.2 Sentence Visualization

Once the sentences are sorted, our next objective is to display them in a way that re-

duces the cognitive load of a human annotator. Our first idea is to center the sequences

around smoking-related keywords such as Smoke, Smoking, Tobacco, Nicotine. We find

those keywords by applying word2vec Mikolov et al. (2013) to our document corpus D

and by finding neighbors of word Smoke in the resulting embedding. Then, we manually

select neighbors that are indicative of smoking-related sentences.

According to the maximum screen width, we align the sentences such that the smoking

keyword appears in the middle of the screen. In addition, we fill the empty spaces before

the sentence starts with dashes (-) to improve readability.

Our labeling approach proceeds in batches. After selecting the first batch of M unla-

beled sentences at random (in our experiments we use M “ 200), we do not display any

predicted labels and orders. After we obtain labels for the first batch, we train a baseline

machine learning model such as logistic regression using the bag of words representation

(in our experiments we used the most frequent 500 non-stop words). Then, we analyze

the statistical significance of the logistic regression weights and select K words associated

with the most significant weights as discriminative words such as cigarette, denies, quit,

former, packs.
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We select the second batch of unlabeled sentences at random, order them, and dis-

play them centered with the discriminative words in bold red font to improve readability.

In addition, we display the predicted labels by the logistic regression next to the ordered

sentences.

Rather than building a specialized sentence visualization and annotation tool, we use

MS Excel2. Each sentence occupies one row in the Excel spreadsheet, where the first

column is reserved for prediction labels, and the second column is reserved for the centered

annotated sentences. An advantage of Excel is that it enables the use of the built-in cell drag

feature to quickly change annotations of neighboring sentences. In addition, we use Courier

as the font format, since it is a monospaced font type. The monospaced font displays

each character or letter in the same amount of horizontal space. As a result, it makes the

alignment and centering precise.

We continue selecting batches, labeling them, and retraining the prediction models.

Once the number of labels becomes sufficiently large (1, 000 in our experiments) we replace

logistic regression with deep learning. We also allow for the batches to become larger over

time.

3.3 Experimental Design

We performed our experiments using 52,726 discharge notes from the MIMIC-III dataset

Johnson et al. (2016), which contains de-identified records of the Beth Israel Deaconess

Medical Center’s Intensive Unit emergency department patients from 2001 to 2012.

We defined smoking-related keywords by selecting keyword smoke and its selected

word2vec nearest neighbors. We collected 26 unique keywords. Using those keywords, we

found 34,149 unique matching sentences.

2 https://www.microsoft.com/en-us/microsoft-365/excel

14



Table 3.1. The annotation results in Round 1 and 2. The experiments are conducted in the
same order as the numbers indicate. Each group contains 200 sentences. Unordered refers
to the baseline, and Ordered is our visualization approach.

Groups & Settings User 1
(mins)

User 2
(mins)

Rate
User 1
(Sent/min)

Rate
User 2
(Sent/min)

Total
rate
(Sent/min)

Round 1

Batch1 (Unordered) 27 19 7 10 17

Round 2

Batch1 (Unordered) 19 17 10 11 21
Batch2 (Ordered) 12 11 16 17 33
Batch3 (Ordered) 11 9 17 21 38
Batch4 (Unordered) 16 16 12 12 24

Table 3.2. The results for Round 3. The experiments are conducted in the same order as
the numbers indicate. Each Group contains 500 samples. The labels for these experiments
are provided by fine-tuned Clinical BERT model. Unordered refers to the baseline, and
Ordered is our visualization approach.

Groups and Settings User 1
(mins)

User 2
(mins)

Rate
User 1
(Sent/min)

Rate
User 2
(Sent/min)

Total
rate
(Sent/min)

Batch1 (Unordered) 40 35 12 14 26
Batch2 (Ordered) 23 23 21 21 42
Batch3 (Ordered) 19 20 26 24 50
Batch4 (Unordered) 34 34 14 14 28

3.3.1 Results

We evaluate the effectiveness of our proposed approach in three different rounds of

labeling. We performed a user study with 2 human annotators (the first two co-authors

of this paper) to measure labeling time in each of the 3 rounds of labeling. The total

number of sentences annotated by each user in our experiments was 3,000 sentences each.

In addition, in Section 3.3.2, we performed an ablation study to analyze the impact of

different components of the proposed visualization approach.
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In addition to labeling time, we also report the labeling rate, which is the number of

sentences labeled per minute:

Rate “
# of annotated sequences

elapsed time

In the following subsections, we explain the basics of each baseline method as well as

the experimental design for each round of labeling.

3.3.1.1 Round 1 In this round of the experiment, we select 200 random sentences.

We display them in the same way as it is shown in the upper panel in Figure 3.1. Once we

obtain the labels from the first batch, we train a logistic regression model. The first row of

Table 3.1 shows the annotation details.

3.3.1.2 Round 2 We asked users to annotate 800 sentences in 4 batches. We chose

the Latin square design to proceed as unordered, ordered, ordered, and unordered batches.

We have also use logistic regression model to predict the labels for all the batches. Table

3.1 demonstrates the result of this round.

On average, the annotation rate using our method is 1.9ˆ compared to round 1. Ad-

ditionally, it is 1.5ˆ faster compared to the unordered set in Round 2. By repeating the

annotation task in batches 3 and 4, we can speed up the rate in our method by 15% (from

33 to 38) and in the unordered set by 14% (from 21 to 24).

3.3.1.3 Round 3 We annotated 2,000 sentences in 4 batches, each batch containing

500 sentences. Similar to Round 2, we set up the experiments with the Latin Triangle

mixture design (unordered, ordered, ordered, unordered).

Given the annotated data from Round 1 and 2, we replaced the classifier with a deep

learning algorithm. We use the Clinical BERT, which is pretrained on all the discharge

summary notes in the MIMIC dataset. We split the data into 800 training and 200 for
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testing. The hyperparameters are selected according to Devlin et al. (2019). We set the

batch size to 16, learning rate to 2e´5, maximum sentence length to 200, and fine-tuned it

for 4 epochs. We also experimented with SVM and logistic regression, as shown in Table

3.3.

According to Table 3.2, the annotation rate increased from Round 2 to Round 3 by 29%

(from 35.5 to 46) with our approach. However, it increased by 16% (from 22.5 in Round 2

to 27 in Round 3) using the baseline approach.

Comparing the annotation speed in Round 3, our approach is 1.7ˆ faster than the base-

line (46 compared to 27). Since the size of the batches increased in Round 3, there was more

redundancy in the sentences and our approach was more helpful to the annotators than in

Round 2. In particular, ordering resulted in smoother transitions between sentences, which

contributed to faster human annotation.

Last but not the least, by repeating the labeling task, we expect users to get used to the

data, and therefore, we expected the annotation rate to increase regardless of the visual-

ization approach. Confirming this assumption, users on average got 19% faster with our

method during Round 3 (rate increased from 42 to 50), while they got only 7% faster with

the baseline approach (rate increased from 26 to 28).

Table 3.3. Accuracy of ML classifiers on 4 class types. All the classifiers are trained
to predict 4 classes: Smoker, NonSmoker, Former, and Other. Baseline accuracy is the
fraction of the majority class in the test set. In Round 1, there are 800 training and 200 test
sentences. In Round 2, there are 3,400 training and 600 test sentences.

Model Accuracy
Round 1

Accuracy
Round 2

Baseline 0.35 0.36
Logistic Regression 0.76 0.79
SVM 0.78 0.80
Fine-tuned Clinical BERT 0.78 0.89
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3.3.2 Ablation Study

In this section, we analyze the impact of two components of our system on the final

annotation rate. We asked one of the users to annotate an additional 1,000 sentences. We

split the set into two groups, each group with 500 samples. First, we studied the impact

of centering. Therefore, we aligned all the data to the left and kept the ordering and fea-

ture visualization. Second, we removed the feature visualization component, and kept the

ordering and centering. Table 3.4 shows the results of these two experiments.

Table 3.4. Ablation study on the impact of centering and feature visualization. In the first
row, we do not center the sentences around the smoke keywords. In the second row, we do
not highlight the important features.

Components User 2
(mins)

Rate
User 2
(Sent/min)

No centering 22 22
No coloring 21 23

According to the results for Round 2 in Table 3.2, the highest rate for User 2 was

24 sentences per minute. However, when we removed the centering component, the rate

decreased by 8%, to 22 per minute. In addition, by removing the coloring component, the

rate decreased by 4%, to 23 per minute. The centering component had a stronger impact

on the labeling rate than the coloring component. However, both of the removals reduced

the rate of labeling.

Given the annotated data from the ablation study, and adding all the labeled data from

the first and second rounds, we re-trained all the classifiers on 3,400 training sentences

and used 600 sentences for testing. We observed 15% improvement in the BERT model

accuracy and 3% improvement in the Logistic Regression model accuracy compared to the

models trained on Round data.
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3.4 Conclusion

We presented a visualization approach that enables rapid annotation of sentences for

smoking status of patients. Our framework contains three main components: sentence or-

dering, sentence presentation, and sentence labeling by the prediction model. Our approach

does not depend on high-quality ML predictors to provide initial labels. The display has

a significant impact on speeding up the annotation process. We evaluated our visualiza-

tion approach with a user study on sentences from MIMIC-III discharge summaries. We

achieved close to 3ˆ faster annotation rate compared to the baseline method that displayed

sentences randomly in their original shape. As the annotation progressed, as the batches of

unlabeled sentences became larger, and as the prediction models improved, the annotation

speed kept increasing in our user experiments. The proposed visualization approach is ap-

plicable to similar text classification tasks. It is a topic of further research to study how to

modify the presented approach to make it applicable to a large number of text annotation

tasks in natural language processing.
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CHAPTER 4

MERIT: MINIMAL SUPERVISION THROUGH LABEL AUGMENTATION FOR
BIOMEDICAL RELATION EXTRACTION

4.1 Introduction

Relation Extraction (RE) is defined as classifying a type of relationship between a pair

of entities occurring in a text passage. For example, given the sentence “Ciprofloxacin

has some effect on Pyelonephritis”, we can infer the relation “May Treat” between two

entities Ciprofloxacin and Pyelonephritis, and form a triplet (subject, relation, object).

The extracted triplets from the text can be used for knowledge base population, ques-

tion answering, or information retrieval. Recent advances in Deep Learning allow train-

ing very accurateHassantabar et al. (2021) models Zhou et al. (2021); Lee et al. (2020);

Gupta et al. (2019); Wei et al. (2019); Malekzadeh et al. (2021) when a large amount of

human-annotated training data is available. However, collecting training data is a costly and

human-intensive process. In some specialized domains such as biomedical text, human an-

notation is particularly challenging and costly because it can only be done by biomedical

experts. Therefore, RE training data in the biomedical domain can often be very small and

result in RE models with low accuracy.

Weak or distant labeling is a popular approach for addressing label scarcity issues in

many applications, including RE Krasakis et al. (2018); Boudjellal et al. (2020). Distant

supervision is applied to heuristically align entities to a given knowledge base (KB) with

little annotation effort. However, distant supervision requires KB existence and entity co-

occurrence without taking the underlying context between two entities into account. In

weak labeling, labeling rules are used by string matching to automatically provide labeled-

data Qu et al. (2018); Zhou et al. (2020); Krasakis et al. (2018); Liu (2018); Ratner et al.

(2016, 2020), which are often more efficient than using a KB for distant supervision. How-
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ever, exact string matching limits the generalizability of the rules, and thereafter causes low

coverage of data and labeling noise. To tackle the labeling noise issue, data programming

Ratner et al. (2016, 2020) aims to annotate the corpus by fitting a model to resolve any

disagreements among the rules. Approaches to address the coverage of the labeling rules

include differentiable soft-assignment of the rules to an unlabeled portion of the corpus

Zhou et al. (2020); Ren et al. (2020); Meng et al. (2018). Although these approaches pro-

vide higher coverage of the rules, they still suffer from labeling noise. Moreover, generating

labeling rules is a costly and inexact process and depends on the skill of a user to convert

their knowledge into useful rules. There have been also efforts in reducing annotation costs

in Biomedical domain by proposing a visual interface to accelerate annotationEnayati et al.

(2021) or algorithms to generate semi-structured annotationsKatic et al. (2021). However,

these solutions are less applicable to RE domain.

As an alternative to distant and weak labeling, we propose a simple and efficient ap-

proach, MERIT, to automatically increase the number of labels given a small labeled data

set. Our main observation is that the nearest neighbors of a sentence representing a par-

ticular relation between its entities are likely to Zhu & Ghahramani (2002) represent the

same relation. Thus, given a labeled sentence, we transfer its label to all its neighboring

sentences. An open question to be studied in this paper is what is a good definition of the

neighborhood in the RE task, which requires us to answer what is an appropriate distance

measure and what is an appropriate distance threshold. The benefit of the MERIT is that

it does not require any expert knowledge and that it is very easy to implement and com-

putationally inexpensive. The proposed approach can be combined with other approaches

dealing with data labeling scarcity such as weak labeling and active learning, including

uncertainty-based sampling Seung et al. (1992); Wang et al. (2013, 2015) and clustering-

based samplingNguyen & Smeulders (2004); Wang et al. (2017).

Despite the efforts that have been made in synthetic training data augmentation Pa-

panikolaou & Pierleoni (2020); Hassantabar et al. (2019) and other types of label augmen-
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tation Solmaz et al. (2022), MERIT exploits the unlabeled portion of corpus to augment the

limited available hand-labeled data with high-quality weak labels, which results in a more

accurate RE model. We perform extensive experiments on three benchmark biomedical

relation extraction datasets.

4.2 Task Formulation and Background

Given a sentence si and an entity pair pesubj, eobjq, the task can be transformed to a

classification problem. A classifier can be built to map the relation between subject and

object entities into predefined relation types tR Y NAu, where NA denotes there is no

relation between a pair.

In order to represent the candidate relation pair in an input sequence, we replace the

relevant entity names with their semantic types followed by standard preprocessing step

for RE. “We further show that PROTEIN$ directly interacts with PROTEIN$ and Rpn4.”

is an example of input representation to the RE model.

We fine-tune SciBERT model Beltagy et al. (2019) followed by a linear classification

layer added on top to predict the relation type of a candidate pair. In other words, given

sequence si “ pw1, . . . , wnq, where wi is the i-th token in the sequence, we feed si into the

SciBERT, and retrieve the hidden state representation of the sequence (CLS) along with the

words.

phCLS, h1, . . . , hnq “ SciBERTpw1, . . . , wnq

Where hi is the representation of i-th token into a d dimensional space. As typical with

BERT Devlin et al. (2019), we use hCLS, corresponds to the aggregate representation of a

sequence, as input to classification layer. Then, a softmax layer is added to output labels

for the sentence.
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zi “ softmaxpWhCLSq

Where W is the learnable parameters for linear layer, and zi is the probability vector

assigned to each relation types.

4.3 Methodology

The intuition behind our approach, MERIT, stems from the fact that due to power-law

distribution, a data point xi may have similar features (based on distance-based metrics) to

k other data points Xk “ txju in the corpus, so-called local community. In contrast, there

might be m unsimilar data points due to long-tail distribution, where m " k. The question

that we want to answer is how to maximize the annotation effort provided by an expert who

has a limited labeling budget?

To this end, we hypothesize that if such a local community exists for a data point xi,

we can augment the expert-annotated data by transferring the label of the xi to its whole

community Xk. As a result, we augment the training labels by utilizing expert supervision

to generate high-quality weak labels, which can be further used in boosting the performance

of any supervised RE models.

Figure 4.1. Label augmentation through local community search. The data points annotated
by X denote strong label, while data points highlighted with bold color are the weak labels.
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There are two key parameters in our approach that provide high-quality weak labels:

1) feature representation, and 2) distance threshold. Figure 4.1 illustrates the proposed

approach. It depicts the local community in 2-dimensional space.

There are several choices to encode features by semantic/static-based embeddings De-

vlin et al. (2019); Church (2017) to provide representation for a sequence. However, these

representations are too general and less concerned with the target labels. Ideally, we aim

to generate an embedding that captures a semantic representation which is more correlated

to the target labels. To this end, we apply a dependency parse tree on a sequence to extract

the shortest dependency path (sdp) between two entities. As it has been shown in previous

workLi et al. (2019); Zhang et al. (2018), sdp can boost the performance of RE models and

provide strong hints about the relation between entities.

Let T be a rooted parse tree corresponding to sequence si. Given a pair of entities

pesubj, eobjq, sdp can be defined as a minimum set of tokens that can be reached from esubj

to eobj through the dependency tree T . For example, in the sentence “Chemical caused

a dose-dependent reduction in plasma Gene.”, the terms (caused, reduction) are the sdp

tokens between entities (Chemical, Gene).

In order to integrate the sdp information into the feature space, we take the average em-

bedding of sdp tokens and concatenate them with entity representations based on SciBERT

Beltagy et al. (2019).

hi “ concat

˜

1

k

ÿ

tPsdp

ht, hsubj, hobj

¸

Where hi corresponds to the final representation for sentence si.

The second key decision in our framework is to compute local communities for data

point xi according to the above feature representation. To this end, we consider a threshold

θ, under which the xj cannot be a local community of xi.
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For optimized calculations of local community around each data point, we cluster the

data using the Kmeans clustering algorithm. Since we just search for local communities

around each data point, Kmeans clustering reduces the search space by an order of magni-

tude. Finally, we compute the cosine similarity as the distance metric to identify the local

communities. The equation below demonstrates the corresponding function:

LocCommunitypxi, xjq “

#

xj if distancepxi, xjq ď θ

H otherwise

4.4 Experiments

First, we describe the characteristics of the datasets that we used. Next, we explain the

experimental design. Finally, we discuss the results.

4.4.1 Datasets

We evaluate our approach on three benchmark biomedical RE datasets. The charac-

teristics of these datasets have been shown in Table 4.1. Followed by previous works

Krallinger et al. (2017); Herrero-Zazo et al. (2013), for ChemProt and DDI datasets, we

use the same train, development, and test splits during model development. In addition,

for the PPI dataset, we utilize AIMed corpus Bunescu et al. (2005) and performed 5-fold

cross-validation due to the lack of standard train and test split. ChemProt and DDI tasks

are multi-class classification problems. For ChemProt, there are 6 different relation types

to capture the interaction between chemical and protein. In addition, the DDI contains 5

relations that correspond to the interaction between drugs. The labels for the DDI task are

advice, effect, int, mechanism, and negative. PPI task is a binary classification problem to

extract human protein interactions.
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Table 4.1. Statistics of the dataset used for label augmentation.

Dataset Train Validation Test #relations
ChemProt 18k 11.2k 15.7k 6
DDI 22k 5.5k 5.7k 5
PPI 5.2k - 583 2

4.4.2 Evaluation Metric and Experiment Design

We report standard precision (P), recall (R), and F1-score (F1) for binary classification,

and micro-P, micro-R, and micro-F1 for multi-class classification. The evaluation metrics

are as follows:

P “
TP

TP ` FP
, R “

TP

TP ` FN
, F1 “

2 ¨ P ¨ R

P ` R

For multi-class classification, the TP in micro-P and micro-R are the number of all

positive class (we consider NA type as the negative label). We fine-tuned SciBERT for RE

task. We set maximum the sequence length to 200, batch size to 16, distance similarity

threshold to 0.9, learning rate to 2e-5, and epochs to 10. The remaining hyperparameters

were used as their default values.

4.4.3 Results

We compared the effectiveness of our approach against the random sampling baseline

(RS). To this end, we run experiments for different labeling budget sizes [100, 200, 500] to

acquire expert annotations. In both experiments, we randomly sample from the corpus and

train the RE model on the collected samples. Compared to the RS baseline, MEIRT has the

added benefit of leveraging the weak labels along with the strong labels. This experiment

shows the effectiveness of MERIT as an extension to any supervised RE model. Figure

4.2 demonstrates the significant improvement of our approach over RS baseline. Due to

the random selection, we conduct all the experiments in 3 independent runs and report the
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average performance. The results show that in a scenario that limited annotated data is

available (100), there is no learning for RS baseline model. However, in this setting, our

approach can boost the final performance by ˜0.20 F1 scores compare to RS baseline. In

addition, as we increase the hand-labeled data (up to 500), we still outperform the baseline

by up to 36% increase in the final F1 score. This shows that the weak labels do not damage

the performance in larger budget sizes, but further are very informative to the target task.

Figure 4.2. Comparison of our approach with RS baseline on three benchmarks biomedical
RE datasets.

4.4.4 Ablation Study

To further evaluate the effectiveness of each parameter in our approach, we perform an

ablation study on the impact of distance threshold and feature representations. We conduct

experiment on 200 labeling budget with different threshold values in the range of {0.7,

0.75,0.80, 0.85, 0.9, 0.95} on three datasets. As Figure 4.3 illustrates, as the threshold

decreases to 0.7, we allow more weak labels. This in turn leads to more noise in the labels,

hence damaging the performance. We found that 0.90 is the optimal threshold value for all

three datasets to keep the balance between weak and strong labels, thereby increasing the

performance by up to 0.2 F1 scores. This parameter can be further optimized during the

learning process for future research directions.
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Figure 4.3. The impact of threshold on the final performance. We use 200 labeling budgets
to perform this experiment.

Moreover, we explored the impact of several feature representations in order to cal-

culate the distance function. We performed this experiment on ChemProt dataset with a

labeling budget of 200. We consider the following different choices:

• CLS (L), where L is the final embedding dimension, is an aggregate representation

of the tokens in a sentence

• ent-avg (L), takes the average embedding of the entities in a sentence

• ent-sdp-avg (L), takes the average embedding of the entities and sdp tokens

• ent-concat (2L), concatenates the embedding of entities in a sentence

• ent-words-between (3L), concatenates the embedding of entities along with the av-

erage representation of all the words between two entities

• ent-concat-sdp-avg (3L), concatenates the embedding of entities along with the av-

erage representation of sdp tokens

As it is shown in Figure 4.4, both ent-concat-sdp-avg and ent-sdp-avg representations

outperform non-sdp-based representations. This highlights the fact that sdp provides nec-

essary information for the distance function to combine similar examples in computing the
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local community. The ent-concat-sdp-avg representation increases the final F1 score by

163% over CLS and 52% over ent-avg and ent-concat embeddings. In addition, the re-

sult for entity-words-in-between-based embedding shows that adding unnecessary context

is not beneficial for training. However, it can still outperform the baseline CLS by 27%

increase in F1 score. In addition, another finding is that averaging the embedding usually

performs slightly less than concatenation (as illustrated in Figure 4.4).

Figure 4.4. Comparison with different feature representations on ChemProt dataset with
200 labeling budgets.

4.5 Conclusion

We proposed MERIT, a simple yet effective approach to address gold-labeled data defi-

ciency in Biomedical RE models. We maximized the expert supervision by using a heuristic

to search for local communities around strong samples. MERIT utilizes Shortest Depen-

dency Path in between entities as a representation that closely captures the target relation.

Therefore, it is likely that sentences with similar representations have the same relation

label. We used cosine similarity as a measure of distance function and tune a threshold to

create local communities around each strong label. We improved the performance of the

29



RE models by 2x in F1, when trained on both weak and strong labels. We demonstrated

the impact of MERIT on three benchmark biomedical RE datasets.
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CHAPTER 5

LEVERAGING SHORTEST DEPENDENCY PATHS IN LOW-RESOURCE
BIOMEDICAL RELATION EXTRACTION

5.1 Introduction

Biomedical Relation Extraction (RE) plays a pivotal role in structuring unstructured

medical texts, enabling the construction of knowledge graphs Bairoch & Apweiler (1997);

Wishart et al. (2006) and the extraction of complex relationships between biomedical en-

tities such as drugs, proteins, and genes Köhler et al. (2000); Von Mering et al. (2002);

Wilkinson (2005). Effective RE aids in the discovery of new drug interactions and biolog-

ical pathways, critical for advancing medical research and clinical decision-making.

Despite advancements through supervised RE methods Wei et al. (2019); Lee et al.

(2020); Zhou et al. (2021), their efficacy is often limited by the scarcity of labeled biomed-

ical data. Several approaches, such as weak supervision Mintz et al. (2009) and semi-

supervised learning (SSL) Ouali et al. (2020), have been developed to address the chal-

lenges of limited training data through leveraging unlabeled data. More recently, in-context

learning techniques using Large Language Models (LLMs) have emerged, requiring signif-

icantly less labeled data Liu et al. (2021); Rubin et al. (2021).

Weak supervision, for instance, utilizes heuristics, rules, or distant supervision to gener-

ate noisy labels for unlabeled data, a technique pioneered by Mintz et al. (2009). Although

this method enhances the volume of trainable data, it also introduces label noise. Other

strategies, such as those developed by Qu et al. (2018) and Zhou et al. (2020), employ lin-

guistic patterns like SDP (Shortest Dependency Path) tokens or frequent phrases to formu-

late labeling rules, reducing the need for manual annotation yet increasing the hidden costs

of rule derivation.
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SSL utilizes both a limited pool of labeled data and a larger volume of unlabeled data to

enhance learning models Ouali et al. (2020). Common SSL strategies such as self-training

rely heavily on predictors that impute labels on unlabeled examples, which are then used

to retrain the models Rosenberg et al. (2005). Variants of self-training include dual train-

ing, where a secondary predictor retrieves relevant unlabeled instances Lin et al. (2019),

and Gradient Imitation Reinforcement Learning (GIRL), which optimizes the correlation

between gradients of labeled and unlabeled data to enhance performance Hu et al. (2021).

The challenge in self-training is limited labeled data leads to low-quality label imputa-

tions, as the reliance on the predictor impedes learning a powerful model. Likewise, graph-

based SSL methods, such as label propagation, utilize lexical and syntactic features to

propagate labels among closely situated data points Zhou et al. (2003); Chen et al. (2006).

However, determining the correct distance metric and neighborhood thresholds necessary

for identifying relevant relational patterns within data remains an open research question.

This issue also affects in-context learning, where selecting relevant examples from a con-

strained dataset for task demonstrations also requires precise distance metrics.

This study aims to address two pivotal questions: What is an effective representation

for defining a suitable distance metric in low-resource settings, and how can we reduce the

model’s dependence on imputed labels to boost RE accuracy in SSL scenario? To tackle the

first question, we propose employing the SDP between entities to process the encoder out-

put and compute the SDP representation for RE. SDP, derived from dependency parse trees,

identifies the minimal syntactic dependencies essential for connecting entities, providing

valuable hints about their relationships Li et al. (2019); Zhang et al. (2018); Liu et al. (2013)

(see Figure 5.1).

For the second question, we advocate using a nearest neighbor approach instead of rely-

ing solely on model-based imputations. This method carefully propagates labels to nearby

data points based on a specifically defined SDP-based distance metric, thereby allowing
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Figure 5.1. A dependency parse tree on a biomedical sentence and its shortest dependency
path (SDP) tokens (shown in red) between subject (CHEMICAL) and object (GENE)
entities.

for the integration of soft labeling techniques that account for the uncertainty and noise in

label imputation.

By addressing these research questions and conducting extensive experiments across

three biomedical RE benchmarks, we aim to develop a versatile strategy compatible with

any standard RE architecture and SSL algorithm. This approach is designed to deliver

accurate results in various low-resource environments, encompassing supervised, SSL, and

in-context learning scenarios. In summary, the contributions of this paper are:

• We propose utilizing SDP to calculate SDP representation of entity pairs for RE,

improving accuracy in various low-resource settings such as supervised learning and

in-context learning.

• We use SDP representation to calculate SDP-based distance metric between RE ex-

amples. We use this distance metric to support two types of SSL algorithms. We

experimentally evaluate on biomedical text the usefulness on the distance metric.

• Our extensive experiments on three key biomedical RE benchmarks confirm the effi-

ciency of our proposed method in low-resource settings.
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5.2 Background and Task Formulation

In this section, we introduce the relevant concepts and formally define the RE task.

Shortest Dependency Path (SDP). Let T be a dependency parse tree corresponding

to sequence s representing the syntactical relationship between words in a sentence. In

a dependency parse tree, words are represented as nodes, and the relationships between

words are represented as directed edges. Given a pair of entities pes, eoq, SDP is defined as

the minimum set of tokens that can be reached from es to eo through the dependency tree

T . Figure 5.1 shows an example of a parse tree, where the extracted SDP tokens between

a pair of entities (Chemical and Gene) are highlighted in red. We need to highlight that we

don’t consider the relation dependency between words in this study.

Relation Extraction (RE). Given sentence s “ pw1, w2, ..., wnq, a subject entity es, and

an object entity eo, the RE task is to predict the relation label r P R of triple x “ ps, es, eoq,

where R is a union of a predefined set of relation types and None, referring to no relation

or other type of relation.

Semi-Supervised RE. This approach utilizes a small set of labeled examples DL “

tpxi, riqu
Nl
i“1 and a larger set of unlabeled examples DU “ tpxjqu

Nu
j“1 to train a classifier

model fθ. The model aims to fit the labeled data while also leveraging the unlabeled data

to improve overall accuracy.

In the following subsections, we refer to x “ ps, es, eoq as an RE example and r as the

RE label. In addition, we assume the entity mentions can be identified using external tools

and the set of relation types R is defined.

5.3 Methodology

5.3.1 SDP Representation

In this section, we propose the SDP representation for RE. RE is defined as a text

classification problem. As an encoder, we utilize the BERT neural network architecture
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Figure 5.2. Comparison between different representations to fine-tune a RE using a linear
layer on top of an encoder. Orange corresponds to the entity representation. Green corre-
sponds to the SDP tokens between entities.

Devlin et al. (2019). BERT takes a sentence of tokens as input and produces embedding

vectors for the entire sentence and each individual token, denoted as H : rhcls, h1, ..., hns “

BERTpw1, ..., wnq, where wi represents the i-th token in the sentence, hi is its embedding,

and hcls is the sentence embedding.

This sequence of vector embeddings can be used in multiple ways as an input to the

classification head. As illustrated in Figure 5.2, we first present several baseline approaches

for using a sequence of embedding vectors. Then, we propose how to calculate the SDP

embedding.

CLS: BERT CLS embedding is used as an input to the RE decoder. This representa-

tion has been commonly used for many downstream text classification tasks, including RE

Lee et al. (2020); Wei et al. (2019). We denote the dimension of this token as L, which

corresponds to the length of hcls.

CLSrep “ hcls (5.1)

ENT:Followed by the best setup in Baldini Soares et al., 2019, we concatenate embeddings

of the two entity tokens. If an entity consists of multiple tokens we only consider the first

token.

ENTrep “ hs ‘ ho (5.2)

where ‘ denotes the concatenation. The dimension of this representation as 2L which

corresponds to hs and ho.
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ATLOP: Based on Zhou et al. (2021), we combine the entity embeddings using a vector

called the local context. This vector contains pertinent information related to both entities.

Let’s consider As and Ao as the self-attention matrices for entities es and eo from the last

layer in BERT, where A P RHˆlˆl. Aijk represents attention from token j to token k in the

ith attention head, while AE
i P RHˆl denotes attention from the ith entity to all tokens. We

locate the local context that is important to both es and eo by multiplying their entity-level

attentions, and obtain the localized context embedding cps, oq by:

Aps,oq
“ AE

s d AE
o ,

qps,oq
“

H
ÿ

i“1

A
ps,oq

i ,

aps,oq
“ qps,oq

{1⊺qps,oq,

cps,oq
“ H⊺aps,oq (5.3)

Where H is the contextual embedding derived from BERT. To construct the final em-

bedding for an instance, we concatenate the local context embedding with the embeddings

of the entity pair:

ATLOPrep “ hs ‘ cps,oq
‘ ho (5.4)

The resulting representation has length 3 ˆ L.

SDPrep: Our main contribution is the use of SDP to enrich the embeddings by focusing

on syntactic paths that are most indicative of relations. Biomedical sentences use complex

terminology can be quite long, but they follow a relatively structured grammar. We hy-

pothesize that the SDP between pairs of entities in biomedical documents is very likey to

contain key information in revealing the relation type. To this end, we empploy SDP to

direct our attention mechanism within BERT encoder. By averaging the embeddings of the

tokens that constitute the SDP and concatenating these with the embeddings of the starting
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and ending tokens of the entities involved, we form a meaningful representation which can

be formulated as follow:

SDPrep “ hs ‘ p
1

|SDP |

ÿ

wiPSDP

hiq ‘ ho, (5.5)

where |SDP | denotes the number of SDP tokens. The dimension of SDP representation is

3 ˆ L, which blends syntactic precision with semantic richness.

In the RE model, the decoder is a single classification layer W P RKˆL˚ where L˚

is the dimension of the input representation (L˚ “ 3L for SDP representation) and K is

the number of relation types. Importantly, this decoder can be replaced with any off-the-

shelf RE architecture and is placed on top of the processed encoder representation. In

addition, the SDP representation can be integrated separately to define a distance metric

such as in in-context learning or retrieval scenarios, enhancing the model’s applicability to

a broader range of tasks that require a nuanced understanding of entity relationships. The

classification of the RE task given a representation is performed by:

ppr|xq “ softmaxpVxW
T

q (5.6)

where Vx is the output vector from the last layer of the encoder corresponding to the

SDP-enhanced representation for input x, and W represents the weight matrix of the clas-

sification layer. The loss for training is computed as the cross-entropy between ppr|xq and

the true relation labels.

5.3.2 SDP in Semi-Supervised RE

This section explores the integration of the Shortest Dependency Path (SDP) with near-

est neighbor-based label propagation in an extreme low-resource SSL setting. Our ap-

proach is designed to effectively utilize a minimal set of labeled data points, thereby elim-

inating the need for a large labeled for training and validation set.
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Our primary goal is to leverage the SDP representation in conjunction with nearest

neighbor techniques to compute distances between RE examples. This enables precise

label propagation and reduces reliance on predictors for generating pseudo-labeled data.

We developed an SSL approach that combines graph-based SSL and self-training. Sim-

ilar to graph-based SSL, our algorithm propagates labels to closely neighboring unlabeled

data Unlike traditional graph-based methods, it meticulously restricts label propagation to

only the nearest neighbors rather all than unlabeled data Zhu & Ghahramani (2002). This

constraint is essential in low-resource settings, as it minimizes the noise introduced by in-

cluding broader sets of unlabeled data and preserves the influence of the scarce labeled data

available in the training process. From the self-training perspective, while our approach uti-

lizes the predictor to extract representations, it does not rely on it to generate pseudo-labels.

This is because it is challenging to develope a reliable and unbiased predictor with limited

labeled data. Instead, we utilize these representations to compute soft labels, which are

determined based on the proximity of unlabeled RE examples to their labeled counterparts.

This technique indirectly employs the predictor, enhancing the label quality without the

direct use of potentially biased pseudo-labels. Prior research shows that soft labels result

in a more robust classifier Sajjadi et al. (2016) by informing the training process about the

quality of imputed labels. To compute soft labels for unlabeled examples, we follow the

steps below:

• Find the nearest neighbor of the unlabeled example among the labeled examples.

• Calculate the cosine similarity(d) between the unlabeled example and its top-k near-

est neighbors (labeled data).

• Aggregate the cosine similarities for each class type

• Compute the soft labels for each class type by normalizing the aggregated similarities

using softmax.
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To optimize the RE model on soft labels, we use Noise Aware Cross Entropy loss (Equation

5.7), which is computed for each class separately, and then the losses are summed together,

L “

N
ÿ

i“1

K
ÿ

c“1

yi,c log ŷi,c, (5.7)

where N is the total number of examples, and yi,c and ŷi,c represent the ground truth and

predicted soft label for example i and class c. The algorithm is executed iteratively, with

each cycle incorporating a limited number of additional soft labels. We specify a frac-

tional amount of unlabeled data as validation set and monitor the predictor’s fluctuations to

determine convergence. Convergence is achieved when the prediction variation on a vali-

dation set is less than 5% between iterations, or when the maximum number of iterations is

reached. It is important to note that our algorithm does not rely on ground truth validation

data, using instead the stability of predictions as a stopping criterion.

This semi-supervised approach, centered on the strategic use of SDP and soft labeling

along with nearest neighbor-based propagation, is designed to enhance the efficiency of RE

models in SSL settings constrained by extreme limited labeled data.

5.4 Experiments

5.4.1 Dataset

We evaluate the effectiveness of our method on three public biomedical relation extrac-

tion datasets retrieved from PubMed database. The statistics of these datasets are shown in

Table 5.1. 1) ChemProt Krallinger et al. (2017) consists of 1,820 PubMed abstracts with

chemical-protein interactions annotated by domain experts and was used in the BioCre-

ative VI text mining chemical-protein interactions shared task. 2) DDI Segura-Bedmar

et al. (2013) contains MedLine abstracts on drug-drug interactions as well as documents de-

scribing drug-drug interactions from the DrugBank database. 3) PPI Bunescu et al. (2005)
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utilizes AIMed corpus to automatically extract interaction relations of protein-protein pairs

affected by genetic mutations.

Table 5.1. Statistics of each dataset

Dataset Train Validation Test #Relations

ChemProt 18k 11.2k 15.7k 6
DDI 22k 5.5k 5.7k 5
PPI 5.2k 521 583 2

5.4.2 Compared Methods

To perform experiments, we first compared our SDP-based finetuning strategy with

several supervised RE baselines. Then, we adopted the best-performing baseline as the RE

classifier model to explore the impact of SDP in SSL baselines and in-context-learning.

In all the experiments, we applied SciBERT Beltagy et al. (2019) as the encoder. We

performed all the experiments under a very limited budget for labeled data and abundant

unlabeled data. We denote SUP-REsdp and SSL-REsdp as supervised and semi-supervised

variants of SDP in the remaining subsections.

Supervised Baseline Methods: The goal is to compare the performance of differ-

ent RE architectures (as discussed in Section 5.3.1) in a supervised setting and show that

fine-tuning using SUP-REsdp achieves a better performance compared to the existing ap-

proaches. These approaches are CLS, ENT, ATLOP. This experiment utilizes limited

labeled data to explore the best-performing RE model (in our case is 500).

Semi-Supervised Baseline Methods: The goal of this experiment is to compare the

superior performance of SSL-REsdp with predictor-based SSL. To ensure fair compari-

son with SSL-REsdp, we used the best-supervised baseline from Table 5.2, which was

SUP-REsdp, as RE model. We applied the following SSL methods on DL Y DU :
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(1) Label Propagation Zhu & Ghahramani (2002), which is a graph-based algorithm

that iteratively updates the label probability in DU by matrix multiplication (TR, where T

is a n ˆ n weighted adjacency matrix (pairwise relations between labeled and unlabeled

data) and R is n ˆ C class probability matrix). (2) Self-Training Rosenberg et al. (2005),

which iteratively expands DL by using the most confident (above τ ) predictor’s prediction

among DU . (3) DualRE Lin et al. (2019), which is a dual training algorithm that utilizes

a learning-to-rank model as a dual module to retrieve the relevant instances from DU for

a given relation. (4) RE-Ensemble, which replaces the dual module in DualRE Lin et al.

(2019) with the same predictor in the primal module, with a different random initialization.

RE-Ensemble imputes the labels based on the agreement of the two modules.

We also provide SUP-REsdp as a supervised baseline, which can also serve as a few-

shot baseline since it is only trained on limited labeled data without access to unlabeled

data. In addition, we report SSL-REsdp-1-Iter, which is the same as SSL-REsdp, but only

uses one iteration to perform imputation.

5.4.3 Experimental Setting

Implementation: We implemented all the baselines using Pytorch. For DualRE and

RE-Ensemble Lin et al. (2019), we replaced the Position-aware Recurrent Neural Network

that was used originally in Zhang et al. (2017) with SUP-REsdp. The source code for these

baselines can be found here1. In addition, we used the code provided by Pedregosa et al.

(2011) to apply label propagation algorithm.

Training details: We adopted SciBERT as the encoder for all the experiments and

update all the parameters. For supervised finetuning, we add one linear layer followed

by softmax to perform classification. We use the following set of hyper-parameters as

suggested in Devlin et al. (2019):

1 DualRE. https://github.com/INK-USC/DualRE. Accessed 11 July 2023.
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• Transformer Architecture: 12 Layers, 768 hidden dimension, 6 heads

• Learning rate: 3e-5

• Weight initialization: SciBERT-base

• Batch size: 32

• Optimizer: adam

• Training epochs: 5

• Maximum sequence length: 200

We used 1 GPU, Tesla V100-SXM2, for training. We applied SciSpacy Neumann et al.

(2019) dependency parser to our corpus to retrieve the SDP tokens for an entity pair.

For SSL experiments, we kept the same hyper-parameters. We impute labels to the

top-5 unlabeled data. A similar strategy is applied to retrieve labeled examples for each

unlabeled data to compute soft-labels.

In Self-Training, since we use the RE model to provide predictions on unlabeled data,

we set the threshold for the most likely class to be above 0.90. However, since the majority

of the predictions were overconfident based on the validation results, resulting in imput-

ing noisy labels, we only select the top 100 in the augmented set. In Label Propagation

implementation based on Pedregosa et al. (2011), we chose KNN as kernel function, and

set the K to 5, which specifies the number of closest labeled instances to include in the

label propagation process for each unlabeled instance. For DualRE and RE-Ensemble, we

followed the default hyperparameters mentioned in Lin et al. (2019). We only leveraged

50% of DU , and used the default confidence thresholds α “ 0.5 and β “ 2 predictor and

retrieval modules, respectively. We applied the same convergence criteria as in SSL-REsdp

for self-training and dual training.

Evaluation metric: Following the previous work in RE Lin et al. (2019); Zhou et al.

(2020), we report micro-F1 as the most important evaluation metric. It provides an evalua-
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tion of the model’s ability to simultaneously capture precision and recall across all classes.

We ignored correct predictions of None in micro score calculation.

5.5 Results

We conducted each experiment over three different independent sets of labeled data and

reported the mean performance.

5.5.1 Comparison With Supervised Baselines

Table 5.2 demonstrates the performance of different supervised RE architectures under

500 training budget. SUP-REsdp approach achieves higher accuracy compared to the CLS,

ENT, and ATLOP architectures. This can be attributed to the explicit guidance provided by

SDP, which directs the predictor to focus on tokens relevant to the target label in biomedical

settings where limited labeled data exists.

Among the approaches considered, the CLS representation exhibits the lowest perfor-

mance. This could be due to the fact that it is sentence-level representation, having less

relevant information for entities.

When compared to ATLOP, SUP-REsdp appears to have slightly better F1 score across

all datasets. This indicates that the local context pooling mechanism in ATLOP does not

capture dependencies as accurately as SUP-REsdp. Furthermore, SUP-REsdp slightly out-

performs ENT-based fine-tuning on the DDI and ChemProt datasets, while delivering com-

parable performance on PPI.

To statistically validate the performance differences observed, a Repeated Measures

ANOVA was conducted for each dataset. This analysis confirmed the significance of the

observed variations in performance, with the p-value for DDI at p “ 0.0030, for ChemProt

at p “ 0.0028, and for PPI at p “ 0.0025. The consistency of these statistically signifi-
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Table 5.2. Performance of different RE finetuning architectures when trained using 500
labeled data. The average F1 performance is reported over 3 independent runs.

DDI ChemProt PPI

P R F1 P R F1 P R F1

CLS 0.24 0.77 0.36 0.16 0.52 0.24 0.37 0.82 0.51
ENT 0.28 0.74 0.40 0.23 0.62 0.33 0.45 0.84 0.59
ATLOP 0.28 0.74 0.41 0.23 0.60 0.33 0.45 0.82 0.58
SUP-REsdp 0.29 0.77 0.42 0.23 0.63 0.34 0.46 0.80 0.59

cant results supports the superior efficacy of the SUP-REsdp approach across all examined

datasets, reaffirming its selection for further analysis.

Considering the slightly better performance of SUP-REsdp, as shown in Table 5.2, and

the statistical confirmation of its superiority through ANOVA testing, we have selected it as

the RE model for the subsequent subsections. These findings emphasize the importance of

methodological selection and highlight the benefit of leveraging SDP-guided approaches

in low-resource settings for RE tasks.

5.5.1.1 Comparison With Non-Encoder Baselines This experiment evaluates our

supervised relation extraction (RE) method, which integrates Shortest Dependency Paths

(SDP) and BERT-based representations, against traditional non-encoder baselines utiliz-

ing SDP or dependency trees as graph kernels for relation extraction. The fundamental

principle of these kernel methods is to assess the similarity between two sentences by ex-

amining how closely their structural patterns align. These kernels operate in conjunction

with Support Vector Machines (SVM) to classify sentences. Our analysis focuses on the

Protein-Protein Interaction (PPI) dataset due to the availability of extensive kernel method

benchmarks. We adopted the experimental setup from Tikk et al. (2010) to ensure a con-

sistent comparison with the kernel methods listed in Table 2 of their study. All experiments

were conducted using 10-fold cross-validation on the full PPI dataset, corresponding to

the AIMed results in Table 2 of Tikk et al. (2010). Following their recommendations, we
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implemented entity blinding to prevent the influence of named entity recognition problems

and to highlight entity locations to the classifier. Our results are compared with a range of

kernel methods as detailed in Table 5.3:

Edit Distance Kernel (edit) Erkan et al. (2007): This kernel calculates the similar-

ity by measuring the edit distance between the shortest paths connecting protein names

within a dependency tree. The similarity is determined by the minimum number of edit

operations´deletions, insertions, or substitutions required to make one path identical to the

other, normalized by the length of the longer path.

Cosine Similarity Kernel (cosine) Erkan et al. (2007): This method computes the

cosine similarity between vectors representing the shortest paths in a dependency parse

tree between pairs of entities. It quantifies the number of common terms along these paths,

adjusted for path length.

All-Paths Graph Kernel (APG) Airola et al. (2008): APG considers all possible path

lengths within the dependency parse and surface word sequence, assigning greater weight

to paths closer to the shortest path between entities, thereby reflecting dependency proxim-

ity.

k-Band Shortest Path Spectrum Kernel (kBSPS) Palaga (2009): This kernel extends

the analysis beyond the shortest dependency path to include nodes within a specified k-band

distance, enriching the contextual data for relationship extraction.

Other Kernels: We further compare our method against kernels that utilize syntax

tree representations of sentences, such as the Subtree kernel (ST) Smola & Vishwanathan

(2002), Subset tree kernel (SST) Collins & Duffy (2001), Partial tree kernel (PT) Moschitti

(2006), and Spectrum tree kernel (SpT) Kuboyama et al. (2007).

Table 5.3 showcases a comparative analysis between various non-encoder-based ker-

nel methods and our SDP-based approach for relation extraction. Notably, our method,

SUP-REsdp, significantly outperforms the other models in precision (P), recall (R), and F1

score, achieving 81.21% precision, 78.0% recall, and an F1 score of 79.4%. This demon-
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Table 5.3. Comparative analysis of non-encoder based kernel methods using Shortest De-
pendency Paths (SDP) against our supervised method, which also utilizes SDP for repre-
sentation. Performance metrics are evaluated using a 10-fold cross-validation on the PPI
dataset.

P R F1

Syntax Tree Kernel

ST Smola & Vishwanathan (2002) 40.3 25.5 30.9
SST Collins & Duffy (2001) 42.6 19.4 26.2
PT Moschitti (2006) 39.2 31.9 34.6
SpT Kuboyama et al. (2007) 33.0 25.5 27.3

SDP kernel

edit Erkan et al. (2007) 68.8 27.7 39.0
cosine Erkan et al. (2007) 43.6 39.4 40.9
APG Airola et al. (2008) 62.9 48.9 54.7
kBSPS Palaga (2009) 50.1 41.4 44.6

SUP-REsdp (Ours) 81.2 78.0 79.4

strates a marked improvement over traditional non-encoder methods like the APG kernel,

which has the next highest F1 score of 54.7% but with a substantially lower recall. The

kBSPS, while competitive to APG, still trails our method with an F1 score of 44.6%. The

substantial lead in performance metrics highlights the effectiveness of integrating SDPs

with BERT-based representations, providing evidence that our LLM-based representation

using SPD captures complex semantic relationships more effectively than conventional ker-

nel methods.

5.5.2 Comparison With Semi-Supervised Baselines

Table 5.4 shows the result of our approach compared to SSL baselines and few-shot su-

pervised baseline (SUP-REsdp). According to the results, one can observe that SSL-REsdp

outperforms all of the baselines across all datasets, which demonstrates the effectiveness of

our framework versus SSL baselines.
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Table 5.4. The F1 comparison of SSL-REsdp versus SSL baselines. SUP-REsdp serves as
the supervised lower bound. The lower/upper bound for F1 metrics is 0/1. We report the
average performance across three independent runs.

50 100 200 500
DDI P R F1 P R F1 P R F1 P R F1
SUP-REsdp 0.15 0.50 0.23 0.21 0.58 0.31 0.24 0.65 0.35 0.32 0.82 0.46
LabelPropagation 0.076 0.42 0.15 0.13 0.59 0.21 0.18 0.76 0.25 0.24 0.88 0.35
DualRE 0.22 0.38 0.27 0.27 0.44 0.34 0.29 0.62 0.40 0.43 0.76 0.54
REEnsemble 0.19 0.33 0.24 0.29 0.41 0.34 0.30 0.54 0.38 0.39 0.62 0.48
SelfTraining 0.21 0.68 0.31 0.21 0.70 0.33 0.25 0.77 0.37 0.31 0.85 0.45
SSL-REsdp (1-Iter) 0.17 0.63 0.26 0.21 0.71 0.33 0.22 0.76 0.34 0.26 0.84 0.40
SSL-REsdp 0.31 0.51 0.38 0.39 0.65 0.48 0.44 0.71 0.54 0.43 0.78 0.56
ChemProt
SUP-REsdp 0.095 0.34 0.15 0.13 0.40 0.20 0.21 0.54 0.30 0.31 0.76 0.44
LabelPropagation 0.12 0.50 0.20 0.10 0.42 0.19 0.14 0.56 0.24 0.21 0.83 0.33
DualRE 0.15 0.26 0.13 0.19 0.49 0.27 0.23 0.46 0.30 0.36 0.69 0.48
REEnsemble 0.032 0.13 0.051 0.066 0.25 0.11 0.11 0.40 0.18 0.22 0.7 0.33
SelfTraining 0.15 0.54 0.23 0.17 0.55 0.26 0.23 0.61 0.33 0.33 0.76 0.46
SSL-REsdp (1-Iter) 0.13 0.39 0.20 0.17 0.52 0.26 0.24 0.66 0.35 0.30 0.76 0.43
SSL-REsdp 0.29 0.44 0.35 0.40 0.56 0.46 0.47 0.66 0.54 0.46 0.72 0.56
PPI
SUP-REsdp 0.31 0.71 0.43 0.35 0.78 0.47 0.43 0.82 0.56 0.49 0.82 0.61
LabelPropagation 0.20 0.91 0.35 0.21 0.99 0.35 0.27 0.95 0.42 0.36 0.88 0.49
DualRE 0.38 0.52 0.28 0.33 0.78 0.46 0.41 0.64 0.47 0.61 0.64 0.63
REEnsemble 0.33 0.26 0.28 0.40 0.34 0.33 0.52 0.34 0.38 0.67 0.56 0.60
SelfTraining 0.38 0.74 0.43 0.34 0.78 0.47 0.38 0.87 0.53 0.48 0.84 0.61
SSL-REsdp (1-Iter) 0.31 0.69 0.43 0.35 0.74 0.47 0.40 0.83 0.54 0.38 0.86 0.53
SSL-REsdp 0.50 0.54 0.52 0.56 0.66 0.61 0.55 0.77 0.64 0.39 0.84 0.53

SSL-REsdp achieved consistent gain over Label Propagation, Self-Training, DualRE,

RE Ensemble on all datasets and with different labeling budgets, except in PPI dataset

trained on 500 budget where DualRE performed the best.

One can observe Self-Training and DualRE do not have stable performance due to

reliance on the predictor to provide weak labels. For example, Self-Training outperforms

DualRE in PPI dataset on [50, 100, 200] budgets, while underperforming DualRE on DDI

and ChemProt occasionally. This provides evidence that predictor-based SSL models are

sensitive to the performance of the RE model.

In addition, Label Propagation performed weaker than baselines which shows that its

low quality of imputation damages the model’s performance.
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It could be concluded that SSL-REsdp benefits from iterative augmentation, after com-

paring to SSL-REsdp(1-ter), which only uses one pass of label imputation. In addition, it

improves the performance over the supervised baseline by a significant margin in all the

experiments.

5.5.2.1 Performance on Different Datasets. The marginal gain of SSL-REsdp on

PPI is smaller than on ChemProt and DDI in Table 5.4. This is because the size of PPI

is 4.2ˆ smaller than DDI and ChemProt. Therefore, the amount of unlabeled data may

not be sufficient to identify the most similar neighbors. This can be observed on other

baselines since they underperformed the supervised baseline on this dataset, except for

DualRE trained on 500 budget.

5.5.2.2 Performance as a Fraction of Labeled Data Size Based on the results in

Table 5.4, SSL-REsdp is the most advantageous when the labeled dataset is extremely small

(around 100 - 500), which is common in Biomedical domain. In DDI, SSL-REsdp can

reduce the need for labeled data by up to 5ˆ, SUP-REsdp achieves 0.46 F1 when trained

on DL “ 500, while SSL-REsdpr100s boosts SUP-REsdpr500s performance by 4% when

using only DL “ 100.

Similar outcome can be observed in ChemProt dataset. SSL-REsdpr100s is 2ˆ more

accurate than SUP-REsdpr200s, while using 2ˆ less labeled data. SSL-REsdp is also more

accurate than SUP-REsdp on PPI on 50, 100, and 200 budgets, reducing the labeling need

by 4ˆ, achieving 0.56 with SUP-REsdpr200s and 0.52 with SSL-REsdpr50s.

Overall, one can observe that SSL-REsdp is significantly beneficial when the cost of

collecting labeled data is very high.

5.5.2.3 Statistical Significance Test. The t-test test2 for statistical significance has

been used to find whether the difference between SSL-REsdp and other SSL baselines are

2 Student’s t-test. https://en.wikipedia.org/wiki/Student%27st ´ test.Accessed11July2023
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Table 5.5. T-test analysis of SSL-REsdp versus baselines.

T-statistic P-Value

LabelPropagation 9.5 3e-14
DualRE 4.8 1e-05
REEnsemble 6.8 3e-09
SelfTraining 4.9 6e-06

due random chance. Therefore, we define the null hypothesis as there is not a significant

difference in the performance of SSL-REsdp and other baselines. To this end, we use the

final F1 scores from 3 independent runs across 4 labeling budgets to calculate p-value and t-

statistics. We report the pvalue of our method compared to label propagation, self-training,

RE-Ensemble, and dualRE in Table 5.5. The reported results reject the null hypothesis

for all the baselines as they are all less than the significance level of 0.05, meaning our

results are significantly better than baselines. This can be confirmed through t-statistic’s

magnitude, since it is positive which indicates a higher difference between the average

performance of SSL-REsdp versus baselines and suggests stronger evidence against the

null hypothesis.

Figure 5.3. Comparing the distribution of imputed labels in the augmented examples (red
bars) to their actual labels (blue bars) on DDI, ChemProt, and PPI dataset.

5.5.2.4 Imputation Bias Analysis. To validate SSL-REsdp could prevent any impu-

tation bias (e.g. a certain RE type is overpredicted) due to label noise and enables quality

weak labels, in Figure 5.3, we represent gold label distribution with blue and weak label
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distribution with green. Technically, we have the ground truth labels available for all im-

puted weak labels. From Figure 5.3, we observe that weak label distribution is close to the

gold label distribution with less drift.

5.5.2.5 Qualitative Analysis of SSL-REsdp Versus Baselines. Figure 5.4 demon-

strates few examples of the actual prediction of baseline models vs SSL-REsdp. All models

are trained using SDP finetuning. SDP tokens used in finetuning are highlighted as green.

In the first four examples, SSL-REsdp can accurately captures the gold relations between

entities, while in the last example self-training and RE-Ensemble performed better.

SDPsslREDRSTLPGoldSentence

TrueFalseFalseFalseFalseTrueWe propose that @PROTEIN$ interacts

with the @PROTEIN$ in a fashion that is 

different from that used by p52Shc.

FalseFalseFalseFalseFalseFalse@PROTEIN$ induces chemotaxis and 

adhesion by interacting with CCR1 and 

@PROTEIN$.

CPR:3CPR:4FalseCPR:3FalseCPR:3@CHEMICAL$ prevented the PT in 

mitochondria directly and also indirectly 

through induction of antiapoptotic 

BC6OTHER and a @GENE$ , BC6OTHER ( 

BC6OTHER ).

CPR:9FalseFalseFalseFalseCPR:9@GENE$ continues to be a critical target 

for BC6OTHER and its prodrugs, primarily 

because this enzyme is essential for the 

synthesis of @CHEMICAL$ , a precursor 

for DNA synthesis.

FalseCPR:4FalseCPR:4FalseCPR:4@CHEMICAL$ is an inhibitor of @GENE$ 

which is

able to block the absorption of 30% of 

ingested fat.

Figure 5.4. Qualitative Analysis of SSL-REsdp vs baselines on PPI and ChemProt
datasets. LP, ST, DR, RE are denoted as Label Propagation, Self-Training, Dual-RE, and
RE-Ensemble.
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5.5.3 In-Context Learning

The aim of this experiment is to assess the effect of utilizing Shortest Dependency

Path (SDP) representation to boost the accuracy of Relation Extraction (RE) within the in-

context-learning framework. To this end, we furnish the GPT-3 model with task-specific

instructions and a few examples that illustrate the task at hand.

Recent research Liu et al. (2021); Rubin et al. (2021) indicates that dynamically se-

lecting in-context examples for each test instance, rather than employing a fixed set of

in-context examples, results in notable improvements in GPT-3’s in-context learning. Tak-

ing inspiration from the approach outlined in Liu et al. (2021), we implement a k-nearest

neighbor (kNN) retrieval module to identify the most closely related examples from our

constrained training dataset to serve as the in-context prompts for each test instance. Dur-

ing this process, we use the SDP representation as the basis for calculating the distance

metric, which in turn determines the similarity between the test and training instances.

In our experiments, we allocate a training budget of 50 and, in each test, we contrast

the efficacy of SDP-based nearest neighbor retrieval with random and fixed prompting. In

the random prompting scenario, we arbitrarily select in-context examples from the training

dataset for every test instance, while in the fixed prompt setting, we maintain a consistent

set of examples across all test sets. We employ stratified sampling to ensure each relation

type is represented in the prompt along with the task instruction. To carry out this task,

we leverage the highly potent GPT-3 DaVinci engine. However, due to cost considerations

associated with using GPT-3, we restrict our test set to a subsample of 200 examples for

each experiment. For both fixed and random prompts, we repeat the experiments three

times (keeping the test set constant but varying the in-context examples) to establish the

reliability of our results.

As depicted in Table 5.6, the inclusion of SDP-based nearest neighbor retrieval in Drug-

Drug Interaction (DDI) led to a considerable improvement in performance for both fixed
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Table 5.6. Using SDP to retrieve NN in few-shot experiments versus random and fixed
example selection in prompts in in-context-learning. SDPnn indicates using SDP to retrieve
nearest neighbors. SSL-REsdp indicates the semi-supervised performance on 50 training
budget and tested on the same test set (200 examples.)

DDI ChemProt PPI

P R F1 P R F1 P R F1

SSL-REsdp 0.63 0.50 0.56 0.69 0.43 0.53 0.81 0.62 0.71

GPT3 (fixed) 0.45 0.37 0.40 0.72 0.40 0.51 0.61 0.80 0.69
GPT3 (random) 0.45 0.41 0.43 0.69 0.36 0.47 0.60 0.78 0.68
GPT3 (SDPnn) 0.51 0.50 0.50 0.71 0.41 0.52 0.61 0.80 0.69

and random prompts. A modest positive effect was observed for ChemProt, with an ap-

proximate increase of 1.9% in performance. However, no discernible improvement was

recorded for Protein-Protein Interaction (PPI).

5.5.4 Ablation Study

5.5.4.1 Choice of Representation On Augmentation Module. We investigate the

impact of SDP on the label imputation. To this end, we performed experiments on differ-

ent sequence representations to compute distance metric, and thereafter used the imputed

labels to train the RE model. Note that we keep SUP-REsdp architecture for the RE model

training, and only changed the representation in the imputation. We use the following

representations to extract from the last hidden state of the encoder Q.

• CLS (L): is an aggregate representation of all the tokens in a sentence

• ent-avg (L): is the average embedding of the entities in a sentence

• ent-sdp-avg (L): is the average embedding of the entities and SDP tokens

• ENT (2L): is concatenation of the embeddings of two entities in a sentence

• ent-words-between (3L): is concatenation of the embeddings of the two entities along

with the average representation of all the words between two entities

• SDPrep (3L): is our proposed representation in equation 5.5
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As shown in Table 5.7, SDPrep representation results in overall better F1 score compared to

other representations. By comparing the average performance of all representations across

all datasets, we observed that SDPrep ranked highest achieving 0.39 average F1 score, ent-

sdp-avg ranked second with 0.38 average F1, and CLS ranked lowest with 0.35 average

F1.

The representation ent-words-between achieved second to the last (0.37 average F1),

meaning adding unnecessary context does not help to find high-quality neighbor search.

Table 5.7. Impact of representation choice in augmentation module, and the resulting per-
formance of RE model. We experimented with 200 labeling examples.

Dim DDI ChemProt PPI

CLS L 0.30 0.24 0.51
ent-avg L 0.30 0.33 0.52
ent-sdp-avg L 0.32 0.31 0.53
ENT 2L 0.30 0.33 0.51
ent-words-between 3L 0.32 0.28 0.52
SDPrep 3L 0.32 0.33 0.54

5.5.4.2 Effectiveness of Soft Labels. To better understand the impact of soft label

assignment in weak label imputation, Table 5.8 reports the performance against hard label

assignment, where we only take the label with highest probability during training. We

could see that soft labels improve the performance on DDI and ChemProt datasets by 13%

and 8% in F1. There is no improvement over PPI dataset.

Table 5.8. Effectiveness of soft label assignment in three datasets using 200 training data.

DDI ChemProt PPI

SSL-REsdp (hard label) 0.32 0.32 0.52
SSL-REsdp (soft label) 0.37 0.35 0.51
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5.6 Discussion and Limitation

Our study demonstrates the SDP’s linear scalability which is a critical factor for practi-

cal large-scale applications. In practical testing, SDP generation took only 8.86 seconds for

500 samples, while scaling to larger datasets, such as 2000 samples, necessitated a propor-

tional increase in computation time to 34.05 seconds. This efficient preprocessing enables

the model’s use in extensive literary corpora, such as PubMed abstracts, without imposing

significant computational delays.

Our findings suggest that the integration of SDP with nearest neighbor enriches the

model with nuanced syntactic and semantic context while carefully imputing pseudo labels.

However, as dataset sizes grow, the method’s relative benefit may diminish due to stronger

inherent patterns within the data. Nevertheless our approach offers a pragmatic and feasible

solution for initial analyses, beneficial for users needing immediate insights without the

complexity of larger models.

Moreover, the SDP representation can seamlessly augment the capabilities of existing

off-the-shelf RE models, thereby enhancing their accuracy and reliability for comprehen-

sive analysis.

We acknowledge certain limitations in our methodology. One limitation of our work is

that we assume that unlabeled and labeled data are sampled from the same distribution. If

the sampling of labeled data is biased, our label imputation approach may not work that

well.

Second, our approach depends on the availability of a good dependency parser. This

is a limitation if the proposed approach is used on rare languages or in very specialized

domains. Third, all three of our datasets had a relatively small number of clearly delineated

relation types. It would be important for future work to exploit the effectiveness of the

proposed approach on data with a much larger number of relation types.
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Fourth, our experiments were performed using the BERT encoder. While it is one of

the first strong LLM models, we have recently witnessed the emergence of much stronger

models such as GPT-4. It remains an open question if SDP representation could be helpful

to those newer LLMs. There are two reasons we did not use GPT-4 or comparable models.

First, most of those models are proprietary and inaccessible to researchers. The open-

sourced versions are typically much weaker for multiple reasons. In addition, the state-of-

the-art LLMs are also extremely large, and our lab did not have sufficient computational

resources to support experimenting with those models.

5.7 Conclusion

This study demonstrates the utility of Shortest Dependency Path (SDP) representations

in supervised, semi-supervised, and in-context learning for low-resource biomedical re-

lation extraction (RE). We introduced an innovative SDP-based representation, which we

employed to compute the distance metric between RE instances. In addition, we proposed a

new semi-supervised learning (SSL) algorithm tailored for biomedical RE. Comprehensive

experimental assessments on three biomedical text datasets substantiate the effectiveness

of SDP representation. Importantly, our proposed approaches are not tied to a specific neu-

ral network architecture and can be seamlessly integrated as a wrapper around existing and

future RE models.
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CHAPTER 6

AUTOMATED NARRATIVE SCORING USING LARGE LANGUAGE MODELS

6.1 Introduction

A narrative is a monologic telling or retelling of causally and temporally related events

(i.e., a story), such as a problem to solve, emotional responses to the problem, attempts to

solve the problem, and the consequence of those attempts Stein & Glenn (1975); Peterson

& McCabe (1983). A sizable literature documents strong associations between narrative

abilities and academic achievement Bishop & Edmundson (1987); Dickinson & McCabe

(2001). For example, children’s early oral narrative abilities predict later reading compre-

hension Catts et al. (2002); Snow et al. (2007) and writing performance Scott & Windsor

(2000); Kim et al. (2015).

Because of their academic value, teachers and school-based speech-language pathol-

ogists play a key role in helping children develop their narrative skills. Analyzing child-

produced narrative samples is an essential component of language and academic assess-

ment. To analyze the quality of a narrative, it is common to examine the inclusion and

clarity of discourse components, often referred to as narrative discourse elements. Al-

mubark et al. (2023) found that narrative discourse was the only consistent and significant

predictor of disability among students in grades K-3. At this macroorganizational level,

educators review transcribed oral language samples for each of the canonical elements of

character, setting, problem, feeling, plan, attempt, consequence, and resolution Stein &

Glenn (1975) and rate their presence and clarity. Educators can enhance their analysis of

narrative complexity by evaluating the usage of advanced vocabulary, the prevalence of

subordinate clauses, and the intricacies of syntax. This detailed degree of narrative analy-

sis is often termed as microstructural analysis or literate language assessment Greenhalgh

& Strong (2001).
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Despite its importance for educational achievement, rating a child’s narrative produc-

tion is timeconsuming and laborintensive. Educators must first learn what language fea-

tures to look for and how to judge their complexity, which requires a deep knowledge of

language structures and language development. Once the knowledge is acquired, educators

must follow some type of standardized scoring system to determine the quality of the narra-

tive produced. The work and time required to do this is sometimes beyond what educators

can accommodate in their busy schedules.

Over the last few decades, there has been an increasing interest in using automated

systems by leveraging the latest advances in artificial intelligence and computational lin-

guistics. The automatic scoring of narrative productivity (e.g., total word count, number

of communication units) and linguistic complexity (e.g., use of subordination and aver-

age utterance length) has a long history, including Childhood Language Analysis [CLAN]

MacWhinney & Snow (1985), Systematic Analysis of Language Samples (SALT) Miller

et al. (2016), and Literate Language Use in Narrative Assessment (LLUNA) Fox et al.

(2022). These methods largely rely on metrics derived from word counts. Rulebased sys-

tems, such as the one proposed by Hsu & Thompson (2018), employ manual coding along

with lexical and morphological variables. Hassanali et al. (2012) refined automated scoring

by incorporating CohMetrix features, which analyze readability, the complexity of the situ-

ation model, word choice, syntax, and coherence. Random forest classifiers were employed

to predict narrative quality by combining expert-crafted linguistic features in Somasun-

daran et al. (2015). Rulebased systems aim to analyze patterns in speech production across

different levels of microsyntax, including utterance, sentence, lexical, morphological, and

verb argument structure.

Deep learning techniques have a potential to further improve quality of automatic as-

sessments Ranade et al. (2022). Transformer-based models, such as BERT Devlin et al.

(2018), were evaluated recently Jones et al. (2019); Fernandez et al. (2022) and they have

shown superior performance in scoring narratives based on the established rubrics such as
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the Test of Narrative Language (TNL) Gillam & Pearson (2004a) and Monitoring Indica-

tors of Scholarly Language (MISL) Gillam et al. (2017). Jones et al. (2019) showed that

the advantage of BERT and similar models lies in their ability to process both handcrafted

features and raw text, offering a more nuanced view at the narrative quality. Large language

models (LLMs) such as GPT3 and Instruct-GPT Brown et al. (2020); Ouyang et al. (2022)

opened new frontiers in natural language processing (NLP), demonstrating remarkable ca-

pabilities across a range of tasks, including text classification Sun et al. (2023). Researchers

have already started employing GPT3 for essay grading under diverse evaluation criteria

by supplying instructional prompts to the model Mizumoto & Eguchi (2023b). However,

there is no comprehensive study yet that evaluates LLMs on the task of narrative analysis.

This paper aims at addressing this research gap.

In this study, we aim to evaluate the performance of LLMs in assessing narrative con-

tent. By focusing on the accuracy of these models, we seek to identify their strengths and

limitations in various storytelling contexts. The core of our investigation revolves around

the following primary research questions:

Q1-1. Accuracy in Discourse Analysis: How accurately do LLMs assess different nar-

rative discourse elements? This question aims to understand the models’ ability to interpret

key narrative components.

Q1-2. Comparison with Human Expertise: How does the performance of LLMs in

rating narrative quality compare to that of human experts? We will specifically look at the

comparison between LLM accuracy and human interrater reliability.

Q1-3. Ability to Rate OutofSample Narratives: Is there a gap in LLM accuracy between

in-sample and out-of-sample stories? This examines the models’ flexibility and generaliz-

ability in various storytelling scenarios.

To deepen our understanding of the factors that influence LLM accuracy, we also ex-

plore following secondary research questions:
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Q2-1. Impact of Training Data Size: How does the amount of data available to train

an LLM affects its accuracy in narrative assessment? This question seeks to explore the

relationship between training data size and model accuracy.

Q2-2. Optimal Model Choice and Use Case Scenario: Among the current LLMs, which

model and application scenario demonstrate the greatest ability for automatic narrative as-

sessment? Here, we aim to identify specific models and use cases that stand out in their

assessment capabilities.

Through this comprehensive examination, we aim to obtain insights that will enhance

the deployment and development of LLMs in narrative analysis tasks. By addressing these

questions, we hope to contribute valuable knowledge to the areas of automated story un-

derstanding and evaluation.

6.2 Materials and methods

6.2.1 Narrative Data Sets

LLMs were evaluated on two data sets. The first is the Academic Language of Primary

Students data set Enayati et al. (2024) and the second data set is the Alien Story data set

Jones et al. (2019). Each dataset is described in the following subsections.

6.2.1.1 Academic Language of Primary Students (ALPS) Data This data set com-

prises 3,484 narratives produced by school-aged students in kindergarten, first, second,

and third grades. Samples were elicited using a standardized protocol employing either a

retelling or generation task related to a provided set of pictures. There were nine sets of

three pictures (referred to as story types ). Researchers would randomly pick a picture set

and display the three related pictures and either model a grade-appropriate story and ask

the student to retell it (retell condition) or ask the student to generate a story about the
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Table 6.1. Definition of rubrics and their score ranges for each dataset

Rubrics Definition
Alien’s
Data

ALPS
Data

Character (Char) The who or what in the story acting as the agent 0-3 0-3
Setting (Sett) The time and/or place the story or episode takes place 0-3 0-3
Initiating Event \
Problem (Prob) An event or problem that causes the story to take-off 0-3 0-4

Plan (Plan) The idea the character has to fix the problem in the story 0-3 NA
Action (Act) The action taken by the character in response to the initiating event 0-3 NA
Plan &Attempt (Att) The plan and action that the main character does to solve the problem NA 0-4
Consequence (Con) A casually linked event following the main character’s action 0-3 0-4
Ending (End) The action the main character did at the end of the story NA 0-2
Emotion (Emo) The main character’s feeling about the problem NA 0-3

pictures without modeling (generation condition). The same number of narrative samples

were collected for each condition.

Researchers’ audio recorded students’ retold or generated stories, transcribed the sam-

ples, and then scored them using the Narrative Language Measures (NLM) Flowchart Pe-

tersen & Spencer (2012). The NLM Flowchart is a scoring rubric with a decision-tree

format that allows for quick scoring of Discourse Complexity and Sentence Complexity.

Only the scores yielded from the Discourse Complexity scales were used in this study. The

rubrics align with oral and written academic language expectations set forth by the Com-

mon Core State Standards (CCSS; National Governors Association Center for Best Prac-

tices & of Chief State School Officers (2010)) and based on Stein & Glenn (1975) story

grammar schema. When scoring each narrative, researchers rated the inclusion, clarity,

and completeness of the following elements: Character, Setting, Problem, PlanAttempt,

Consequence, Ending, and Emotion. Although most discourse elements were given a score

ranging between 0 (not present) and 3 (complete and clear), samples that included more

than one Problem, PlanAttempt, andor Consequence were awarded an additional point for

each additional component (see Table 6.1 for a description of each element). For more

information about the scope of ALPS dataset, please refer to Spencer & Staff (2023).
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6.2.1.2 Alien Story Data The Alien Story corpus consists of 414 narratives elicited

from students ranging from 5 to 11-years-old. This dataset had previously been utilized

by Jones et al. (2019), whose method we replicate in our study based on their work with

this dataset. The narratives were generated in response to prompts from the Test of Nar-

rative Language-2 (TNL) Gillam & Pearson (2004a). The story corresponded to a single

image depicting an alien family landing in the park. The narratives produced by children

were audio recorded and transcribed according to SALT conventions Miller et al. (2016).

The narratives were scored using a scoring rubric, Monitoring Indicators of Scholarly Lan-

guage (MISL) Gillam et al. (2017). The MISL includes subscales for macrostructure (i.e.,

discourse elements) and microstructure (i.e., linguistic complexity). As per Jones et al.

(2019), six primary macrostructural elements were considered, each receiving scores rang-

ing from 0 to 3: Character, Setting, Initiating Event, Plan, Action, and Consequence. The

description about each element followed by their score ranges is shown in Table 6.1.

6.2.2 Models for Narrative Assessment

The task involves the use of an LLM to predict integer scores corresponding to each dis-

course elements for a given narrative. Formally, let s be a narrative and r “ tr1, r2, ..., rmu

be a list of assessment scores for m discourse elements. The task is formulated as a pre-

diction problem, where the objective is to learn a function, fpsq “ r, that automatically

predicts scores r accurately.

The LLM model of emphasis for this research is the Generative Pre-trained Transformer

(GPT) Brown et al. (2020), a model that stands at the forefront of language modeling due

to its sophisticated capabilities Han et al. (2021); Dinh et al. (2022). GPT models are

pre-trained on diverse and expansive datasets compiled from a wide swath of the internet,

including books, articles, and websites, encompassing virtually every domain of knowledge

available to the public Brown et al. (2020). This pre-training involves learning patterns of

language, factual information, and even stylistic nuances from hundreds of gigabytes of text
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data. For instance, GPT3 is a version of GPT model that has different versions, from the

most powerful and expensive version, Davinci, with 175 billion parameters, to the smallest

yet cheapest to use engine, Ada, with 40 million parameters. Larger GPT3 models are

known to generate coherent and human-like text.

GPT models can be used to solve NLP tasks in two ways: in-context learning and fine-

tuning. In-context learning provides the GPT model with a text input, known as a “prompt”,

instructing the model to generate specific content. In-context learning leverages model’s

pre-trained knowledge on diverse data set to produce contextually appropriate responses

based on the provided prompt. In-context learning does not update any weights in the

GPT model. Unlike in-context learning, fine-tuning is a more specialized approach that

adjusts the model’s weights to produce the desired response. It updates the weights of the

pre-trained GPT model using task-specific training data consisting of pairs of inputs (e.g.,

stories) and responses (e.g., story assessments).

The choice of whether to fine-tune or use in-context learning depends to large extent on

the size of the training data set. In-context learning is more appropriate when the training

data is small or even when training data does not exist. Alternatively, GPT fine-tuning is

desirable when the training data set is sufficiently large.

6.2.2.1 GPT3 Fine-tuning GPT3 Fine-tuning The fine-tuning approach was ex-

plored and tested in this study. Fine-tuning updates the weights of a pre-trained model

using task-specific training data. To fine-tune GPT3, we used narrative texts that were

rated by educators. There are two ways to fine-tune GPT: I) train a separate GPT model

for each discourse element; II) train a single GPT model that can predict the scores for all

discourse elements. We chose to do the latter one as this approach reduces the training cost

by a factor m, where m is the number discourse elements. During training phase, the model

is provided with a narrative text as input and is trained to predict the scores for all discourse

elements. The responses were formatted in a specific template form for each element. For
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example, if the score on Character was 2, we generated the following desired response:

“Character receives 2 points out of 3.” In Figure 6.1, we illustrate the workflow of our fine-

tuning and show the format of input and response text. Our preliminary experiments show

that generating response in the proposed manner is better than using pure scores as outputs.

During testing phase, we applied the fine-tuned GPT3 model on testing data, which has

the same format as the training data. The model was then tasked to generate the text-based

scores for all elements. We then used regular expressions to extract the numerical score

from these textual responses to evaluate model’s accuracy.

Figure 6.1. GPT3 fine-tuning illustration. Illustration of the input-output training example
created to fine-tune GPT3

6.2.2.2 GPT3 In-Context Learning GPT3 In-cotext As we explained, in-context

learning is a method to let LLMs adapt to new tasks based on the information provided

in the input prompt, without further training. The prompt is the important cue to guide

the model generating responses aligned with the task and users’ expectations. The careful

design of the prompt is crucial because the model is sensitive to the input prompt. Among

several approaches in prompt engineering Liu et al. (2023), we chose the chain-of-thought

(CoT) Wei et al. (2022) technique where GPT is instructed to explain how to arrive at

the answer before providing the answer. To construct the prompt, we follow the CoT

instruction with a few examples of desired assessments of narratives. At the end of the
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prompt, we input a narrative we wish to score and expect GPT to provide scores with

justifications.
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In Figure 6.2, we show an example of our designed prompt. In particular, we crafted

prompts that incorporated task instructions, six example narratives with justifications for

why each element was scored the way it was, and a numerical rating for each discourse

element.

Figure 6.2. GPT in-context-learning prompt. Example of the prompt used for in-context
learning. 1 story enriched with reasoning are provided as the task demonstration followed
by the text example to be rated by GPT.

Since GPT is a generative model, it always generates text. Therefore, we have to post-

process the generated response to extract the predicted scores and justifications. We ex-

tracted the numerical scores from the textual responses using regular expressions.
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6.2.2.3 Baseline Models We compared GPT models with two baselines: Decision

Tree Sammut & Webb (2011) and BERT Devlin et al. (2018). Decision tree is a classical

machine learning approach, while BERT is a language model that was the state of the

art prior to introduction of GPT. BERT was a model of choice in the previous work on

evaluation of LLMs on narrative assessment by Jones et al. (2019). Both approaches rely

on the standard machine learning process: to train a model, they take the raw text (narrative)

as input, and learn to map input to output (narrative discourse elements). To test the model,

given the trained model, the narrative text is used as input and the model predicts the output,

which is the score corresponding to discourse elements. The two types of baselines are

described next.

Baseline DT (Decision Tree): Decision tree Sammut & Webb (2011) is a popular

supervised learning ML algorithm that creates a tree-structured model that makes a predic-

tion based on a series of yes/no questions and can be used for classification and regression

tasks. In our study, we specifically employed the decision tree algorithm for a regression

task. The objective was to predict the score for an element based on the length of each

narrative (number of words split by white-space), which, in this method, serves as a sin-

gle input variable for the model. The justification for using decision tree with this single

variable is our observation that longer narratives are more likely to be highly assessed than

very short ones. A successful deep learning model, such as BERT or GPT, should achieve

significantly higher accuracy than this model. Thus, the decision tree serves as a lower

bound on achievable accuracy. Since the decision tree can provide a decimal as output, we

rounded its prediction to the nearest score.

BERT: Bidirectional Encoder Representations from Transformers (BERT) Devlin et al.

(2018) achieves high accuracy on a variety of tasks such as sentence classification, question

answering, and sentence tagging. BERT takes a raw text as input and transforms each word

in the input to numerical vector representation (e.g., 768-dimensional embedding vector).

One of the key features of BERT is its ability to learn contextual word embeddings. The
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bidirectional nature of BERT allows it to consider the entire input sequence in both for-

ward and backward directions, capturing rich contextual information. The BERT model is

pre-trained on a large corpus of text, and the learned representations can be fine-tuned on

a wide range of NLP tasks. Jones et al. (2019) adapted BERT to predict MISL flowchart

scores of narratives from the Alien dataset. In this study, we consider BERT as a compet-

itive baseline for GPT. A narrative is provided as input to the BERT, which creates vector

representation of the narrative (denoted as CLS token). This vector representation is then

linearly transformed to provide numerical assessment of the narrative. We fine-tuned the

BERT model for a regression task to minimize mean squared error (MSE) of the assess-

ment score. The predicted numerical score is then rounded to the nearest integer score and

compared with the actual score to compute accuracy. Separate BERT models were trained

for each discourse element.

6.2.2.4 Hyperparameter Tuning and Optimization Hyperparameter tuning refers

to the process of selecting the parameters of a machine learning algorithm that need to be

defined before model training. It is a critical step when applying most types of machine

learning algorithms.

Hyperparameters for GPT3 fine-tuning: We opted to use GPT3 Ada engine for fine-

tuning due to its cost-effectiveness. According to OpenAI pricing 1, fine-tuning with Ada

is 75 times cheaper than Davinci (stronger engine). Also, our limited preliminary results

showed that fine-tuned GPT3 Ada achieves similar accuracy to fine-tuned GPT3 Davinci.

The hyperparameters for fine-tuning GPT3 were mostly set to their default values according

to OpenAI manual 2. The maximum number of training epochs was set to 15 and fine-

tuning was allowed to be terminated early when the accuracy on validation set that was

randomly selected from training data stopped improving. We allowed GPT3 to generate up

1 https://openai.com/pricing
2 https://platform.openai.com/docs/guides/fine-tuning/hyperparameters
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to maximum of 100 tokens. The temperature parameter that controls the randomness of the

generated output was set to 0, meaning that GPT always generated the most likely word.

We used the stop token delimiter ‘##’ to indicate the end of a sentence. It served as a signal

to the model that it should stop generating text.

Hyperparameters for In-Context Learning: We used GPT3.5 and GPT4 for our in-

context learning experiments. As we described in Section GPT3 In-cotext, in-context learn-

ing does not require ample amount of training data. In our experiment, we used only six

scored narratives with justifications in the prompt, as shown in Figure 6.2. We used a larger

value of 512 for the output length since this approach generates justifications in addition to

scores. Also, to improve the models’ creativity in reasoning, we used the temperature 0.2.

Hyperparameters for Baselines: For decision tree, we used the implementation in

scikit-learn python package 3 and used default hyperparameters values. For BERT base-

line, we followed the methodology and used the same hyperparameters as in Jones et al.

(2019). We opted for the BERT-base-uncased pretrained model for fine-tuning in the re-

gression task. Across all elements, the learning rate was set to 5e-6, the batch size to 16,

and maximum number of training epochs to 30. Throughout the fine-tuning process, we

preserved the best-performing model based on its performance on the validation set, ensur-

ing an accurate evaluation on the test set.

6.2.3 Evaluation Metric

In the evaluation of our predictive models, we followed Jones et al. (2019) who used

Quadrative Weighted Kappa (QWK) to evaluate the agreement between automatic scoring

and ratings from human experts. It does so by analyzing a confusion matrix and calculat-

ing the weighted difference between predicted and actual scores. QWK has the advantage

over other classification metrics as it assigns higher weights to agreements that are closer

to perfect agreement, and lower weights to agreements that are further from perfect agree-

3 https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeRegressor.html
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ment. The score ranges between zero and one (the higher the better) and any score above

0.6 is treated as a strong agreement in the literature Dikli (2006). In our analysis, QWK

for both automatic scores and scores from a secondary human coder were compared with

the primary coder. This allowed us to both calculate the accuracy of the machine learning

models and to compare with the human interrater reliability.

6.2.4 Experimental Design

To answer our research questions, we divided the ALPS dataset into several subsets.

The dataset compromises nine distinct story types, which we divided into two groups for

analysis: 1) In-sample set: This consists of narratives from six story types, including 1,686

narratives for training and 573 for testing. We use term “in-sample” because these story

types were shown to the model during training. 2) Out-of-sample set: This includes 1,039

narratives from the remaining three story types used exclusively for testing. We refer to this

set as “out-of-sample” since these story types were not shown to the model during training.

In total, our study involved training on 1,686 in-sample narratives, and 1,612 (573 in

sample and 1,039 out-of-sample) for testing, as depicted in Figure 6.3. ALPS narratives

were rated by one of 10 trained human coders, which we refer to as primary human coders.

The assessments by the primary coder were treated as gold standard scores in our exper-

iments. For a subset of ALPS narratives, assessments from another human coder were

available. We made sure that all those narratives were reserved as the test data set, un-

seen during training. In particular, there were 573 narratives from the in-sample set and

250 examples from the out-of-sample set that had been assessed by the secondary human

coder. This enabled us to calculate inter-rater reliability between human coders, offering

a basis to measure the reliability of the model generated scores. Moreover, evaluation on

the out-of-sample set is important to understand the generalizability of the models on new

story types.
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Figure 6.3. Data splits for ALPS data. The green portion of the figure (823 stories) were
stories rated by two raters. Panels on left correspond to six story types (in-sample) that
were seen in training data. Panels on right correspond to three story types (out-of-sample)
that were not seen in training data.

On the Alien dataset we follow Jones et al. (2019) to maintain consistency and com-

parability, we used the same training and test split, involving 331 training and 83 testing

narratives, respectively. Since there was only one story type rated by a single expert coder,

we were not able to measure the interrater reliability on this dataset.

6.3 Results

Our main goal was to evaluate the accuracy of GPT models on ALPS and Alien Story

narrative datasets and compare it with BERT model Jones et al. (2019), DT baseline, and

with the human interrater reliability. In Table 6.2 we show QWK scores of DT, BERT,

and GPT3 Ada models on Alien Story data. All three listed models were trained on 331

examples and tested on 83 examples from Alien data. The columns list QWK scores for

each of the six discourse elements explained in Table 6.1 and the averaged QWK score.

The results show that average QWK score of GPT3 (60.95) was substantially higher than

BERT’s average score (51.51). The average QWK of DT was the lowest (30.91). Looking

at the individual discourse elements, we can observe some variance in the results that could
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Table 6.2. QWK accuracies of different models on 83 test stories from Alien Story Data.

Char Sett Prob Plan Act Con Avg QWK

Baseline DT 28.78 22.19 41.43 7.56 55.50 30.0 30.91
BERT 91.80 30.30 50.30 37.70 54.9 44.1 51.51
GPT3 91.50 51.19 57.84 62.68 50.76 51.76 60.95

be attributed to the relatively small test set of 83 examples. It seems that Character is easier

to predict than other discourse elements.

We observe that BERT results in Table 6.2 are not consistent with the same results re-

ported in Table 2 in Jones et al. (2019). Our reported accuracies are substantially lower.

Our investigation of BERT code provided by Jones et al. (2019) revealed that there was an

overlap between testing and training data in this previous work. Testing on training data is

known to result in overly optimistic accuracies and the standard practice in machine learn-

ing is to test on examples not seen during training. Our reported accuracies are consistent

with the standard evaluation practice in machine learning.

On the ALPS data, we evaluated the model accuracy on the whole test set (Table 6.3)

and several of its subsets (Table 6.4) as defined in Figure 6.3. In Table 6.3, the columns

show the 7 discourse elements of ALPS data, explained in Table 6.1, and the average QWK

scores. The rows correspond to QWK scores of different models tested on 1,612 examples,

which covers the entire test set. We show the results of GPT3, BERT, and DT models

trained on the full training data set of 1,686 as well as the results of GPT3 and BERT

models trained on the 10% of the training set (denoted as “**”). Our goal was to measure

the relationship between the training data size and the model accuracy. According to Table

6.3, the results show that the average QWK of GPT3 generated scores on all the ALPS

discourse elements (69.12) is higher than BERT(64.58) and substantially higher than DT

(24.33). The QWK scores of GPT3 across different elements range between 53.53 and

86.21, with Character the most easily predictable element and Ending the hardest to predict.
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Table 6.3. QWK accuracies of different models on 1,612 ALPS test stories. Numbers in
parenthesis next to model names are the number of stories used in training.

Char Sett Prob Att Con End Emo Avg QWK

Baseline DT (1,686) 20.20 20.73 17.80 35.34 32.26 19.69 14.57 24.33
BERT** (168) 52.90 37.50 20.70 24.80 12.10 29.90 47.70 29.65
GPT3** (168) 83.46 54.16 16.87 51.52 37.48 36.03 73.84 46.58
BERT (1,686) 88.10 75.30 62.00 57.70 56.20 48.20 81.70 64.58
GPT3Ada (1,686) 86.21 78.20 68.21 64.70 63.90 53.53 82.91 69.12

Table 6.4. Comparison of finetuning different GPT3 models versus in-context learning
with GPT3.5 and GPT4. All models are tested on the same 10% of the randomly selected
two-rated test ALPS stories (82 examples).

Char Sett Prob Att Con end emo Avg QWK

IRR baseline 95.80 78.89 82.45 80.73 70.94 65.19 79.92 79.13
Baseline DT(1686) 23.28 30.73 31.94 57.83 53.71 22.56 8.02 32.58
BERT** (168) 64.18 51.16 20.30 28.36 15.81 25.92 27.25 32.28
GPT3Ada ˚ ˚(168) 88.27 55.25 26.26 71.04 60.99 43.56 72.39 59.68
GPT3Babbage** (168) 78.81 56.88 27.26 65.61 50.55 44.67 65.18 55.56
GPT3Curie** (168) 83.40 66.82 29.88 79.67 66.94 52.03 72.30 64.44
GPT3Davinci** (168) 80.21 68.03 39.01 47.69 46.89 55.10 66.03 57.57
BERT (1686) 85.38 70.44 52.38 67.53 61.29 49.34 76.09 66.06
GPT3Ada(1686) 85.16 73.88 73.81 75.84 67.42 68.21 76.42 74.39
GPT3.5-In-Context (6) 70.83 50.63 22.47 57.39 43.41 36.30 44.11 46.44
GPT4-In-Context (6) 73.57 61.19 67.60 82.98 55.22 45.81 58.32 63.52

The findings in Table 6.2 and Table 6.3 indicate that GPT3 is more accurate than BERT on

both Alien and ALPS data.

Table 6.3 shows that training data size has a large impact on accuracy. Average QWK

of GPT3 decreases by 32% (from 69.12 to 46.58) when trained on 10% of the training set.

BERT accuracy decreases even more drastically, by 54% (from 64.58 to 29.65). The results

indicate that GPT3 is more capable of learning from small data than BERT. In fact, BERT

accuracy when trained on 168 examples is comparable to DT, which only uses the number

of words in a narrative as a predictive variable.
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Our next objective was to compare accuracy of automatic scoring algorithms to hu-

man Inter-Rater Reliability (IRR), which can provide an upper bound on the achievable

accuracy. GPT3, BERT, and DT were trained using scores provided by the primary hu-

man rater. For a subset of 823 narratives from the ALPS test set we had available scores

provided by another (secondary) human rater. Both the primary and secondary raters had

equal expertise in assessing student narratives. We refer to this set of 823 narratives as

the two-rater set, which includes 573 in-sample and 250 out-sample stories (illustrated in

Figure 6.4). We reserved the two-rater set for testing. We calculated IRR by treating scores

by the primary rater as the ground truth and scores by the secondary rater as the prediction.

Then, we calculated QWK by comparing the primary and secondary rater scores. Figure

6.4(A) compares the inter-rater QWK accuracy with QWK accuracy of GPT3, BERT and

DT models on the two-rater test set. The horizontal axis distinguishes between different

discourse elements and overall average QWK across all discourse elements.

Figure 6.4. IRR comparison of diffferent ML models. Inter Rater Reliability (IRR) com-
pared with ML models on the entire two-rater test set as well as in-sample and out-of-
sample portions of the set. The “Overall” bar shows the average QWK scores of ML
models across all narrative discourse elements. (A) Annotator agreement on two rater test
sets (823 examples). (B) Annotators agreement on in-sample test set (573 examples). (C)
Annotators agreement on out-of-sample test set (250 examples).

As seen in Figure 6.4(A), GPT3 had average QWK of 74 and BERT 70. The accuracy

is somewhat higher than that reported in Table 6.3, caused by a different distribution of
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story types between the full test set and two-rater test set. However, the difference in QWK

accuracy between the two models is consistent. The average QWK between the two raters

(the IRR bars) is 78. This shows that accuracy of GPT3 is halfway between BERT and

human experts and that the accuracy gap between LLMs and humans continues to close.

On the individual discourse elements, GPT3 is within the statistical error on Consequence

and Emotion.

To evaluate the ability of automatic scoring models to assess types of stories not seen

during training, we compared QWK accuracy on in-sample and out-of-sample subset of

two-rater test narratives. Figure 6.4(B) and (C) correspond to in-sample and out-of-sample

of two-rater narratives. According to the figures, the average QWK scores of GPT3 on in-

sample and out-sample data were 78.19 and 62.32, respectively. The average QWK scores

of BERT on in-sample and out-of-sample data were 74.8 and 59.16, respectively. Accuracy

of both models on out-of-sample data is substantially smaller compared to in-sample data.

Only a small fraction of this decrease could be explained by the complexity of assessment

of the two groups of story types, because the inter-rater QWK was 79.98 on in-sample and

72.4 on out-of-sample data. The gap between IRR and LLMs GPT3 and BERT is very

small on in-sample data, while it is substantial on out-of-sample data.

To select an appropriate GPT3 model that has a good tradeoff between cost and accu-

racy, we explored different types of GPT models, ranging from the smallest and cheapest

Ada to the largest and most expensive Davinci. Due to budget constraints, we conducted

this experiment on the ALPS dataset using 10% (168 examples) training data and tested on

10% of the two-rater set (82 examples). We followed the same process explained in Sec-

tion GPT3 Fine-tuning, to fine-tuned non-Ada GPT3 models Babbage, Curie, and Davinci.

We report QWK accuracies of these three larger models in Table 6.4. The results show

that there is a relatively small difference in accuracy of the four GPT3 models. Curie was

overall the most accurate model and Babbage the least accurate. Davinci was the most

expensive model, costing 8.60$ to fine-tune on 10% of the data. The estimated cost of
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fine-tuning Davinci model on the full training set would be 46$ versus Ada which would

be 0.6$. Given that Ada (0.11$) is about 8 times cheaper than Curie (0.86$) and achieves

only slightly smaller QWK accuracy, this justifies our choice to use GPT3 Ada in the rest

of the experiments.

The results shown so far were about GPT3 model fine-tuned (see Section GPT3 Fine-

tuning) on the full training set of 1,686 narratives or on its 10% subset of 168 narratives. As

seen from Table 6.3, fine-tuning is data-hungry and requires availability of a large training

data set. An alternative to fine-tuning is in-context learning (see Section GPT3 In-cotext).

In-context learning does not require expensive fine-tuning, so it is attractive when using

more powerful GPT models such as GPT3.5 and GPT4. Another appeal of in-context

learning is that it does not need a lot of training data. In our experiment, we used only

six rated narratives for the task demonstration, where we randomly selected one narrative

from each of the six in-sample story types from the training set. We employed the ”chain-

of-thought” prompting approach as explained in Section GPT3 In-cotext. This involved

providing the model with task instructions along with the six rated narratives. Figure 6.2

illustrates the prompt with one narrative (instead of six) for the demonstration followed by

a test narrative that is to be automatically assessed. This method was tested using the most

powerful GPT models, GPT3.5 and GPT4, on 10% (82) of the two-rater test narratives.

Table 6.4 compares QWK accuracy of fine-tuning and in-context learning for a range

of GPT3, GPT3.5, and GPT4 models on 10% of two-rater test data. Table 6.4 also includes

QWK for the IRR and DT model. It is important to highlight that, in the in-context learning

setting, we provided only 6 rated narratives, while in fine-tuning, the model was fine-tuned

on 168 or 1,686 rated narratives. GPT4 in-context approach was more accurate (63.52

average QWK) than GPT3.5 in-context (46.44 QWK), which is consistent with the existing

literature showing that GPT4 is more capable than the older GPT3.5 model (Kozachek,

2023). Importantly, in-context GPT4 accuracy was significantly smaller than the accuracy

of GPT3 fine-tuned Ada model (74.39 average QWK) and somewhat smaller than fine-
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tuned BERT model (66.06 average QWK) on 1,686 training narratives. Interestingly, fine-

tuned GPT3 Ada and BERT on 168 training narratives have lower average QWK accuracy

(59.68 and 32.28) than in-context GPT4 that saw only 6 training narratives. This finding

indicates that if plentiful training data are available, fine-tuning of less powerful models

such as BERT and GPT3 is preferable to in-context learning of GPT3.5 and GPT4. On the

other hand, if only a few training stories are available, in-context learning with the more

powerful GPT3.5 or GPT4 is preferred.

6.4 Discussion

The purpose of this study was to examine the performance of GPT models on automati-

cally assessing narratives. This study extends the work of Jones et al. (2019), who explored

automated narrative analysis using BERT Devlin et al. (2018), an immensely successful

and popular early LLM.

Model Performance and Training Data Size: Our comparative analysis between

GPT3 and BERT highlights the GPT3’s improved accuracy, particularly on the ALPS data

where the training size was larger, which addresses research question Q1-1. Specifically,

GPT3’s increased accuracy in scoring the Problem, Ending, and Plan/Attempt elements,

which are the key plot features, highlights its capabilities in handling complex narrative

assessments. The substantial improvements with larger training set compared to a smaller

set (GPT3** trained on 10% of the original data), such as a fourfold increase in Problem

accuracy and 70% increase in Consequence accuracy, affirms the critical importance of

having a lot of training data, which was the focus of Research question Q2-1.

Inter-rater Reliability Insights: Comparing accuracy of fine-tuned GPT3 and BERT

model with the inter-rater reliability, in the context of question Q1-2, revealed that GPT3

provides a substantial increase in accuracy over the older LLM BERT, particularly for the

challenging elements of Ending and Consequence. Comparing with the inter-rater relia-
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bility, it can be concluded that GPT3 bridged half of the accuracy gap between BERT and

human performance. This suggests that LLMs are getting closer in achieving a human level

performance in assessment of discourse elements in our application. It is possible that in

cases when the human coders are unavailable or when they are not well trained, GPT3

may already be a feasible assessment tool across various educational contexts and narrative

forms.

Model Generalizability and Performance Variability: In answering research ques-

tion Q1-3, we observed a substantial decline in GPT3 and BERT accuracy when assessing

story types not seen during training. While GPT3 accuracy on story types seen during

training came very close to human performance, the accuracy gap on unseen story types

indicates that GPT3 might not be ready for practical use when there is not enough training

data for a particular story type. These observations are crucial for informing future model

training and development strategies, emphasizing the need for diverse and comprehensive

training datasets to enhance model robustness and generalizability.

Potential of In-context Learning: When dealing with limited training data, we discov-

ered that in-context learning provides appealing opportunities. Comparison with traditional

fine-tuning approaches provides an insightful contrast between the two learning paradigms

that could be informative for future applications and development of automated scoring

systems. Our results suggest that in situations where acquiring labeled data is difficult,

providing a limited number of examples with detailed reasoning for in-context learning of

GPT4, one of the most powerful LLMs to date, could result in reasonably accurate narra-

tive assessment. However, if training data are plentiful, our results indicate that fine-tuning

smaller and cheaper LLM could result in superior accuracy compared to in-context learn-

ing of the most powerful LLMs. It should be added that using more powerful LLMs for

narrative assessment is associated with significantly higher monetary costs, which could be

a limiting factor in practical applications.
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6.4.1 Practical Implications

Our research indicates that we are reaching a inflection point where automated narra-

tive assessment could become practically useful. The integration of GPT models into the

narrative assessment process could offer a way to reduce the burden on educators and allow

them to spend more time on instruction and intervention.

Additionally, the adaptability of GPT models facilitates the training on various dis-

course elements, making it a versatile tool across educational curricula. By leveraging the

OpenAI API, users can customize the system to train on specific discourse elements and

apply scoring guidelines appropriate for their unique educational contexts.

6.4.2 Limitations and Future Directions

One potential limitation of the current study is that our results were obtained on assess-

ment of narratives provided by kindergarten to third grade students. Those narratives are

typically very short and simple. Thus, it is possible that the obtained results would not be

replicated on assessments of longer and more nuanced narratives produced by older stu-

dents. A limiting factor in repeating our study on narratives from older students would be

costs of data collection, as our study indicates that it would be preferable to collect thou-

sands of human rated narratives. Another limitation of our study was that due to the large

monetary cost of state-of-the-art LLMs, such as GPT4, some of our results were obtained

on subsamples of training and test data. Also, the high monetary cost prevented us from

comprehensively exploring prompting strategies for in-context learning and finding good

hyperparameters for fine-tuning. Thus, it is possible that we could have reached higher

accuracy in our experiments if we were able to better optimize different aspects of our

experimental procedure.

There are many possible directions for future research. For example, it would be ben-

eficial to pursue an end-to-end integration of Automatic Speech Recognition (ASR) tools
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with Large Language Models (LLMs). This integration could streamline the process of

generating high-quality narrative transcripts for training. As another example, fine-tuning

LLMs on training data that include textual justifications for the assessed scores presents a

promising avenue for future exploration. We hypothesize that including justifications could

enhance the model’s comprehension of the assessment. Since collection of training data en-

riched with justifications is expensive, it opens interesting questions about costs and best

approaches for preparing training data and using such data for training automated narrative

assessment models.

6.5 Conclusions

In this study, we explored the potential of GPT, the state-of-the-art class of LLMs, as

an automated scoring system for assessing discourse elements in narrative language sam-

ples. Fine-tuned GPT3 outperformed fine-tuned BERT, the older-generation LLM model,

showing impressive performance across all narrative elements. We demonstrated the criti-

cal importance of having plentiful training data for fine-tuning. Fine-tuning smaller LLMs

on large training data can be better than fine tuning larger LLMs on less data. In situations

where training data are extremely limited, in-context learning of the most powerful models

such as GPT4 can achieve impressive assessment accuracy. Our results indicate that accu-

racy of fine-tuned LLMs substantially decreases on story types unseen during training. On

story types seen during training, fine-tuned GPT3 is approaches and in some cases matches

accuracy of human experts. Overall, our results imply that current state-of-the-art LLMs

such as the GPT class of models might already be a feasible solution for assessment in

specific application scenarios, while in other scenarios there are still significant obstacles

to their deployment. Further research is needed to better understand the scenarios where

LLMs are applicable for automatic assessment of student work and to comprehensively

evaluate benefits and pitfalls of deploying such systems in practice.
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CHAPTER 7

CONCLUSION

This dissertation presents a series of innovative methodologies to address the challenges

of document classification in low-resource environments, focusing on healthcare and ed-

ucation domains. The research tackles the critical issues of annotation efficiency, model

training with limited labeled data, and automated evaluation, providing practical solutions

that significantly enhance the performance and applicability of machine learning models in

these fields.

In the healthcare domain, the developed visualization approach for rapid labeling of

clinical notes has shown to dramatically reduce the cognitive load on annotators, resulting

in faster and more efficient data labeling. By clustering similar sentences and highlighting

key features, this tool accelerates the annotation process, enabling the collection of larger

volumes of high-quality labeled data. This, in turn, improves the training and accuracy of

machine learning models used for tasks such as smoking status extraction.

The research further addresses the problem of training accurate classifiers with lim-

ited labeled data through the MERIT framework. By leveraging shortest dependency paths

(SDP) and specific distance thresholds for label propagation, this method effectively aug-

ments labeled datasets, enhancing model performance. The iterative algorithm developed

to learn automatic thresholds for label propagation extends this approach, demonstrating

substantial improvements in various learning scenarios, including semi-supervised, super-

vised, and in-context learning.

In the education domain, the dissertation proposes a novel approach to automated nar-

rative scoring using large language models (LLMs). This methodology accurately captures

the scoring patterns of teachers, offering a scalable and consistent alternative to manual

evaluation. By reducing the subjectivity and resource demands associated with manual
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scoring, this approach provides a reliable tool for assessing narratives generated by school-

aged children.

Overall, the experimental results validate the effectiveness of the proposed methodolo-

gies in improving annotation speed, data utilization, and model accuracy. The contributions

of this dissertation offers scalable and practical solutions for critical tasks in healthcare and

education.

Limitations & Future Research

A limitation of the study in Chapter 3 is the lack of evaluation of how annotation quality

impacts final model accuracy. While the proposed display reduced annotation time, the

quality of the annotations was not assessed.

Additionally, the within-subject design, where annotators used both the proposed and

baseline displays, may have introduced learning or fatigue effects, influencing perfor-

mance. Future research could address this by employing a between-subject design to elim-

inate carryover effects. However, this would require careful group balancing and a larger

sample size for robust comparisons.

In Chapter 6, the study could benefit from involving additional annotators to achieve

more reliable inter-rater reliability (IRR), particularly for challenging elements. A limita-

tion is the lack of clear instructions on how annotators were trained for scoring. Further-

more, the use of one expert and one non-expert annotator in the Alien dataset introduces

variability that could affect consistency. Future research would benefit from employing

annotators with comparable expertise and including more than two raters to improve agree-

ment reliability.

While these limitations point to specific methodological improvements, the thesis also

opens up broader opportunities for future research. Beyond addressing these challenges,

there are several promising directions for advancing the techniques and applications intro-

duced in this work. These directions aim to extend the impact of this research by exploring
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innovative methods and tackling new problems. The primary future directions can be sum-

marized into three objectives.

Objective 1: SDP-Based Applications in Rapid Labeling While this research lever-

aged SDP-based label propagation methods to tune classifiers in low-resource settings, an

intriguing direction for future work would be to extend the application of SDP-based rep-

resentations to the annotation process itself, particularly in sentence clustering tasks. Us-

ing SDP representations as a basis for clustering could facilitate more complex annotation

tasks, such as Relation Extraction (RE), by grouping sentences with similar contextual and

syntactic structures. Future research could investigate the effectiveness of SDP-based clus-

tering in improving annotation efficiency and consistency, potentially reducing cognitive

load for annotators and increasing the quality of labeled datasets.

Objective 2: LLM-Based Relation Extraction with Self-Supervised SDP Pre-Train-

ing Building on the success of SDP-based label propagation, future research could explore

self-supervised learning approaches to pre-train SDP representations on large, unannotated

biomedical corpora. This approach would involve designing self-supervised objectives that

help the model capture dependency-based relationships within biomedical text. For in-

stance, a Masked Dependency Path Prediction task—where specific tokens or segments

within dependency paths are masked, and the model is trained to predict them—could en-

courage the model to learn syntactic and semantic patterns essential for relation extraction.

Additionally, Dependency Path-Aware Attention mechanisms could be developed to en-

hance the model’s focus on tokens within the SDP, ensuring that the embeddings capture

key relational cues. Such attention layers could assign greater weight to syntactically sig-

nificant tokens, producing refined and relation-specific SDP-based representations.

Objective 3: GPT-Based Classifier with Reasoning for Educational Applications

Extending the current application of narrative scoring, future research could focus on
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integrating reasoning explanations alongside scoring, making the feedback more infor-

mative for educational purposes. While collecting ground-truth reasoning data can be

resource-intensive, one approach could involve generating synthetic explanations aligned

with ground-truth scores, and using these generated explanations to fine-tune a GPT-based

model. By training the model on paired scores and explanations, this approach could create

a classifier capable not only of assigning accurate scores but also of providing reasoning

behind each score. This added layer of feedback could improve the interpretability and

educational value of automated scoring systems for student narratives.
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