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The Development of Evaluation Metrics for
Sentence Suggestion in Nursing and Elderly

Care Record Application*

Defry HAMDHANA

Abstract

This thesis proposes a novel metrics evaluation framework for assessing the
quality of sentence suggestions generated by a model in nursing care record ap-
plications. The objective is to introduce a systematic approach for evaluating the
quality of generated sentence suggestions, allowing for assessments comparable to
caregiver evaluations. Our proposed framework aims to provide a comprehensive
and standardized method for evaluating the efficacy of sentence suggestions. By
establishing a systematic evaluation process, we seek to bridge the gap between
automated assessments and human evaluation, contributing to the development
of more reliable and accurate models in the field of nursing care record applica-
tions.

During the initial phase of our study, we used a Markov model to generate
sentence suggestions within the context of nursing care record applications. These
suggestions were then compared systematically against ground truth care records,
serving as a reference for accuracy and relevance. Furthermore, we conducted a
human evaluation to obtain caregivers’ opinions and establish a ground truth
for the assessment process. By comparing the model-generated suggestions with
ground truth care records and expert evaluations, our study aims to assess the
performance and applicability of the Markov model comprehensively.

Based on this foundation, our study evaluated the generated sentence sugges-

tions using several existing metrics. The outcomes of these metrics were then
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systematically compared against human evaluations, and the results were metic-
ulously observed. Given the unique characteristics of care records, we found that
the current evaluation metrics fell short of delivering satisfactory assessments.
The intricacies of healthcare documentation necessitate a more nuanced approach
to evaluation. Our findings underscore the need for customised metrics that can
capture the specific intricacies and nuances of sentence suggestions within the
context of care records.

In conclusion, our proposed evaluation metric outperforms several current eval-
uation methods in assessing sentence suggestion generation within care record
applications. The meticulous comparison against existing metrics revealed the
limitations of conventional approaches in adequately capturing the intricacies of
healthcare documentation. By introducing a more tailored evaluation methodol-
ogy, our study seeks to address these limitations and enhance the accuracy and

relevance of assessments.
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Chapter 1

Introduction

A nursing care record application collects electronic health records documenting elderly
healthcare services and treatments. The information in elderly care includes diagnoses,
examination results, care plans, prescribed medications, and performed medical proce-
dures [51]. Nursing care records also include meticulous documentation of care provided,
from caregivers to physicians, and encompass medical interventions. Nursing care records
encapsulate data related to hospital visits or other nursing care facilities. Administrative
details owned by the elderly are also integral components, making nursing care records
repositories of critical health-related information.

In nursing care record applications, sentence suggestion emerges as a strategic solution
to address caregivers’ time constraints in reporting elderly conditions through nursing
care record applications. To streamline the recording process, sentence suggestion in-
volves completing sentences triggered by specific user-inputted words or phrases. The
primary objective of sentence suggestions is to afford caregivers sufficient time to record
patient conditions accurately. This method aims to facilitate the seamless and error-free
documentation of patient information by automating the completion of sentences based
on user input.

However, the use of sentence suggestion models in nursing care record applications is
challenging because of the inherent structural complexity of care records. The challenges
arise from diverse and non-standardised sentence structures, coupled with the use of spe-
cialised medical terminology. Care records typically encompass various linguistic patterns
and medical-specific terminology, posing a significant hurdle for conventional sentence
suggestion models. Addressing these challenges requires the development of more sophis-

ticated models capable of accommodating the intricacies of diverse sentence structures
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and medical terminology.

1.1 Problem Statement

The presence of evaluation metrics capable of precisely assessing sentence suggestions
within care record applications, with indications closely aligning with human assessments,
proves instrumental in advancing the development of specialized sentence suggestion mod-
els for care records. The inherent complexity of healthcare documentation underscores the
critical need for accurate evaluations in this domain. A closer alignment between auto-
mated evaluations and human judgement is essential for refining and optimising sentence
suggestion models in care record applications.

This imperative arises from the necessity for sentence suggestions to represent patients’
conditions accurately within care record applications. The potential risks associated with
inaccuracies in caregiver reports underscore the critical importance of ensuring the accu-
racy and reliability of sentence suggestions. Caregivers’ information discrepancies can have
serious consequences, emphasising the need for meticulous and error-free documentation.
Therefore, the alignment between automated sentence suggestions and the actual patient
conditions is crucial, as it directly affects the quality and safety of healthcare delivery.

The collective statement of the problem aims to enhance the accuracy of evaluation
metrics in assessing the performance of sentence suggestion generation within care record

applications.

e Problem 1. The sentence suggestion does not accurately represent the
original sentence.

e Problem 2. The current model exhibits a variance in evaluation com-
pared to an expert, failing to align with expert opinions.

e Problem 3. A method can be used to assess the generation of sentence

suggestions in care records.

1.2 Research Questions

Based on the discussed problem statement, several issues need to be addressed to evaluate
the quality of sentence suggestion generation in care record applications. The following

research questions are formulated to guide the investigation:
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1. RQ1l: How effectively does the current sentence suggestion generation system
capture the nuances of original sentences in care records?

2. RQ2: How does evaluating the sentence suggestion generation model differ from
expert opinions in the context of care records?

3. RQ3: What methodologies can be employed to assess and enhance the overall

quality of sentence suggestions generated in care record applications?

1.3 Key Contributions

This thesis aims to discover a more effective approach to evaluating sentence suggestion
generation in care record applications. The following key contributions are delineated,

each addressing a specific aspect of the identified problem statements:

1. This thesis proposes a novel evaluation metrics approach utilizing an HDP (Hier-
archical Dirichlet Process) model embedded with word embeddings and customised
pre-processing tailored to sentence structure.

2. This thesis conducts a comprehensive analysis and identification of the existing
evaluation metrics employed in assessing sentence suggestions within care record
applications.

3. This thesis presents a comparative analysis of the performance between the current
evaluation metrics and the newly proposed metrics in evaluating sentence suggestion

generation in care record applications.

1.4 Thesis Outline

This thesis comprises a total of 6 chapters. The following are subsequent sections related

to each chapter:

e In Chapter 2, we introduce the background study by highlighting care records char-
acteristics, the challenge of sentence suggestions and current evaluation metrics.

e In Chapter 3, we outline our data collection methods and present initial results
from our experiments. This section provides an overview of the data-gathering
process and offers insights into the preliminary outcomes, laying the groundwork

for subsequent analysis and discussions.
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e In Chapter 4, we describe our conducted experiments, showcasing the proposed
methodology and its corresponding results.

e In Chapter 5, we analyze research findings, interpret their significance, and examine
implications for specific sentence conditions in care records.

e In Chapter 6, we discuss the proposed EmbedHDP with a number of issues that
were discovered during the research process.

e In Chapter 7, we summarize our contribution and possible future directions for

research metrics evaluation for sentence suggestion in care record applications.
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Related Work

This chapter provides a comprehensive overview of the inception of our proposed evaluation
metrics. It explores the contributions of previous research to the broader field of sentence
generation, specifically within the domain of sentence suggestion. Emphasis is placed on
a detailed discussion of the characteristics inherent in sentences found within nursing care

records, forming a pivotal foundation for the current study.

2.1 Nursing Care Records

Nursing care records aim to record the elder’s medical history, diagnosis, treatment, and ac-
tions by doctors or other health professionals [6]. These records serve as tangible evidence
of assessments and interventions, promoting continuity of care by allowing other health-
care professionals to understand current care plans and treatments for patients easily.
Efficiently maintaining records and documentation is a vital aspect of the responsibilities
of healthcare professionals, encompassing nurses, and plays a crucial role in facilitating the
delivery of safe and high-quality patient care. Regulatory standards governing the prac-
tice of nurses underscore the significance of upholding clear and accurate patient records.
As the policies and procedures regarding the upkeep of patient records may differ among
healthcare organizations, caregivers must verify and adhere to these guidelines [48]. The
nursing process reflects the assessment, planning, implementation and evaluation princi-

ples shown in Figure 2.1.
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Assess
EMR review
Patient assessment

Evaluate
Evaluate
outcomes
Interpret

Plan
Plan care
Review orders

results
Assess

Implement
Provide care & treatment

Diagnostic tests

Fig. 2.1: Nursing Process

Commencing each shift involves conducting a primary assessment, following the Nursing
Assessment Guideline. This assessment draws information from bedside handovers, patient
introductions, essential documentation (covering safety checks, risk assessments, and clini-
cal observations), and an electronic medical record (EMR) examination. The EMR review
examines various components, including the patient storyboard[26], Informative Presence
(IP) Summary[44], Victorian Children’ s Tool for Observation and Response (ViCTOR)
Graph, Notes, Results Review, Medication Administration Record (MAR)[50], Fluid Bal-
ance, Avatar, Orders, and Flowsheets. It is suggested to personalize tabs based on specific
patient needs, emphasising standardizing layouts across wards.

Utilizing information obtained during the initial shift assessment, a collaborative care
plan is formulated with the patient and family/carers to establish clear expectations for
care. The Hub serves as a shift planning tool, offering a chronological representation of the
care plan, encompassing ongoing assessments, diagnostic tests, appointments, scheduled
medications, procedures, and tasks. Orders automatically populate the Hub, enabling
nurses to document directly into Flowsheets in real-time. Effective order management is
vital for the functionality of the Hub and must be addressed before handover to mitigate
patient safety risks. Nurses can supplement the Hub with additional tasks for reminders,
and all patient documentation, including observations and assessments, can be inputted
into Flowsheets throughout the shift. Nurses can also use narrators or navigators for
appropriate patient care documentation, and any clinical information not covered in these

areas is recorded in real-time progress notes. This comprehensive documentation covers
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abnormal assessments, changes in clinical state, adverse events, patient outcomes, family-
centred care, and social issues.

Effective progress notes go beyond listing tasks or events, offering insightful information
on occurrences, rationale, and implications for the patient and family. Accuracy and pa-
tient specificity are crucial; generic information like ’ongoing management’ is discouraged.
Duplication and vague statements, such as referencing information in the EMR, should
be avoided. Professional nursing language, with minimal abbreviations following medicine
and nursing standards, is preferred[46]. Real-time notes should be signed off after the
initial entry, with subsequent entries added as addendums. An illustrative entry involves
addressing a patient’s increasing leg pain, urinary incontinence, and routine IV therapy
blood, with comprehensive details and actions taken.

Elderly care can be applied in nursing because it addresses the unique healthcare needs
and considerations associated with the ageing population, encompassing a holistic ap-
proach that involves physical, mental, and emotional well-being[3]. Integrating elderly
care into nursing care applications ensures a tailored and comprehensive healthcare expe-
rience, considering the specific challenges and requirements of elderly individuals. This
may involve features such as personalized health plans, medication management, mobility
support, and monitoring of vital signs, all aimed at optimizing the quality of care provided
to older adults. Using a time series approach, Caballero and Akella [7] developed a model
to predict the elders’ health conditions from nursing care applications. They underscore
the importance of technology to increase understanding of elderly health status and enable
more informed and effective decision-making in elderly care. In the development and role
of nursing care records in the healthcare system, nursing care records refer to elderly med-
ical records that are stored electronically and can be shared with authorized healthcare
teams. The history of care records and technological developments have helped change
how the healthcare system works [13]. Initially, nursing care records can be maintained
in both paper and digital formats[19]. However, with the advent of digital technologies,
electronic health records (EHRs) have become increasingly popular in healthcare settings.
EHRs provide a safe and secure digital space to store patients’ health information, in-
cluding nursing care records[27]. Some benefits of using nursing care records are increasing
the efficiency and quality of health care, improving patient safety, and facilitating research
and development of drugs and treatments[53]. For a complete look at the sections that go

into care records, see Figure 2.2. However, with technological developments, care records
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are now more complex and capable of collecting, processing, and analyzing patient health
data on a large scale. In addition, care records also have challenges related to their use,

such as data security, interoperability, and proper use by health professionals.

CARE RECORDS

HEALTH SERVICE

MEDICAL INFORMATION HEALTH HISTORY TREATMENT NOTES RECORDS

- Diagnoses - Patient health history - Treatment provided by - Healthcare services

- Examination results ; i healthcare professional ; -

- Prescribed medications :mr:'calh?;zdmons - Nurse notes received by the patient

- Medical procedures ) Famﬁ;: healtlr'myhistory - Doctor's records - Hospital, cl|n|c_ _Or other
performed - Medical interventions healthcare facility

taken visitations

ADMINISTRATIVE
- Health insurance
information
- Patient contact details
- Demographic data

Fig. 2.2: The Objectives of Care Records

In this study, we used FonLog as a nursing care record application installed in more than
30 healthcare facilities in Japan. FonLog[32] is a mobile application designed as a data
collection tool in human activity recognition for nursing services. Thus, caregivers easily
identify and record patient activities using a mobile phone with key advantages such as
recording the targeted patient, an easy-to-use interface, a recognition feedback interface,
other customizable detail records, instant activity, and offline accessibility. As a default,
FonLog has 88 activity types in Japanese. We focus on providing sentence suggestions
on notices input in 31 activity types and containing free format record text, as shown in

Table 2.1 and Table 2.2.
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Table 2.1: Notices input in Activity type.

Activity type Record type

1. N4 &)L (vitals),
2. UnE'Y -« L7 (rehabilitationrecreation),
3. f¥# - %# (house callsvisit),
4. L& (treatment),
5. Aift - {5 (bathing/cleaning),
6. SHHXTIE (going out),
TAENEAL - 5O AR
(vitality morning/radio exercise),
8. Kfal HIH - HAKHHIH (special notes/notifications),
9. 3% (transportation),
10. FHEERZXG (emergency response),
11. StERTESE (meal before bedtime),
12. €—=> 7/ 7 (morning care),
13. 74 + & 7 (night care),
14. Z Ofth = (other meals),
15. g « KEMIG (family /visitor support),
16. X% - BERNERE (family /doctor contact),
17. FF =508k (handwritten records),
18. ABt (hospitalization),
19. BER - BARRS B

(assistance with getting out of bed and lying down),

1. FfECHIH (spacial notes),
2. K7€ - Rl HIH

(condition/special notes),
3. HHEHIH (notifications),
4. AGDIRTE - FfacHIH

(status/special notes)

20. BF - k¥ (meals and medication),

21. %D (snacks),

22. BKA B (assistance with changing clothes),
23. HES 7 (oral care),

24. FEit (excretion),

25. HHFFIHE XS (support for daytime user),
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Table 2.2: Notices input in Activity type (cont).

Activity type Record type

26. WA HZE RIS (support for nighttime user), 1. FfiCHIH (spacial notes),
27. H18 (breakfast), 2. IKHE - Ried$HIH

28. B & (lunch), (condition/special notes),
29. ¥ & (dinner), 3. K HHIH (notifications),

30. PEM B (washing assistance), 4. AGDIRHE - FracHIH

31 #}iH (overnight stay) (status/special notes)

One of the inherent challenges in dealing with nursing care records lies in their diverse
sentence structure. These records exhibit a rich tapestry of non-standard sentence con-
structions, making them inherently more complex than the standardized language often
encountered in general texts[47]. This diversity arises from the varied nature of elderly his-
tories, medical observations, and treatment plans, which can manifest in different linguistic
forms. Traditional language models, designed to focus on conventional grammatical struc-
tures, may encounter difficulties in accurately interpreting and generating content that
mirrors the intricate sentence structures in care records.

Furthermore, the specialized medical terminology in nursing care records introduces
additional complexity. These documents incorporate highly specialized medical terminol-
ogy, ranging from specific drug names to detailed descriptions of medical conditions and
treatment procedures. The intricate vocabulary employed in healthcare documentation
is crucial for precision and clarity. Still, it poses a considerable challenge for language
models and evaluation metrics that may not be well-versed in the nuances of medical dis-
course. Consequently, assessing the similarity and relevance of sentences containing these
specialized terms becomes a formidable task.

Our work, which generates evaluation metrics for sentence suggestion in nursing care
records, is considered crucial and essential. Nursing care records play a central role in
documenting the medical history, diagnosis, treatment, and interventions of older adults.
These records serve as tangible evidence of assessments and interventions, ensure conti-
nuity of care, and facilitate a comprehensive understanding of current care plans among
healthcare professionals. The efficient maintenance of these records is a critical responsi-
bility for healthcare professionals, particularly nurses, as it contributes significantly to the

delivery of safe, quality patient care. Compliance with regulatory standards for nursing
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practice underscores the importance of maintaining clear and accurate patient records.
Given the differences in policies and procedures between healthcare organizations, care-

givers must carefully view and adhere to these guidelines.

2.2 Sentence Suggestion

Several research studies related to sentence suggestion use the keyword sentence comple-
tion. Based on existing research, rule-based, n-gram, or language models were applied.
Asnani et al. [1] explain that sentence completion utilizes techniques such as n-gram
language models, neural network-based language models, and Markov Chain methods. N-
gram and Markov language models are easy to understand and apply for short and simple
texts. They also discussed the advantages of neural network-based language models, which
can model words over long distances but require a lot of data to train and are expensive
and time-consuming. In another study, Mirowski and Vlachos [33] researched to improve
the performance of Recurrent Neural Network (RNN) language models by incorporating
the syntactic dependencies of a sentence to have the effect of bringing in a context relevant
to the word being predicted. In general, it can be concluded that this model is designed to
learn word and grammar representations from text data and used to complete sentences
automatically. The dependency Recurrent Neural Language Model (DRNLM) integrates
word representation learning, grammar learning (dependency learning), and word order
learning (recurrent learning) to produce accurate sentence representations. They evalu-
ate DRNLM on three different datasets, namely TREC dataset, MCScript dataset, and
CommonsenseQA dataset. As a result of the evaluation, DRNLM outperforms state-of-
the-art methods on all datasets. In their research, Irie et al. [20] investigated the use
of Recurrent Neural Networks (RNN) and bi-directional LSTM-RNN (Long Short-Term
Memory) variations in estimating sentence probabilities. The research included two ex-
periments: first, examining the effectiveness of using forward and backward RNNs in
estimating sentence probabilities; second, testing the combined methods of forward and
backward RNNs, as well as bi-directional LSTM-RNNs in estimating sentence probabil-
ities. The results showed that using forward and backward RNNs separately resulted in
relatively low accuracy in estimating sentence probabilities. However, when both methods
are combined, the results are significantly better. In addition, the results of bi-directional
LSTM-RNN are better than those of forward and backward RNN separately. However,

bi-directional LSTM-RNN is more complex regarding neural network structure and com-
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putation time. Therefore, this study concludes that combining forward, backwards, and
bi-directional LSTM-RNNs is the most effective method for estimating sentence probabil-
ities. Another study explores the crucial task of predicting the next word in a sequence,
which is central to natural language processing applications such as speech recognition
and machine translation. Introducing Recurrent Neural Networks (RNNs) as a pivotal
advancement, the study highlights their capacity to process sequential data and retain
information over time. Addressing the challenges of vanishing or exploding gradients, the
study introduces Long Short-Term Memory (LSTM) networks, a specialized variant of
RNNs capable of learning long-term dependencies. Furthermore, the study further delves
into the Neural Language Model (NLM), a model combining RNNs and LSTMs, show-
casing its superiority over traditional n-gram models in capturing semantic and syntactic
information [14]. Comparative analyses underscore the practical implications of these ad-
vancements, signalling a shift towards more accurate and context-aware natural language
processing in applications like speech recognition and machine translation.

In conclusion, featuring RNNs, LSTMs, and NLM unveils a transformative journey in
natural language processing. The Neural Language Model, with its amalgamation of RNNs
and LSTMs, emerges as a powerful paradigm, surpassing traditional n-gram models and
promising enhanced accuracy and efficiency in applications such as speech recognition and
machine translation. As the field continues to progress, these sophisticated models hold
the potential to redefine language understanding and generation, shaping the future of
natural language processing.

Rakib et al. [38] developed a Bangla word prediction model using GRU (Gated Re-
current Unit) based recurrent neural network (RNN) and Ngram language model. This
research aims to improve word prediction accuracy and sentence completion in Bangla.
The results show that the GRU model produces better accuracy in word prediction and
sentence completion than the conventional RNN model. This research shows that com-
bining the n-gram language model and the GRU model can significantly improve word
prediction accuracy and sentence completion.

In the pursuit of determining the efficacy of the sentence suggestions produced by the
model and their reflective application in care records sentences, using a robust evaluation
metric becomes imperative. We have identified noteworthy assessment variations through
a comprehensive analysis of existing metrics and a subsequent comparative examination

against human evaluations. This observation underscores the need for an evaluation metric



Chapter 2 Related Work 13

that gauges the quality of sentence suggestions and aligns closely with expert opinions.
The intricacies of care records demand a nuanced evaluation approach that goes beyond
conventional metrics and encapsulates the domain-specific expertise inherent in the field.
Human evaluation, while invaluable, may introduce subjectivity and variability. Thus,
developing a specialized evaluation metric tailored to the unique intricacies of care records
is crucial.

Language models, such as Markov models, have been widely acknowledged for their
simplicity and effectiveness in handling short and straightforward texts[l]. This aligns
seamlessly with the characteristic structure of nursing care records, which often comprise
concise and to-the-point sentences. Thus, we hypothesize that the application of Markov
language models can be particularly suitable for enhancing sentence suggestion generation
within the context of nursing care records. Markov models, specifically Markov chain
models, operate on the principle of sequential dependencies within a given sequence of
elements, be it words or states. These models are built upon the assumption that the
probability of the next element in the sequence depends solely on the current state, dis-
regarding the conditions that preceded it. This inherent simplicity allows Markov models
to be easily understood and implemented, making them attractive for various natural
language processing tasks, including sentence suggestions.

In recent studies, Markov models have found application in predicting the next word
in tweets based on the user’s personality, derived from their previous tweets using the
Big Five personality model and deep learning techniques[12]. This example underscores
the versatility of Markov models in capturing sequential patterns, particularly in short-
text formats such as those found on Twitter. This study explores the implementation of
Markov chain models in this context, shedding light on their potential applications beyond
personality-based tweet prediction. The success of Markov models in this study suggests
their adaptability to diverse datasets characterized by short and sequential content.

Accordingly, based on the preceding information, empirical evidence strongly supports
our hypothesis that the Markov model is an apt choice for implementation in sentence
suggestions within nursing care record applications. The Markov chain model operates
on the principle of sequential dependencies within a given sequence of elements, which,
in this case, are words or phrases within nursing care records. The primary objective is
to generate contextually relevant and coherent sentence suggestions based on the existing

content in the record. Here is the following algorithm of a basic procedure for generating
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sentence suggestions in nursing care records in Algorithm 1.

Algorithm 1: Algorithm of Markov Chain Model Algorithm for Sentence Sugges-

tion in Nursing Care Records

Require:care_records
Ensure: initial_words, second_possible_words, transitions
Result: sentence suggestion

foreach care_record in care_records do

length < len(care_record.split());

foreach word in care_record.split() do

if word.isInitial_words() = True then
second_possible _words [word] <

second_possible_words.get (word);

else
prev_word < word.previous();

if word. isLast () = True then

L Expand(transitions, (prev_word, word), "END");
else
L Expand(transitions, (prev_word, word), word);

while ezpanding(dict, key, value) do
if key not in dict then
L dict[keyl = [I;

dict[key] .add(value);

The concept of the Markov algorithm in generating sentence suggestions revolves around
the definition of three key variables: initial_words, representing the initial set of words
that serve as input from caregivers; second_possible_words, encompassing words that act
as transitions from caregiver inputs with their inherent transition characteristics; and
transitions, encapsulating all potential transition words between states of individual words.
The algorithm commences by parsing each care record data, treating them as ground
truth sentences. Through a meticulous word analysis, we store all unique first words in
the initial_words variable along with their possible continuations. Subsequently, if a word

is positioned at the end of a sentence, the program retains that word and suggests the
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subsequent word as "END.” Alternatively, if the word is not at the sentence’s conclusion,
we preserve all words that exhibit relationships with it and their potential transitions.
Markov models, specifically Markov chain models, operate on the principle of sequential
dependencies within a given sequence of elements, be it words or states. These models
are built upon the assumption that the probability of the next element in the sequence
depends solely on the current state, disregarding the states that preceded it. This inherent
simplicity allows Markov models to be easily understood and implemented, making them
attractive for various natural language processing tasks. Rationale for Markov Models in

Nursing Care Records:

e Short and Concise Sentences: Nursing care records typically contain succinct sen-
tences conveying essential information. Markov models, designed to handle se-
quential dependencies in data, can effectively capture the structure of these short
sentences, ensuring coherent and contextually relevant sentence suggestions.

e Sequential Dependency in Patient Data: Patient data in nursing care records of-
ten follow a chronological order, with each entry building upon the previous one.
Markov models excel in capturing such sequential dependencies, providing a coher-
ent framework for generating contextually appropriate sentence suggestions.

e Reduced Complexity: The simplicity of Markov models makes them well-suited
for the sometimes hectic and time-sensitive nature of healthcare settings. Their
straightforward nature allows for quick implementation without compromising the

quality of generated suggestions.

Our research is important because we are working on generating evaluation metrics for
sentence suggestions in nursing care records. Previous studies have shown that there are
different methodologies for sentence suggestions, such as rule-based, n-gram, and language
models. The use of advanced techniques, such as RNNs, LSTM networks, and NLMs
has significantly advanced the processing fo sequential data. These techniques capture
semantic and syntactic information, improving the accuracy of sentence suggestions.

As the field advances, it is important to understand the nuances and complexities of
nursing care records. The use of specialized medical terminology and diverse sentence
structures can be challenging for existing language models and evaluation metrics. As
the field advances, it’s important to understand the nuances and complexities of nursing

care records. The use of specialized medical terminology and diverse sentence structures
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can be challenging for existing language models and evaluation metrics. We understand
the importance of a comprehensive evaluation approach that goes beyond current metrics.
This is one of the reasons why our team is committed to developing an evaluation metric

that takes into account the intricacies of nursing care records.

2.3 Current Metrics Evaluation

Natural Language Generation (NLG) stands as a crucial facet within the expansive field
of Natural Language Processing (NLP), dedicated to the development of sophisticated
software systems adept at producing coherent and intelligible text[40]. This dynamic
subset of NLP is characterized by its versatility, encompassing diverse tasks to convert
disparate inputs into human-readable text sequences. The inputs can take various forms,
from structured datasets and tables to natural language prompts and visual elements like
images. NLG’s adaptability positions it as a fundamental component applicable to a myr-
iad of NLP tasks, showcasing its utility in generating responses for chatbots, facilitating
language translation between different languages, providing creative writing suggestions,
and condensing intricate data analyses into succinct and comprehensible summaries.

Within NLG’s expansive scope, its significance is underscored by its ability to bridge
the gap between structured data and human-understandable language. It plays a pivotal
role in enhancing human-computer interactions by enabling machines to communicate in
a manner that resonates with human users. As technology advances, NLG continues to
evolve, pushing the boundaries of what is achievable in natural language understanding
and generation. Integrating NLG into various applications streamlines information dissem-
ination and augments the user experience across diverse domains, from customer service
interactions to content creation and data interpretation. Thus, NLG’s multifaceted capa-
bilities are a cornerstone in leveraging artificial intelligence to enhance language-related
tasks and communication.

Evaluating NLG model outputs poses a substantial challenge, particularly due to the
open-ended nature of many NLG tasks[9]. For instance, a dialogue system may generate
multiple viable responses to the same user input, and a document can be summarized in
various ways. As a result, human evaluation stands as the gold standard for assessing
the quality of NLG outcomes. However, the expense associated with human evaluation
prompts researchers to frequently turn to automatic metrics for routine progress quantifi-

cation and system optimization.
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General evaluation metrics in sentence generation refer to standardized criteria used to
assess the quality and effectiveness of generated sentences. These metrics play a pivotal
role in objectively measuring the performance of natural language generation systems.
By employing predetermined benchmarks, evaluators can gauge the generated content’s
accuracy, coherence, and relevance[9]. The overarching goal of employing such metrics is
to ensure that the generated sentences align with linguistic norms, providing a reliable
means to assess the proficiency of automated sentence generation processes.

The primary function of general evaluation metrics in sentence generation is to provide
a quantitative and unbiased assessment of the generated output. These metrics serve as a
yardstick for researchers, developers, and practitioners to compare different sentence gen-
eration models, identify areas for improvement, and enhance the overall quality of natural
language generation systems[4]. Additionally, they contribute to fostering transparency
and accountability in the development of language models, facilitating a standardized
approach to evaluating the diverse applications of sentence generation. Beyond mere per-
formance measurement, these metrics also support the iterative refinement of algorithms,

fostering advancements in natural language processing.

2.3.1 BERTScore

Evaluating text generation against gold standard references, a common practice in tasks
like machine translation and image captioning, has been significantly enhanced by in-
troducing BERTScore. This metric assesses the similarity between two sentences using
contextual embeddings derived from pre-trained BERT models[55]. These embeddings
capture semantic and syntactic information, resulting in a more nuanced evaluation. No-
tably, BERTScore has demonstrated a superior correlation with human judgments, out-
performing existing metrics and proving more effective in model selection.

The provided algorithm outlines the mechanics of BERTScore, a metric designed for
evaluating the similarity between a reference sentence (denoted as R) and a candidate
sentence (denoted as C') in the context of natural language processing tasks. The algorithm
employs a sequence of operations leveraging pre-trained BERT (Bidirectional Encoder

Representations from Transformers) models to tokenize and embed the input sentences.

1. Tokenization: The reference and candidate sentences, R and C, undergo tokeniza-
tion using a pre-trained BERT tokenizer. This process breaks down the sentences

into constituent tokens.
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Algorithm 2: BERTScore Algorithm
Input: Reference sentence R, Candidate sentence C

Output: BERTScore B

Riokens < BERT _Tokenizer(R)

C'tokens < BERT Tokenizer(C)

Rembeddings < BERT_Embeddings(Rtokens)
Cembeddings <— BERT_Embeddings(Ciokens)

S < Cosine_Similarity ( Rembeddings, Cembeddings )
P + Precision(S)

R + Recall(5)

F1 + F1_Score(P, R)

PXR
B <+ 2x PrR

return B

2. Embedding: The BERT embeddings for the tokenized sequences, Riokens and
Clokens, are obtained. These embeddings capture contextual information, including
semantic and syntactic nuances.

3. Cosine Similarity Calculation: A cosine similarity matrix, denoted as S, is computed
based on the embeddings of the reference and candidate sentences. The matrix
reflects the cosine similarity values between corresponding tokens.

4. Precision, Recall, and F1 Score Calculation: Precision, recall, and F1 score are
computed based on the cosine similarity matrix. Precision (P) measures the ratio
of correctly matched candidate tokens, recall (R) measures the ratio of correctly
matched reference tokens, and the F1 score is the harmonic mean of precision and
recall.

5. BERTScore Calculation: BERTScore is calculated using the harmonic mean of pre-

PXR

cision and recall, represented as B = 2X 535

This metric provides a comprehensive
measure of the similarity between the reference and candidate sentences, and it has
demonstrated an improved correlation with human judgments compared to existing

metrics.

This algorithmic representation encapsulates how BERTScore operates, utilizing BERT
embeddings and cosine similarity to assess the quality of generated text against reference

sentences in a manner that aligns with human evaluation judgments.
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A key strength of BERTScore lies in its adept handling of meaning-preserving lexical and
compositional diversity, including paraphrases and word order changes. Unlike traditional
methods reliant on exact or heuristic matching of n-grams, BERTScore allows for soft
matching of tokens based on their embeddings. This feature enables the metric to capture
long-range dependencies and ordering information, enhancing its capacity to evaluate the
intricacies of text generation.

Furthermore, BERTScore is characterized by its simplicity, task-agnostic nature, and
user-friendly implementation. Unlike some evaluation methods, BERTScore operates
without needing external resources such as stemmers, synonym lexicons, or paraphrase
tables. It is not specifically trained or optimized for any particular evaluation task, ren-
dering it a versatile tool applicable to various languages and domains. Its computational
efficiency further adds to its appeal, making BERTScore a convenient choice for integration
into existing evaluation pipelines and contributing to the advancement and standardization

of text-generation assessment practices.

2.3.2  Cosine Similarity

Cosine similarity stands as a crucial metric employed to quantify the similarity between
two vectors within a multi-dimensional space[54][34]. Its widespread application is no-
tably prominent in fields such as natural language processing, information retrieval, and
machine learning, where assessing the likeness between documents or text-based data is
essential. In the realm of natural language processing, cosine similarity proves invaluable
for tasks such as document clustering, sentiment analysis, and text summarization, where
the understanding of semantic relationships is paramount. This metric has also found
substantial utility in information retrieval systems, playing a pivotal role in ranking doc-
uments based on their relevance to user queries. Furthermore, in the domain of machine
learning, cosine similarity is frequently harnessed for document classification, collabora-
tive filtering, and similarity-based recommendation systems, showcasing its versatility in
various applications that demand a nuanced evaluation of vector-based data. Overall,
cosine similarity emerges as a fundamental tool, providing a robust and efficient means
to gauge the degree of similarity between vectors, thereby enhancing the capabilities of
systems and algorithms across diverse domains. The cosine similarity is calculated based
on the cosine of the angle between two vectors, represented as A and B. The formula for

cosine similarity is as follows:
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Cosine Similarity(A,B) = w (2.1)

Here:

e ||A]| and ||B|| represent the magnitudes (or lengths) of vectors A and B, respectively.
e A - B is the dot product of vectors A and B.

The resulting value ranges from -1 to 1, where a cosine similarity of 1 indicates that
the vectors are identical, 0 means that the vectors are orthogonal (no similarity), and -1
indicates complete dissimilarity.

Cosine similarity is advantageous because it is independent of the vector’s magnitude
and only depends on the direction[5]. This property makes it useful for comparing docu-
ments or text regardless of their length. In text analysis, each document is represented as
a vector in a high-dimensional space, where each dimension corresponds to a term in the
document. By comparing the cosine similarity between these vectors, one can assess the
degree of similarity or dissimilarity between the corresponding documents[18].

In information retrieval, cosine similarity ranks documents based on their relevance to
a given query[17]. Machine learning is useful for tasks like clustering, where documents
with similar content are grouped based on their vector representations. Overall, cosine
similarity is a versatile and widely used metric for assessing similarity between vectors in

various applications.

2.3.3 ROUGE

ROUGE, an acronym for Recall-Oriented Understudy for Gisting Evaluation, plays a piv-
otal role in natural language processing and information retrieval. It constitutes a set
of metrics specifically designed to evaluate machine-generated text automatically. This
set of metrics has garnered widespread adoption, particularly in assessing automatic sum-
marization and machine translation outputs. Its fundamental purpose is to evaluate the
quality and effectiveness of machine-generated summaries or translations by systemati-
cally comparing them to reference summaries or translations crafted by human experts.
By applying ROUGE metrics, we can quantitatively measure the degree of overlap and
similarity between the automatically generated text and the ideal human-crafted reference,
providing valuable insights into the performance of natural language processing systems

and machine translation algorithms.
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ROUGE’s significance is especially evident in scenarios where the precision of machine-
generated content in capturing key information from the reference text is of utmost impor-
tance. By focusing on recall-oriented metrics, ROUGE emphasizes the ability of the gener-
ated text to recall and replicate essential information present in the human-created refer-
ence. This approach aligns with the overarching goal of ensuring that machine-generated
content is not only relevant but also comprehensive and faithful to the information en-
capsulated in the reference material. As a versatile and widely utilized evaluation tool,
ROUGE continues to be instrumental in advancing the field of natural language process-
ing and bolstering the development of effective machine-generated content across various
applications.

The primary focus of ROUGE metrics is on the content overlap and overlap of n-grams
(contiguous sequences of n items, typically words) between the generated text and the
reference text[30][31]. The underlying assumption is that a good summary or translation
should contain essential information present in the reference text.

Some key components and metrics within the ROUGE framework include:

1. ROUGE-N (N-gram Overlap): This metric evaluates the overlap of n-grams between
the system-generated output and the reference text. ROUGE-1 measures unigrams
(single words), ROUGE-2 measures bigrams, and so on.

2. ROUGE-L (Longest Common Subsequence): Instead of looking at exact n-gram
matches, ROUGE-L measures the longest common subsequence (LCS) between the
system-generated output and the reference. This is particularly useful in capturing
the information flow and sentence structure.

3. ROUGE-W (Weighted N-gram Overlap): This metric assigns different weights to
different n-grams based on their lengths. It aims to give more importance to longer
common sequences.

4. ROUGE-S (Skip-bigram Overlap): ROUGE-S measures the overlap of skip-bigrams,
which are pairs of words that have a maximum gap size in between. This is useful

for capturing semantic similarity.

ROUGE scores are typically reported as precision, recall, and F1 scores, providing a
comprehensive evaluation of the system-generated text compared to the reference text.
Higher ROUGE scores indicate better agreement between the machine-generated output

and human-created reference summaries or translations.
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2.3.4 BLEU

BLEU, which stands for Bilingual Evaluation Understudy, is an innovative method de-
signed for the automatic evaluation of machine translation, offering a solution that is not
only expeditious and cost-effective but also language-independent, and demonstrates a
high correlation with human evaluation processes. BLEU utilizes a refined n-gram preci-
sion measure, which involves counting matching words and phrases between a candidate
translation and one or more reference translations[35]. To prevent the accumulation of
plausible words, these counts are then clipped by the maximum reference counts. Ad-
ditionally, BLEU incorporates a brevity penalty factor to discourage excessively short
candidate translations in comparison to reference translations. Notably, this penalty is
computed across the entire corpus rather than on a sentence-by-sentence basis, providing
a comprehensive assessment.

The culmination of BLEU’s evaluation is a unified score ranging from 0 to 1, where
a score of 1 signifies a flawless match with a reference translation[8]. This consolidated
score encapsulates both the modified n-gram precisions and the brevity penalty, providing
a succinct yet comprehensive measure of the translation quality.

The operation of BLEU involves several critical steps used to evaluate the quality of
machine translation against human reference texts. The following are the key steps in the

mechanism of BLEU:

1. Tokenization:

e Candidate translation (machine translation) and reference translation (human
translation) are segmented into smaller units, such as words or n-grams (se-
quences of n consecutive words).

2. Modified N-gram Precision:

e Counting the number of matching words and phrases between the candidate
translation and one or more reference translations for each n-gram.

e Employing a ”clipping” step to limit the count of matching words to not exceed
the maximum reference count. This prevents the overgeneration of reasonable
words.

3. Brevity Penalty:
e Calculating the length of the candidate translation and the lengths of reference

translation(s).
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e Computing a brevity penalty factor to discourage excessively short candidate
translations compared to the reference translations.

e The brevity penalty is calculated over the entire corpus rather than per sentence
for a more comprehensive evaluation.

4. Geometric Mean:

e Calculating the geometric mean of the previously computed precision for each
n-gram.

e Applying the brevity penalty to the geometric mean to generate the final value.

5. BLEU Score:

e The BLEU score is the final value that encompasses both aspects, providing a
score that reflects how closely the machine translation aligns with the human
reference translation.

e The BLEU score ranges from 0 to 1, where 1 indicates a perfect match with

the reference translation.

This mechanism provides an overview of the extent to which machine translation
achieves similarity with human reference texts. BLEU incorporates modified n-gram pre-
cision, and brevity penalty, and produces a score that offers a quantitative understanding
of the machine translation quality in the context of automatic evaluation.

Numerous evaluation metrics are commonly applied for various general tasks, including
assessing semantic or syntactic similarity, conducting evaluations in summary tasks, and
appraising machine translation quality. Each metric offers unique evaluation mechanisms
for assessing sentence suggestions in the context of medical records, accompanied by in-
herent limitations. In Table 2.3 below, each current evaluation metric is described along

with its limitations.
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Table 2.3: Comparison of Evaluation Metrics for Sentence Suggestion in Care Records

Evaluation

Metrics

Mechanism

Limitation

BERTScore[55]

Cosine

Similarity[37]

ROUGE[41]

BLEU[39]

Comparing contextual em-
beddings of reference and
candidate sentences using
pre-trained BERT models
Calculates the cosine angle
between two vectors to de-
termine their similarity, fre-
quently used to compare text
documents in vector space.
Measures the overlap of n-
grams and the longest match-
ing sequence between a gener-
ated summary and reference
texts.

Scores machine translations
by matching n-grams to ref-

erence texts and adjusting for

translation length.

It relies on pre-trained BERT
models, which may not cap-
ture domain-specific nuances
effectively

Fails to account for word or-
der, and mistakenly rate se-
mantical difference with sim-

ilar word sets.

Might overlook semantic ac-
curacy as it is based on lex-
ical overlap, not considering
the context or meaning of the
words.

Can miss the adequacy and
fluency of translation as it
primarily relies on n-gram
overlap, ignoring semantic co-

herence.

From Table 2.3, valuable insights can be gleaned for adaptation and improvement by

delving into the intricacies of the evaluation mechanisms of each method and understand-

ing their limitations. Reviewing these metrics provides a robust foundation for identifying

crucial points that can be leveraged to refine and enhance the evaluation process. For in-

stance, the strength of word embeddings lies in their ability to recognize proximity between

words based on their vector representations. On the other hand, the weakness of n-grams

overlap is its tendency to ignore semantic coherence, failing to consider the context and

meaning of words within a sentence.

The applicability of EmbedHDP to domains besides nursing care records needs care-

ful consideration, primarily in evaluating its adaptability to diverse data characteristics.
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EmbedHDP has effectively evaluated sentences with short and seemingly incomplete struc-
tures, where sentences may lack subjects or objects. That means domains with similar
characteristics can adapt. The model’s proficiency in handling incomplete sentences aligns
with scenarios where linguistic structures may vary.

Moreover, the relevance of the task should be reviewed, as EmbedHDP was initially de-
signed to assess sentence suggestions within nursing care records. Specific domain-related
words in nursing care records are acceptable for the model’s performance, particularly
when evaluating the similarity between sentence suggestions and ground truth within the
scope of nursing care records. Incorporating word embeddings and dictionaries proves
instrumental in capturing the nuances of domain-specific language. One key consideration
lies in the involvement of domain experts who can contribute invaluable insights to enhance
the model’s relevance and effectiveness. Consequently, before extending the application of
EmbedHDP to different domains, a thorough understanding of data characteristics, task
relevance, and expert involvement is indispensable to its successful adaptation.

Our work involves generating evaluation metrics for sentence suggestions in nursing care
records. Evaluating natural language generation (NLG) model outputs in the healthcare
domain, particularly in generating sentence suggestions for care records, is important.
It presents unique challenges due to the open-ended nature of many NLG tasks, which
can make assessing the quality of generated content complex. While human evaluation is
considered the gold standard, it can be resource-intensive. That’s why the development of
automated metrics is crucial for routine progress quantification and system optimization.

In the field of nursing care records, evaluating text can be challenging due to diverse
sentence structures and specialized medical terminology. However, we are excited to share
customized evaluation metrics tailored to the intricacies of nursing care records. This
metric will help address the challenges of evaluating this type of text and ensure that we
are providing the best possible care for our patients. We understand that current metrics,
such as BERTScore, cosine similarity, ROUGE, and BLEU, have limitations.

Our work aims to enhance the evaluation process by exploring each evaluation metric in
detail, as outlined in Table 2.3. For example, EmbedHDP demonstrates the effectiveness
of applying word embeddings and dictionaries in capturing the nuances of domain-specific
language. We believe that a thorough understanding, task relevance, and the involvement
of domain experts are crucial for ensuring the relevance and effectiveness of the model. Our

work is important because we evaluate sentence suggestions within nursing care records.
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We take a domain-specific approach to ensure the quality and relevance of generated
information in healthcare documentation, which is crucial for improving elderly care.

Our undertaking, focused on the generation of evaluation metrics for sentence sug-
gestions in nursing care records, is characterized by its absence in the current research
landscape, its inherent importance, and the associated challenges that underscore its sig-
nificance. The prevailing gap in existing literature regarding specialized evaluation metrics
for the unique intricacies of nursing care records signifies the absence of a dedicated frame-
work to systematically assess the quality and relevance of generated sentence suggestions in
healthcare documentation. The importance of our work is underscored by the critical role
played by nursing care records in documenting and communicating essential healthcare
information. These records, laden with diverse sentence structures and specialized medi-
cal terminology, require a nuanced evaluation approach that extends beyond conventional
metrics.

Moreover, our work is inherently challenging due to the diverse and complex nature of
sentence structures within nursing care records. These records exhibit a rich tapestry of
non-standard sentence constructions, further complicated by the presence of specialized
medical terminology. Conventional language models designed for standardized language
often struggle with accurately interpreting and generating sentence that mirror the intri-
cate sentence structures found in nursing care records. The challenge is compounded by
the need for evaluation metrics to navigate the varied linguistic forms that arise from the
unique healthcare histories, medical observations, and treatment plans associated with the
ageing population.

In summary, our work on the generating evaluation metrics for sentence suggestions
in nursing care records is not only missing but also important and challenging. It aims
to bridge the existing gap, recognizing the crucial role of tailored evaluation metrics in
ensuring the accuracy and relevance of generated content within the complicated landscape

of healthcare documentation.
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Chapter 3

EmbedHDP Method to Improved

Evaluation Metrics

This chapter will delve into the proposed evaluation model, EmbedHDP. The functional
mechanisms of EmbedHDP have demonstrated their effectiveness in addressing challenges

inherent in elderly care records.

3.1 Hierarchical Dirichlet Process

The Hierarchical Dirichlet Process (HDP) is a robust topic modelling technique to extract
themes or topics from sentences. In general, topic modelling is a method used to extract
the primary topics or themes from a large corpus of documents or text [24]. The essence of
topic modelling is to identify hidden patterns in the text and discover interconnected topics
based on words that frequently co-occur in documents. The HDP procedure represents an
enhancement of Latent Dirichlet Allocation (LDA), a method derived from the certainty
theorem [25] that aims to extract statistical structures of documents from various topics
based on vocabulary distribution. HDP introduces a hierarchical structure that enhances
its ability to capture latent topics within a corpus. Unlike LDA, HDP demonstrates
superiority in automatically determining the number of topics, eliminating users’ need to
specify this parameter in advance. This adaptive capability makes HDP highly suitable for
scenarios where the underlying topic structure is unknown. Here, we present the equation
of HDP model used to calculate the similarity between a sentence generation and its

ground truth:
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Algorithm 3: Hierarchical Dirichlet Process Algorithm

Input: sentencel < sentence similarity, sentence2 <— ground truth

Output: similarity score between sentencel and sentence2

S1 be the set of unique tokens in sentencel,

S be the set of unique tokens in sentence2,

D be the dictionary formed by combining S; and S5,

C1 be the Bag of Words (BoW) vector representing sentencel in the corpus,

C5 be the BoW vector representing sentence2 in the corpus,

HDP(D,[C1,Cs]) be the trained Hierarchical Dirichlet Process model with dictionary
D and corpus [C1, Co],

T, be the topic distribution vector for sentencel obtained from the trained HDP
model,

T5 be the topic distribution vector for sentence2 obtained from the trained HDP

model.

The similarity between sentencel and sentence2 can be calculated using a similarity

metric, for example:

Similarity (77, 72) = Cosine Similarity(7},T5)

3.2 Word Embedding

Word embedding, a pivotal component of natural language processing, has garnered con-
siderable attention for its capacity to represent words in a continuous vector space. This
computational technique, exemplified by models such as Word2Vec[15], GloVe[36], and
FastText[22], transforms words into dense numerical vectors, capturing intricate semantic
relationships and nuanced contextual information. Word embedding involves harnessing
neural networks to learn from vast corpora, enabling the models to discern subtle linguis-
tic patterns and relationships. By considering the co-occurrence of words in sentences,
these models create embeddings that encapsulate both semantic similarities and syntactic
structures. For instance, in the context of sentiment analysis, word embedding allows
algorithms to understand the sentiment behind words and phrases by recognizing their
proximity in the vector space.

The adoption of word embeddings in natural language processing tasks offers a myriad

of advantages. Unlike traditional one-hot encoding, word embedding provides a dense
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representation that preserves semantic nuances, facilitating more effective language un-
derstanding. For instance, the words ” 7 —Z (nurse)” and "/ 3% (caregiver)” might
be located closer in the embedding space, reflecting their semantic similarity. Moreover,
the ability of word embedding models to generalize well enhances their performance on
unseen data, making them robust across diverse applications. In machine translation,
for example, word embedding assists in capturing cross-language semantic relationships,
improving translation accuracy for words with similar meanings but different linguistic
expressions[16]. Additionally, in information retrieval, word embedding enables more ac-
curate matching of user queries with relevant documents by understanding the contextual
similarities between words. As a result, word embedding stands as a pivotal technique, ad-
vancing the capabilities of computational linguistics and bolstering the efficiency of diverse
natural language processing applications.

Several studies have assessed the efficacy of various word embedding models, including
diverse linguistic contexts and applications. Investigations have ranged from comparing
pre-trained word embedding vectors for word-level semantic text similarity in Turkish[49]
to evaluating Neural Machine Translation (NMT) for languages such as English and
Hindi[45]. Additionally, the accuracy of three prominent word embedding models within
the context of Convolutional Neural Network (CNN) text classification[10] has been ex-
plored. The culmination of these studies suggests that the fastText word embedding model
consistently outperforms its counterparts. In the specific domain of my study, focusing
on care records composed of Japanese sentences employed by caregivers to report on the
development and conditions of elderly patients, fastText emerges as the optimal choice.
Its ability to handle infrequent or uncommon words by generating vectors for subwords
makes fastText particularly adept in this scenario. The versatility and robustness exhib-
ited by the fastText model underscore its effectiveness across a spectrum of linguistic tasks,

making it a preferable choice in applications involving diverse and specialized vocabularies.

3.3 EmbedHDP

Our original motivation was to address the distinctive characteristics of our nursing care
records’ sentences, which often exhibit short, incompleteness, and a prevalence of medical
terminology. The EmbedHDP model has proven to be highly effective in handling these
challenges inherent in nursing care record sentences, as shown in Figure 3.2 and Figure

3.3. Consequently, our proposed evaluation metric has successfully achieved our intended



Chapter 3 EmbedHDP Method to Improved Evaluation Metrics 30

motivation or goal. The method has demonstrated enhanced accuracy compared to other
evaluation metrics, signifying a notable advancement in the accurate evaluation of sentence
suggestions within the unique context of nursing care records. Graphically, the architecture

of our model can be visualized in Figure 3.1:
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Fig. 3.1: EmbedHDP architecture

As illustrated in Figure 3.1, pre-processing sentences before being trained by HDP
involves several key steps. Firstly, the sentence undergoes tokenization, a process where
it is separated into individual tokens. We skip stemming and lemmatization at this stage
while retaining particles attached to words. Once tokenized, these tokens are converted
into vectors using fastText. Before processing them by the HDP model, we transform
the vectors for each token into a Bag of Words (BoW) format. Afterwards, we merge

the vectors from sentence suggestions with ground truth, treating them collectively as
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the corpus. This comprehensive pre-processing workflow aims to prepare the data for
optimal training and analysis by HDP, ensuring that the model is fed with comprehensively
represented and formatted input. The EmbedHDP pre-processing can be explained in

more detail as follows:

3.3.1 Tokenization

The Japanese language captivates attention with its unique linguistic structure, where
verbs occupy the final position in sentences [28]. Additionally, the Japanese language
employs special particles to indicate subjects, objects, or other additional information. In
the tokenization process of Japanese, I utilize the Mecab library (-Owakati)[43]. I omit
the lemmatizing and steaming processes. Another step taken in the tokenization process
is to preserve the particles attached to each word. Linguistic particles in Japan refer to
a distinctive feature of the Japanese language where small words or particles are used to
convey grammatical relationships and nuances in a sentence[42]. These particles play a
crucial role in indicating the subject, object, direction, or emphasis of a statement, and
their presence significantly influences the overall meaning of a sentence. Here are the
particles retained to remain attached to words during the tokenization process, as shown
in the following table. This decision is made to ensure that the additional information
encapsulated in these particles remains intact, avoiding loss during the analysis process

and enabling optimal utilization.
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Table 3.1: Functions of Several Particles and Verbs in Japanese

Japanese

Particles Explanation and Example

& (wa) The topic particle that indicates the topic or subject of a sen-
tence. For example, 7H 7z L & 23< W TI” (Watashi wa
gakusei desu) means ”I am a student.”

~ (e) Indicates direction or destination. For instance, ”& 725
AN WZEEF” (Tomodachi e ikimasu) means "I am going to
a friend.”

T (de) Indicates the place or method in which an action takes place.
For example, "L XA 7~ T 7~X% 73" (Resutoran de tabe-
masu) means "I eat at the restaurant.”

%z (wo) The object particle that indicates the object of an action. For
example, "D A Z % 7=X%E7” (Ringo o tabemasu) means "I
eat an apple.”

® (no) The possessive particle or connector between two nouns. For
example, "H7zL @ £ % %" (Watashi no kuruma) means ” My
car.”

H% (aru) A verb indicating existence or possession. For example, "X A
2% Y £9” (Hon ga arimasu) means " There is a book.”

HYH (ari) The past or formal form of the verb ”# %” (aru) indicating
existence.

3% (suru) A common verb meaning "to do.” For example, ” L w < 72\
%Z 32”7 (Shukudai o suru) means ”To do homework.”

7% % (naru) A verb meaning "to become.” For example, "B AEW IZ 72D
72" (Sensei ni naritai) means "I want to become a teacher.”

L (shi) A conjunction used to express two related actions or qualities.

> 99

For example, "D A Z L W% Z” (Ringo shi Ichigo) means

” Apples and strawberries.”
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Table 3.2: Functions of Several Particles and Verbs in Japanese (cont.)

Japanese

Particles Explanation and Example

T (te) The te-form of a verb, indicating an ongoing action. For ex-
ample, 772X T WE$” (Tabete imasu) means ”I am eating.”

%9 (masu) A polite form of verbs indicating present actions. For example,

"7z £3” (Tabemasu) means "I eat” or 71 will eat.”

3.3.2 Creating Corpus

The corpus is the most crucial element in training HDP to derive topics. By default, corpus
generation involves converting tokens within sentences using the BoW model. To achieve
optimal results in HDP and facilitate the comparison of similarity between two sentences,
the corpus is generated with the assistance of the fastText model. Specifically, we use the
cc.ja.300.bin, which encompasses a 7 GB vector in the Japanese language. An advantage
of this model is its capability to generate vectors even for less familiar words, such as ” /17
#”. This attribute enhances the model’s versatility and ensures comprehensive coverage
in vector representation.

The additional challenge is that the HDP model exclusively accepts the BoW format.
This implies a direct processing barrier for vectors generated by fastText into the HDP

model. The subsequent steps to overcome this hurdle involve converting the vectors into

BoW format with the following stipulations:

1. Set Vector Length: Assign a fixed vector length in the BoW format, specif-
ically 10. This decision is grounded in the consideration that our sentences are
not excessively long, thereby mitigating potential biases arising from vector length
discrepancies.

2. Highest Frequency Elements: Select elements based on their highest frequencies
under the assumption that the highest frequency serves as a representative token
for each element.

3. Scaling Factor: Due to the considerable length of vectors produced by fastText,
the resultant BoW-formatted vectors become exceedingly small (0.000x). This phe-

nomenon leads to nearly identical topics when trained in the HDP model. To
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counteract this issue, each vector is multiplied by 100, ensuring positive values
throughout the vector and resolving the disparity.

4. BoW Representation: The outcome of these steps is the acquisition of BoW-
formatted vector representations for each token in both sentences. This transfor-
mation facilitates seamless compatibility with the HDP model during the training

process.

3.3.3 Dictionary

The Hierarchical Dirichlet Process (HDP) is a statistical model addressing resource alloca-
tion challenges in data clustering. In the context of HDP, the term ”dictionary” refers to
a stochastic distribution concept employed to represent the distribution of topics within a
dataset. Specifically, within the EmbedHDP framework, the dictionary encapsulates the
local topic distribution specific to the nursing care record dataset. The dictionary fun-
damentally plays a role in determining the extent of the topics present across the entire
dataset and the proportion of topics applicable to specific data clusters.

In this study, we comprehensively compiled a set of 268 unique words that profoundly
represent nursing care record applications. These words, such as YV FX vy 77 Xn—2 3~
(redomex lotion), J&BE (hospital), Y "E' U 7—2 a ¥ (rehabilitation), ~%& (anxiety), &
¢ (infection), and others, were strategically chosen to represent diverse aspects of nursing
care records. Incorporating such a dictionary in the model contributes to a nuanced
understanding of the topics prevalent within nursing care record applications, fostering
insights into the unique linguistic characteristics inherent in this domain.

Due to the challenges posed by incomplete or fragmented sentences, hierarchy in Em-
bedHDP provides flexibility because it does not require prior specifications regarding the
number of groups or topics available. This is also an important point in non-standard
sentence structures. The hierarchy provides flexibility and adaptability, making it an ef-
fective tool for modeling data with complex and uncertain structures. Here is an example

of using EmbedHDP that yields useful assessments in incomplete sentences.
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Table 3.3: Sample 1 illustrates how HDP can effectively address incomplete or fragmented

sentences.
Sentence Suggestion Ground Truth
arty MEZZ e ZWHET S arty bERELZZEEREIDOND
(report making a corset) (advised making a corset)

Here are the respective scores assigned by humans as a benchmark, EmbedHDP, and

several other current evaluation metrics.

Comparison of Sample 1: Metrics and Human Evaluation
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Fig. 3.2: Metrics and human evaluation assessment of Sample 1

The human score is a benchmark, reflecting the expert opinion and nuanced understand-
ing required in the context of care records. EmbedHDP introduces a unique approach by
leveraging hierarchical Dirichlet processes and domain-specific dictionaries, showcasing its
potential to align closely with human assessments. Incorporating additional metrics like
BERTScore, cosine similarity, ROUGE, and BLEU further enriches the evaluation process,
enabling a more nuanced and comprehensive analysis of the model’s performance.

Another challenge in care records involves the presence of medical terminology within
sentences. EmbedHDP can address this challenge using a dictionary containing words
relevant to care records. The dictionary is utilized during model training to compute
potential topic distributions for each word within the sentences. Additionally, word em-

bedding models play a crucial role, as their vector representation strength enables the
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capture of semantic meaning in individual words. Essentially, these vector representations
lie in their ability to bring vectors of words with similar meanings closer together in vector
space. Here is an example of how word embeddings help provide a significant assessment
based on expert opinion. This is a sample of data derived from word embedding-based

scoring optimization.

Table 3.4: Sample 2 illustrates how word embedding can effectively address the similarity

of words in both sentences.

Sentence Suggestion Ground Truth

BHDo7DT, BEAMIIHE L THIE BHEOR, F—RIZHE LAk,
LE L7,

(I had a fever, so I informed the nurse (Due to fever, we informed the nurse

and cancelled the session.) and discontinued the treatment.)

Here are the respective scores assigned by humans as a benchmark, EmbedHDP, and

several other current evaluation metrics for Sample 2.

Comparison of Sample 2: Metrics and Human Evaluation
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Fig. 3.3: Metrics and human evaluation assessment of Sample 2

From the above example, we can analyze that EmbedHDP can provide relevant assess-
ments closely resembling human evaluations.
However, EmbedHDP model may not be as effective when dealing with relatively long

sentences or sentences that consist of more than 14 words. This limitation may arise
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from the substantial amount of information contained within lengthy sentences, making it

challenging to capture the semantic nuances comprehensively across the entire sentence.

Table 3.5: Sample 3 illustrates how sentence length affects the assessment quality of the

model.

Sentence Suggestion

Ground Truth

HIRAECTH 2 Z b, ARIGRAREEED
THREDE L 2o TEFHWEAIED &2
HATHLTBL DTRATOIKDIREED
R o#igd b

(I was informed that I have bilateral eye
disorders, that my right eye is suspected
of having glaucoma, and that my in-
traocular pressure is high, so they give
me a weak painkiller to take, and that

my heart is in good condition.)

HIRENETSH 2 Z 2. AR
WTCHIRED @ o TWwa k., E2b
HRRZIZS S BoTWwa, Late®
o IREZ T 2 RIREZ LT S h
elk

(He explained to me that he had
cataracts in both eyes, that his right
eye had high intraocular pressure due
to suspected glaucoma, and that he was
having difficulty seeing and was pre-
scribed eye drops to lower the intraoc-

ular pressure.)

Here are the respective scores assigned by humans as a benchmark: EmbedHDP and

several other current evaluation metrics for Sample 3.

Comparison of Sample 3: Metrics and Human Evaluation
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Fig. 3.4: Metrics and human evaluation assessment of Sample 3



38

Chapter 4

Data Collection

This chapter will delve into the proposed evaluation model, EmbedHDP. The functional
mechanisms of EmbedHDP have demonstrated their effectiveness in addressing challenges

inherent in elderly care records.

4.1 Overview of Proposed Framework for Sentence Suggestion in

Nursing Care Record Applications

The proposed framework aims to enhance the efficiency and accuracy of nursing care record
applications by integrating a sophisticated model for sentence suggestion. At its core,
this framework leverages the input of caregivers who contribute vital notices, initiating
a comprehensive data manipulation and analysis process. Firstly, the collected textual
data undergoes pre-processing, wherein it is segmented into tokens. These tokens are then
systematically incorporated into dictionaries encompassing initial words, second words,
and transition words, each with its corresponding percentage, a fundamental aspect of
our sentence suggestion model. Subsequently, as caregivers input initial words, the model
dynamically generates sentences by calculating the highest probability words following
the input and iteratively building a coherent sentence. This approach streamlines the
recording process and adapts to individual caregiver preferences.

Furthermore, the generated sentence suggestions are systematically compared with those
originating text from the application, utilizing a topic similarity calculation. The ensuing
similarity scores are then juxtaposed against caregiver-assigned scores, employing evalu-
ation metrics to discern the correlation coefficients. This systematic framework aims to

establish a robust and user-oriented approach to sentence suggestion within nursing care
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Fig. 4.1: Overview of Proposed Sentence Suggestion Evaluation in Nursing Care Record

Application

In the realm of caregiving, the data collected by caregivers through the use of FonLog
in the £ ZHH column of vital activity types serves as the ground truth. This data serves
as the foundational information processed by the Markov model to create a robust model
for sentence suggestion. The sentences generated by the sentence suggestion undergo a
rigorous comparison with the ground truth, with evaluations carried out by caregivers
serving as the benchmark. Subsequently, the sentences from both the sentence sugges-
tion and ground truth are subjected to various model evaluation metrics. The scores
assigned by caregivers and the evaluation metrics are then juxtaposed using correlation
coefficients. This comparative analysis provides insights into which evaluation metrics
align more closely with the assessments made by caregivers, shedding light on the efficacy
of the model in replicating human judgment. Through this process, a more nuanced under-
standing emerges regarding the reliability and accuracy of the Markov model in sentence

suggestions for caregiving contexts.
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4.2 Data Collection Tools

In the general overview of the patient information recording process by caregivers concern-
ing vital activity, caregivers access an integrated mobile care record application within the
FonLog system. Subsequently, the caregiver initiates the patient identification process by
selecting unique identification data, such as the patient’s identification number. This en-
sures that the recorded information is associated with the correct patient record. Following
this, the caregiver proceeds to choose the vital activity type, within which various columns
are available for input. These columns typically encompass parameters such as blood pres-
sure, heart rate, body temperature, and other vital metrics. The caregiver may also utilize
an additional notes section (a5 H) to include specific remarks or crucial information
about the patient. This feature provides supplementary space for details that may not be
captured within standard fields. Once the necessary data is input, the caregiver saves the
recorded information within the application, completing the documentation process. This
systematic approach ensures accuracy, thoroughness, and secure storage of patient-related

data, contributing to the overall efficiency of healthcare record management.
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Fig. 4.2: Vital Activity Type in FonLog Application

FonLog’s special notes (a8 H) input is intended to capture more elderly information

to allow caregivers to report specific patient conditions during activities. Caregivers can
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provide information in their language through notices, which provide a free-form input
field. By providing caregivers with sentence suggestions for filling in the notice input,
the caregiver’s task will undoubtedly be more efficient and effective in terms of time and
quality of records. Figure 4.3 shows the notices input for the vital activity type, which

records extra information about the patient’s vital activity.
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Fig. 4.3: Special notes (a5 H) in Vital Activity Type

In the context of nursing care record application, the column RfFC % IE (special notes)
within the vital activity type serves as a crucial component utilized by caregivers to provide
detailed reports concerning the essential aspects of a patient’s well-being. Caregivers
leverage this column to document and communicate noteworthy information, enabling
them to convey nuanced details about a patient’s vital signs, medical condition, and
any pertinent observations[23]. The inclusion of special notes in the vital activity type
column enhances the comprehensiveness of patient reporting, facilitating a more thorough
understanding of the individual’s health status[52]. This structured approach not only
aids in real-time patient monitoring but also contributes to a comprehensive and cohesive

healthcare record. The emphasis on the #fFC 5 IH column underscores its significance as
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a dedicated space for caregivers to articulate specific details that may require attention,

facilitating effective communication and coordination within the healthcare ecosystem.

4.3 Expert-Generated Human Evaluation Metrics

In this study, human evaluation was conducted to compare machine performance results
with the human perspective assessment. To develop the model’s performance evaluation,
we generated a total of 390 sentence suggestions using both the Markov model and Chat-
GPT. These suggestions were then paired with 390 sentences from the care record dataset,
serving as the ground truth. To obtain assessments based on meaningfulness and utility,
we engaged the participation of three experienced caregivers from an elderly care facility
in Japan. These caregivers provided their evaluations through the distribution of ques-
tionnaires, covering inquiries designed to assess the relevance, clarity, and accuracy of the
sentence suggestions generated by the model. In detail, the annotators gave a similar-
ity assessment between the sentence suggestion and the ground truth using the Absolute

Category Rating [21] [11] approach as follows:

Table 4.1: Assessment of similarity between sentence suggestions and ground truth

Indicators of assessment Description

Excellent perfectly similar with a score of 100%
Good sufficiently similar with a score of 75%
Fair less similar with a score of 50%

Poor not similar with a score of 25%

Bad totally not similar with score 0%
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Chapter 5

Evaluation

In our research efforts, the evaluation section is a critical point where the efficacy and
relevance of our proposed methodologies are carefully analyzed. This section serves as a
crucible in which we rigorously evaluate the generated sentence suggestions for nursing
care records, recognizing the complexity of healthcare documentation. As we navigate
through this evaluation phase, we face the dual challenge of addressing the lack of dedicated
metrics for this specific domain and ensuring that our approach meets the imperative
benchmarks of accuracy, coherence, and relevance within the nuanced context of nursing
care records. The subsequent analysis and insights derived from our evaluation process
not only contribute to the refinement of our proposed model, but also illuminate the
broader landscape of natural language generation in healthcare. In this section, we delve
into the intricacies of our evaluation framework, acknowledging the existing limitations
of metrics and delineating the nuanced considerations required for effective and domain-

specific evaluation.

5.1 Goal

The overall goal of the EmbedHDP proposal is to improve the metrics for evaluating
the quality of sentence suggestions in nursing records. This initiative is driven by the
recognition of the unique characteristics of nursing records, which vary in sentence length
and contain medical terminology. The primary objective is to provide a systematic means
of evaluating the sentence suggestions generated, particularly in the context of reporting
the health status of elderly people. Given the critical nature of this information, it is
imperative to ensure the accuracy and precision of the generated content in order to

mitigate the potential risks associated with erroneous data.
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EmbedHDP is considered successful when the evaluation results closely match or reflect
those of the human evaluation by caregivers. Evaluation of its effectiveness depends on
achieving a high degree of correlation between the model’s scores and those of human
scores. The use of coefficient correlation serves as a quantitative measure of the closeness
and agreement of these scores. This agreement is critical because sentence suggestions play
a critical role in conveying accurate health-related information, especially for the elderly.
Any inaccuracies or discrepancies in the generated content can pose significant risks.

The realization of the intended goal of EmbedHDP has been achieved through a careful
integration of various elements and considerations. The proposed framework shows a
remarkable ability to evaluate the quality of sentence suggestions in care records, which
is challenging due to varying sentence lengths and the inclusion of medical terminology.
The effectiveness of EmbedHDP is exemplified by its ability to approximate or closely
match expert judgments, establishing a commendable degree of correlation. The adoption
of coefficient correlation serves as a quantitative metric that validates the model’s ability
to align its ratings with those of domain experts.

The success of EmbedHDP in this context is promising because of the critical role
of sentence suggestions in conveying accurate and reliable information about the health
status of the elderly. Achieving the goal of the model is paramount, as inaccuracies in
health-related information can have serious consequences. EmbedHDP has proven to be
a robust and valuable tool in the field of healthcare documentation, helping to generate
trustworthy sentence suggestions within care records. This achievement is a testament
to the model’s adaptability and effectiveness in dealing with the nuances of healthcare
language, ultimately increasing the reliability and utility of the generated content in the

reporting of elderly health conditions.

5.2 The Design of Evaluation

The design of our evaluation methodology is meticulously structured to ensure a com-
prehensive and reliable assessment of sentence suggestions within nursing care records,
utilizing both expert judgment and quantitative metrics. To establish a benchmark, the
caregivers actively engaged in elderly care facilities were selected as evaluators. Three care-
givers participated in the evaluation process, each contributing valuable insights through
a carefully crafted questionnaire comprising 390 pairs of words, comparing sentence sug-

gestions against corresponding ground truth sentences.
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The recorded data within the nursing care records application provides ground truth
sentences that serve as reference points to determine the accuracy and fidelity of the
generated sentence suggestions. Caregivers diligently compared and assessed each pair
of sentence suggestions and ground truth sentences according to the criteria outlined in
subsection 3.3.

The caregivers’ evaluations serve as a benchmark for the quality of sentence suggestions,
offering a human-centered perspective on the generated sentences. These assessments
are then compared with alternative evaluation metrics, including EmbedHDP, which we
propose as a novel metric, along with established metrics such as BERTScore, cosine
similarity, ROUGE, and BLEU.

The coefficient correlation is used to measure the agreement between caregivers’ evalua-
tions and those provided by each evaluation metric. A higher coefficient correlation score
indicates a closer alignment between the metric’s assessments and the judgments made by
caregivers. This alignment is important because it shows how well the evaluation metrics,
including EmbedHDP, match the subjective assessments of caregivers.

The correlation coefficient is used to measure the agreement between caregivers’ eval-
uations and those provided by each evaluation metric. The correlation coefficient is a
measure of the degree of linear relationship between two variables x and y [2]. It ranges
from — 1 to +1, where — 1 indicates a perfect negative linear relationship, +1 indicates
a perfect positive linear relationship, and 0 indicates no linear relationship. A higher
correlation coefficient score indicates a closer alignment between the metric’s assessments
and the caregivers’ judgments. This alignment is important because it shows how well the
evaluation metrics, including EmbedHDP, match the caregivers’ judgments.

Essentially, a higher correlation coefficient score indicates that the evaluation metrics are
approaching the judgments made by caregivers. The purpose of using these metrics is to
establish an objective and standardized way of evaluating sentence suggestions in nursing
care record applications. This methodology improves the reliability and objectivity of
the evaluation process by reducing dependence on caregiver assessments. The assessment
ensures that the model’s ability to generate accurate and contextually relevant sentences

is rigorously and quantifiably evaluated.



Chapter 5 Evaluation 46

5.3 Filtering Data Sample

In Section 3, we discussed the limitations of EmbedHDP when handling relatively long
sentences. Due to the potential challenge posed by longer sentences, which may contain
more intricate information, it can be challenging for a model to capture the comprehensive
semantic meaning of the entire sentence effectively. We have implemented a data filter-
ing criterion for testing our proposed evaluation model in response to this consideration.
Specifically, we stipulate that sentences comprised of 13 words or fewer will be used in
the testing phase. This limitation is imposed to ensure the evaluation model is assessed
under conditions where sentences are relatively concise. Focusing on shorter sentences
facilitates a more targeted evaluation of the model’s ability to understand and generate
content with optimal relevance and precision within a constrained linguistic scope. The

filtration process can be automated with the following pseudo-code:

Algorithm 4: Filtering Data Sample

Input: sentencel < sentence similarity, sentence2 < ground truth
Output: 13-word or fewer sentences

if len(sentencel) > 13 or len(sentence2) > 13: then

return Both sentences eliminated

Based on the aforementioned conditions, the initial dataset, which originally comprised
390 data, has been reduced to 320 data due to the imposed criteria. Additionally, 70
data points have been identified as outliers and subsequently excluded from the dataset.
In statistical analysis, identifying and handling outliers is a common practice to ensure
the robustness and reliability of the data. Outliers, which are data points significantly
different from most of the dataset, can substantially impact statistical measures. By
excluding these outliers based on the specified criteria, the dataset has been refined to
a more representative and manageable size, consisting of 320 data entries. This process
contributes to more accurate analysis and interpretation of the dataset, aligning with best

practices in data preprocessing.
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5.4 Results

Based on the comprehensive exposition above, we have conveyed that EmbedHDP is a
potential solution for evaluating models applied to care record sentences, addressing two
primary challenges. Furthermore, we have substantiated that EmbedHDP has successfully
yielded assessments that align more closely with expert opinions than other evaluation
metrics.

The challenges in evaluating care record sentences, such as diverse sentence structures
and specialized medical terminology, necessitate a model that can discern nuances ef-
fectively. EmbedHDP, through its incorporation of hierarchical Dirichlet processes and
domain-specific dictionaries, demonstrates a capacity to navigate these intricacies.

The comparison with current evaluation metrics underscores the superiority of Embed-
HDP in capturing the nuanced nature of care record sentences. Its success in producing
evaluations that closely approximate expert opinions reflects its potential to contribute to
more accurate and meaningful assessments for sentence suggestion in care record applica-
tion. Table 5.1 below shows that EmbedHDP outperforms current evaluation metrics in

coefficient score on 320 test data.

Table 5.1: EmbedHDP outperforms other evaluation metrics

Evaluation Metrics Correlation Coefficient
EmbedHDP 0.61
BERTScore 0.58
ROUGE 0.57
Cosine Similarity 0.59
BLEU 0.53

EmbedHDP has surpassed current evaluation metrics when assessing the quality of sen-
tence suggestion generation against the corresponding ground truth. Employing coefficient
correlation parameters in human evaluation, EmbedHDP outperforms other evaluation
methods with a score of 61%, followed by cosine similarity at 59%, and BERTScore at
58%. This substantiates the effectiveness of EmbedHDP as the proposed primary eval-
uation metric for assessing sentence suggestion generation in care records. Notably, the

observed higher linear relationship between EmbedHDP and human scores compared to
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other evaluation models underscores its robust performance in capturing the nuances of
human expert opinions.

With 70 identified outliers, we classify them as one of the limitations in both EmbedHDP
and other evaluation metrics. Outliers can pose a significant challenge in data evaluation
and analysis, including utilizing EmbedHDP and current evaluation metrics. Outliers can
impact evaluation results significantly, particularly if the model or metric is not designed
to handle extreme variability. In the context of EmbedHDP, identifying and addressing
outliers may become a focus of future development to enhance the model’s robustness
against unusual data variations. The following Table 5.2 shows the correlation coefficient

for 70 data as outliers.

Table 5.2: Limitation of EmbedHDP to sentences of 14 or more words

Evaluation Metrics Correlation Coefficient
EmbedHDP 0.25
BERTScore 0.35

ROUGE 0.34
Cosine Similarity 0.35
BLEU 0.34

5.5 Benchmarking Method

In the preceding section, we delved into the mechanisms and limitations inherent in current
evaluation metrics. Additionally, we explored the challenges posed by care record sentences
and elucidated how our proposed evaluation model, EmbedHDP, is poised to address these
challenges. Examining current evaluation metrics provided insights into their operational
mechanisms and constraints. This understanding sets the stage for introducing and jus-
tification our proposed model, EmbedHDP, which offers a novel approach to evaluating
sentence suggestions within the context of care record sentences. By acknowledging and
addressing the specific challenges posed by the diverse sentence structures and specialized
medical terminology in care records, EmbedHDP aims to provide a more nuanced and
contextually relevant evaluation. The following example will illustrate how EmbedHDP
can address some of the limitations inherent in current evaluation metrics when facing the

challenges posed by nursing care records:
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1. The example of BERTScore limitations when evaluating short sentences (diverse

sentence structures) and those containing medical information (specialized medical

terminology).
Table 5.3: An example of BERTScore limitation.
Sentence Suggestion Ground Truth
T2V B OFEIR, HEERED D,
(Frequent small amount of urination) (There was a large amount during defe-
cation.)
An example of BERTScore limitation
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Fig. 5.1: Metrics and human evaluation assessment of BERTScore limitation in sentences

2. The example of Cosine Similarity limitations when evaluating short sentences (di-
verse sentence structures) and those containing medical information (specialized

medical terminology).

Table 5.4: An example of Cosine Similarity limitation.

Sentence Suggestion Ground Truth

HE5H DG AN D, HE5FHADH D,

(report nurse) (complaints of nurse)
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An example of Cosine Similarity limitation
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Fig. 5.2: Metrics and human evaluation assessment of cosine similarity limitation in sen-

tences

3. The example of ROUGE limitations when evaluating different structures of sen-

tences (diverse sentence structures).

Table 5.5: An example of ROUGE limitation.

Sentence Suggestion Ground Truth
ROTERATR L K[OPRRIEBVERANEDNS

(no mood complaints) (he says he doesn’t feel unwell)
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An example of ROUGE limitation
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Fig. 5.3: Metrics and human evaluation assessment of ROUGE limitation in sentences

4. The example of BLEU limitations when evaluating different structures of sentences

(diverse sentence structures) and those containing medical information (specialized

medical terminology).

Table 5.6: An example of BLEU limitation.

Sentence Suggestion

Ground Truth

BHHolDT, BEANIHE L THIE BSEOR, F— W& LAk,

LE L7

(I had a fever, so I informed the nurse (Due to fever, the nurse was informed

and cancelled the session)

and the procedure was discontinued)
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An example of BLEU limitation
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Fig. 5.4: Metrics and human evaluation assessment of BLEU limitation in sentences

5.6 Discussion

In this paper, our goal is to provide evaluation metrics designed to assess the quality
of sentence suggestions in nursing care record applications, specifically tailored to record
information related to the elderly. Nursing care records present specific challenges, includ-
ing diverse sentence structures and specialized medical terminology. We present evalua-
tion metrics that address the two main challenges in nursing care records by employing
a methodology that computes topic similarity using word embedding vectors. This in-
novative approach aims to overcome the challenges of diverse sentence structures and
specialized medical terminology in nursing notes. By harnessing the power of word em-
bedding vectors, our proposed evaluation metrics strive to capture the semantic nuances
and context-specific information inherent in healthcare-related texts, allowing for a more
accurate and contextually relevant evaluation of sentence suggestions in the domain of
care records.

It is important to recognize that while EmbedHDP demonstrates remarkable capabili-
ties, it is subject to certain limitations that require careful analysis for future refinement.
A significant challenge lies in EmbedHDP’s limitations in analyzing the similarity between

two sentences within health records, particularly when the sentences extend to 14 words
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or more. This decision is based on the observation that longer sentences tend to encap-
sulate more complex and overlapping information. As a result, EmbedHDP needs to be
extended and enhanced to address the challenges posed by longer sentences effectively.
This strategic evolution aims to strengthen EmbedHDP’s ability to handle more complex
linguistic structures within care records, ensuring its continued effectiveness in generating
accurate and contextually relevant sentence suggestions.

As shown in Table 2.1 and Table 2.2, there are 31 activity types within the FonLog
nursing record application for which sentence suggestions must be generated. However,
for our current study, we used only the dataset associated with the vital (/N4 Z)L) activity
type. While this subset is considered representative of the overall structure of care record
sentences, it is recognized that additional conditions or contexts within other activity
types could further enrich EmbedHDP’s training.

The applicability of EmbedHDP to domains other than nursing records requires care-
ful consideration, particularly in evaluating its adaptability to different data characteris-
tics. EmbedHDP has effectively evaluated sentences with short and seemingly incomplete
structures, where sentences may lack subjects or objects. This means that domains with
similar characteristics can be adapted. The model’s ability to handle incomplete sentences
is consistent with scenarios where linguistic structures may vary.

In addition, the relevance of the task should be reviewed, as EmbedHDP was initially
designed to evaluate sentence suggestions within nursing records. Specific domain-related
words in care records are acceptable for the model’s performance, especially when evalu-
ating the similarity between sentence suggestions and ground truth within the context of
nursing care records. The incorporation of word embeddings and dictionaries proves to be
instrumental in capturing the nuances of domain-specific language. A key consideration
is the involvement of domain experts who can provide valuable insights to improve the
relevance and effectiveness of the model. Therefore, before extending the application of
EmbedHDP to different domains, a thorough understanding of data characteristics, task

relevance, and expert involvement is essential for successful adaptation.

5.7 Conclusion

In this study, the researcher proposes an evaluation metric that is close to human judg-
ment and can achieve a high degree of correlation by using correlation coefficients. In this

way, we aim to eliminate human involvement in the evaluation of sentence suggestions in
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nursing care record applications. However, we would like to emphasize that the role of
human judgment remains very important in the context of this research. Nursing care
records have special characteristics such that most of the information produced can only
be understood in depth by nurses, caregivers, or parties directly involved in the provi-
sion of health care services. This becomes even more important when considering that
the information produced is directly related to the health of the elderly, where misinfor-
mation can have serious and even life-threatening consequences.Therefore, although the
proposed evaluation metrics can reduce the burden of human involvement, evaluation by
health professionals remains a key point to ensure the accuracy and safety of the resulting
information.

Three important variables serve as the basis of EmbedHDP, contributing to its robust
functionality in evaluating sentence suggestions in nursing care records. Firstly, the hierar-
chical approach establishes the framework for handling data clustering within a hierarchical
structure, offering adaptability to the inherent complexity and uncertainty present in the
data. This hierarchical model facilitates the representation of nuanced relationships be-
tween topics, thereby enhancing the model’s capacity to capture intricate patterns within
the data.

Secondly, word embeddings are key to generating vectors with expansive semantic val-
ues. The embedding matrix systematically maps words or tokens to continuous vectors,
fostering a distributed representation that encapsulates subtle semantic relationships be-
tween words. This approach enhances the model’s ability to grasp contextual nuances,
contributing to evaluating coherent and contextually relevant sentence suggestions.

Lastly, combining a dictionary with the Dirichlet distribution plays a pivotal role in
determining the existence and prevalence of topics within each document. The dictio-
nary provides a repository of words systematically paired with the Dirichlet distribution,
guiding the allocation of topics and influencing the overall thematic composition of the gen-
erated sentences. This synergistic interplay of hierarchical structures, word embeddings,
and dictionary-based topic determination collectively forms the foundation of EmbedHDP,
ensuring its adaptability, semantic richness, and effectiveness in generating contextually
relevant sentence suggestions.

EmbedHDP has demonstrated a commendable leap forward in outperforming current
evaluation metrics, as evidenced by its correlation coefficient of 61%. This achievement

positions EmbedHDP as an effective evaluation metric for assessing the quality of sentence
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suggestions within nursing care records. By outperforming established benchmarks, Em-
bedHDP represents a significant advancement in natural language generation, particularly
in the complex landscape of healthcare documentation. In direct comparison, the cosine
similarity metric yielded a score of 59%, while BERTScore achieved 58%, ROUGE at 57%,
and BLEU at 53%. These results highlight EmbedHDP’s ability to align with evaluations
provided by caregivers, showcasing its enhanced capacity to capture the nuances of nursing
care records and generate contextually relevant sentence suggestions.

This success demonstrates EmbedHDP’s adaptability and effectiveness in handling
healthcare language, which is characterized by diverse sentence structures and specialized
medical terminology. The robust quantitative measure correlation coefficient indicates
that EmbedHDP is skilled at approximating expert evaluations and outperforms other
widely used metrics in this context.

EmbedHDP has successfully surpassed established metrics, addressing the critical need
for specialized evaluation tools in the healthcare domain. Conventional metrics, such as
cosine similarity, ROUGE, and BLEU, have limitations in capturing the domain-specific
nuances of nursing care records, which emphasizes the necessity for tailored approaches.
EmbedHDP’s achievement, demonstrated by an enhanced correlation coefficient score,
confirms its reliability and usefulness as a metric for evaluating sentence suggestions. This
reduces reliance on assessments and enhances the objectivity and standardization of the

evaluation process in nursing care record applications.
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Chapter 6

Discusscion and Future Work

6.1 Discussion

In an effort to improve the efficiency and accuracy of sentence suggestion generation in
nursing care records, this study aims to address several critical issues to improve the
overall quality of automated language models. The unique challenges posed by the intri-
cate and non-standard sentence structures, coupled with the specialized medical termi-
nology inherent in healthcare documentation, necessitate a comprehensive investigation
of the capabilities of existing models and the development of tailored evaluation metrics.
Grounded in the context of elderly care, where accurate and contextually relevant re-
porting is paramount, our research aims to bridge the gap between automated sentence
suggestions and the nuanced language of original care records.

The primary goal is to evaluate the effectiveness of current sentence suggestion systems
and propose improvements that are more closely aligned with expert opinion and domain-
specific requirements. By examining the limitations of existing models, understanding the
complexities introduced by varying sentence structures and medical terminologies, and
leveraging the insights of caregivers and healthcare professionals, this research seeks to
contribute to the refinement and sophistication of language models tailored for nursing
care records. The ensuing discussion explores the methods employed, the insights gained,
and the advancements proposed, laying the groundwork for a nuanced understanding of
the intricate language nuances within the realm of elder care documentation.

How effectively does the current sentence suggestion generation system capture the nu-
ances of original sentences in care records?

The effectiveness of current sentence suggestion systems in capturing the nuances of
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original sentences in nursing records is currently limited. Existing systems face challenges
in dealing with the complex and non-standardized sentence structures prevalent in nursing
care records. The variety of sentence lengths, coupled with the inclusion of specialized
medical terminology, presents obstacles to traditional language models. These models, de-
signed for conventional grammatical structures, may have difficulty accurately interpreting
and preserving the subtle nuances embedded in the original sentences.

In addition, the specialized vocabulary used in healthcare documentation, ranging from
specific drug names to detailed descriptions of medical conditions and treatment proce-
dures, adds another layer of complexity. The nuances of healthcare language, specific to
each patient’s medical history and treatment plan, require a level of sophistication that
current phrase suggestion systems may not fully achieve.

Comparative analysis with conventional evaluation metrics such as cosine similarity,
BERTScore, ROUGE, and BLEU highlights the limitations of existing approaches in cap-
turing the nuanced nature of nursing care records. The proposed EmbedHDP, with its
commendable coefficient correlation score of 61%, indicates a notable advance in align-
ing with the subtleties embedded in the original sentences, suggesting a more effective
approach.

In conclusion, while the current sentence suggestion generation systems demonstrate
some capability, there is room for improvement, particularly in addressing the complex
linguistic structures and specialized terminology inherent in nursing care records. The
insights from the research suggest that more context-aware and comprehensive models,
such as EmbedHDP, hold promise in enhancing the effectiveness of sentence suggestion
systems in capturing the rich nuances of original sentences in care records.

How does evaluating the sentence suggestion generation model differ from expert opin-
ions in the context of care records?

Sentence suggestion model evaluation differs from expert opinion in the context of care
records in several key aspects. Expert opinion, often provided by caregivers or health-
care professionals, brings a nuanced and contextual understanding of the nuances within
care records that automated models may not fully capture. Here are a few points of

differentiation:

1. Subjectivity and contextual understanding: Expert opinions are subjective and
based on contextual understanding of individual patient histories, treatment plans,

and specific healthcare scenarios. Caregivers use their expertise to assess gener-
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ated sentences’ appropriateness, relevance, and accuracy based on their contextual
knowledge. In contrast, automated models rely on pre-defined algorithms and may
struggle to capture the nuanced context inherent in care records.

2. Handling Non-Standard Sentence Structures: Care records often exhibit non-
standard sentence structures due to the varied nature of elderly histories, medical
observations, and treatment plans. The caregivers, accustomed to these variations,
can effectively interpret and assess the meaning of such sentences effectively.
Automated models, especially traditional language models, may face challenges in
accurately handling non-standard structures.

3. Specialized medical terminology: Nursing care records contain specialized medical
terminology, from drug names to detailed descriptions of conditions and procedures.
Caregivers deeply understand this terminology and can evaluate the accuracy and
appropriateness of the language used. Automated models can struggle with the
domain-specific nuances of medical discourse.

4. Holistic, elderly-centred evaluation: Caregivers’ opinion often involves a holistic and
elderly-centred evaluation that considers not only grammatical correctness but also
the overall coherence and relevance of the sentences generated within the broader
healthcare context. Automated models may prioritize grammatical rules and pre-
defined metrics, potentially missing the broader elderly-centered perspective.

5. Flexibility in interpretation: Caregivers can adapt their interpretation based on the
unique characteristics of each elder’s care records. They can recognize the subtle
differences in tone, intent, and urgency, which can be challenging for automated
models to replicate without extensive training on diverse datasets.

6. Include for caregiver insights: Involving caregivers in the evaluation process allows
for incorporating their insights, preferences, and professional judgment into the
evaluation. This collaborative approach ensures that the evaluation aligns with the

practical needs and expectations of those directly involved in elder care.

While automated models, such as EmbedHDP, provide a quantitative and systematic
approach to evaluation, the nuanced and subjective nature of caregiver opinion remains
essential to ensuring the appropriateness and effectiveness of sentence suggestions within
nursing care records. Integrating both perspectives can lead to a more comprehensive and
reliable evaluation process.

What methodologies can be employed to assess and enhance the overall quality of sen-
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tence suggestions generated in care record applications?
In order to evaluate and improve the overall quality of sentence suggestions generated
in nursing applications, several methods can be used to gain insight from the information

provided:

1. Expert evaluation: Involving healthcare professionals and caregivers with expertise
in elder care and healthcare documentation is critical. Their subjective evaluations
can provide valuable insight into the appropriateness, accuracy, and contextual rel-
evance of generated sentence suggestions.

2. Human-centric metrics: Incorporating human-centric metrics in the evaluation pro-
cess, such as coherence, relevance, and overall comprehension, ensures that the
generated sentences align with the broader healthcare context and elderly-specific
nuances.

3. Specialized evaluation metrics: Developing and utilizing evaluation metrics tailored
to the unique characteristics of nursing care records, including non-standard sen-
tence structures and specialized medical terminology. EmbedHDP, with its empha-
sis on coefficient correlation, represents a step in this direction.

4. Context-aware language models: Use advanced natural language processing models,
specifically designed to handle the nuances of care records. EmbedHDP, as proposed
in the research, is a context-aware language model capable of capturing the nuances
of healthcare language.

5. Tterative model refinement: Implement an iterative refinement process for language
models, that incorporates feedback from expert evaluation and real-world use. This
continuous improvement loop ensures that the model adapts to evolving healthcare
documentation needs.

6. Benchmarking against ground truth: Use of benchmark datasets containing ground
truth sentences derived from actual care records. Comparing the generated sugges-
tions to these ground truth sentences provides a tangible measure of accuracy and
relevance.

7. Incorporating domain-specific knowledge: Integrating domain-specific knowledge,
such as medical ontologies and dictionaries, into language models. This ensures
that the models have a robust understanding of the specialized vocabulary and
terminology used in healthcare documentation.

8. Collaborative model development: Involves interdisciplinary collaboration between
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natural language processing experts, healthcare professionals, and caregivers. This
collaborative approach ensures that the language models are developed with a deep
understanding of both linguistic nuances and practical healthcare requirements.

9. Utilizing Time Series Approaches: Exploring time series approaches, as demon-
strated by Caballero and Akella, to predict health states from nursing care record
applications. This approach allows the models to consider temporal aspects and

changing health states in their predictions.

By combining these methods, a comprehensive evaluation framework can be established
to continuously assess and enhance the quality of sentence suggestions in nursing care
record applications. This holistic approach ensures that the language models not only
adhere to linguistic standards but also meet the specific and evolving needs of healthcare
professionals and caregivers in their daily practice.

Why did I choose to design EmbedHDP as the evaluation metric for sentence suggestion
in care record applications?

The design process of EmbedHDP followed a comprehensive methodology that included
several key steps aimed at creating an improved formula for evaluation metrics. The first
steps included expert evaluation, exploration of specialized evaluation metrics, integration
of context-aware language models, and benchmarking against ground truth sentences. The
journey began with an interest in a topic recognition approach that focused on computing
the similarity between the topics present in two sentences. Initially using Latent Dirichlet
Allocation (LDA), the methodology had a limitation in that the number of topics had to be
predetermined before training the sentences. To overcome this limitation, the Hierarchical
Dirichlet Process (HDP) was introduced, exploiting its hierarchical advantages. Although
EmbedHDP showed better evaluation results than LDA | it was still unable to surpass the
performance of current evaluation metrics.

As we delved deeper into the workings of the existing evaluation metrics, we realized
the critical role of word embeddings in understanding the context of individual words or
sentences. This revelation became particularly important in the light of the prevalent
problem of medical terminology, which is often encountered in care records. As a result,
the methodology evolved, moving away from HDP and replacing the Bag-of-Words (BoW)
process during corpus generation with word embeddings. The aim of this adaptation was
to improve the understanding of context, especially in the complex domain of healthcare,

and to address the challenges posed by specialized medical terminology. The development
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of EmbedHDP reflects a strategic evolution that incorporates advances in natural language
processing and harnesses the power of word embeddings to achieve a more nuanced and
effective evaluation metric for sentence suggestion in nursing care record applications.

How did you find limitations in your research?

Several limitations were identified in this research, and one of the prominent challenges
was the constraint on the number of caregivers involved, which was limited to three indi-
viduals. This limitation introduced complexities in establishing a robust benchmark for
evaluation. For instance, when the three caregivers provided divergent assessments for a
sample sentence, such as Caregiver A giving a rating of 0.75, Caregiver B assigning a score
of 0.5, and Caregiver C providing a rating of 0.25, the challenge arose in reconciling these
varied evaluations.

In scenarios where caregivers present contrasting opinions on a given sample sentence,
the resulting discrepancies in the assigned scores highlight the subjectivity inherent in hu-
man evaluations. In the mentioned example, the discrepancies could stem from differences
in individual interpretations, personal preferences, or varying levels of familiarity with the
context. This subjectivity poses a challenge in establishing a definitive benchmark, as it
becomes challenging to ascertain the ”correct” evaluation for a given sentence.

Furthermore, another potential limitation arises when two caregivers reach a consensus
on assigning high scores to a sample sentence, while a third caregiver assigns a lower
score. In-depth analysis is necessary to understand the reasons behind such disparities.
Possible explanations include variations in individual perceptions of clarity, relevance, or
accuracy. Additionally, differences in expertise, experience, or contextual understanding
among caregivers may contribute to divergent evaluations.

Addressing these limitations requires careful consideration of the inherent subjectivity
in human evaluations. While human assessments provide valuable qualitative insights,
their variability underscores the need for complementary quantitative evaluation metrics,
such as EmbedHDP, to offer a more objective and standardized measure of the quality
of sentence suggestions in care record applications. The combination of both subjective
and objective evaluation approaches contributes to a comprehensive understanding of the
model’s performance, acknowledging the challenges associated with the inherently subjec-
tive nature of language evaluation.

What are the notable strengths and positive aspects of this research?

The research undertaken encompasses several commendable aspects that contribute to
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its significance and potential impact. Firstly, the introduction of EmbedHDP as an evalu-
ation metric for sentence suggestion in nursing care record applications represents a note-
worthy innovation. EmbedHDP evolved from a meticulous methodology that integrates
expert evaluations, specialized metrics, context-aware language models, and benchmark-
ing against ground truth. This multi-faceted approach reflects a comprehensive effort to
address the nuances and complexities inherent in nursing care records.

Furthermore, the research demonstrates a keen awareness of the limitations associated
with human evaluations, particularly the challenges posed by the subjectivity of caregiver
assessments. By acknowledging the potential discrepancies among caregiver ratings and
the inherent difficulty in establishing a definitive benchmark, the research adds a layer of
transparency to the evaluation process. This recognition of limitations contributes to a
nuanced understanding of the complexities involved in evaluating sentence suggestions in
care records.

Moreover, the evolution of EmbedHDP, transitioning from traditional topic modeling
with HDP to incorporating word embeddings, showcases adaptability and responsiveness
to the unique characteristics of healthcare language. This shift is particularly pertinent in
addressing the intricacies of medical terminology present in nursing care records, demon-
strating a commitment to enhancing the model’s relevance and effectiveness within the
healthcare domain.

Additionally, the research places emphasis on the significance of evaluation metrics
in bridging the gap between subjective human assessments and objective quantitative
measures. The proposal of EmbedHDP as an evaluation metric seeks to mitigate the
challenges posed by the limited number of caregivers and the inherent subjectivity in
their evaluations. This approach offers a standardized and quantitative measure, reducing
dependency on individual interpretations and providing a more reliable means of assessing
the quality of sentence suggestions.

How durable is EmbedHDP in terms of its long-term effectiveness and stability?

The long-term durability and stability of EmbedHDP is an essential consideration in
assessing its effectiveness as a metric for evaluating sentence suggestion in nursing doc-
umentation. While EmbedHDP introduces innovative approaches, such as incorporating
word embeddings to address the intricacies of medical terminology, its robustness in dealing
with sentence nuances, especially those beyond 14 words, presents a significant challenge.

The inherent limitation of EmbedHDP to longer sentences warrants careful consideration,
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as sentences in nursing records can often extend beyond this threshold.

The research acknowledges the challenge posed by longer sentences, emphasizing that
they tend to contain more complex information and overlap, making their analysis more
complicated. This limitation points to the need for future analysis and enhancements to
ensure EmbedHDP’s adaptability and effectiveness in handling extended sentences com-
monly found in healthcare documentation. The long-term sustainability of EmbedHDP
depends on its ability to evolve and address such challenges to ensure its continued rele-
vance and stability in the dynamic landscape of nursing care record applications.

As EmbedHDP undergoes further refinement and adaptation to accommodate longer
records, the research community’s commitment to ongoing development and improvement
will be critical to its continued effectiveness. The durability of EmbedHDP, in the context
of its long-term application, will depend on its ability to overcome limitations and evolve
with the evolving needs and complexities of nursing care records. Therefore, a continued
commitment to research and development, addressing identified limitations, and adapting
to emerging challenges will be critical to ensuring the continued effectiveness and stability
of EmbedHDP in the nursing care record application domain.

What aspects are currently under evaluation in the ongoing assessment?

It is important to note that certain limitations have been identified during this evaluation
process. One significant limitation revolves around the handling of longer sentences, specif-
ically those longer than 14 words. The analysis shows that EmbedHDP faces challenges
in effectively capturing the intricacies of longer sentences, which may impact its ability to
provide accurate and nuanced evaluations for such cases. This limitation prompts further
investigation and refinement to improve EmbedHDP’s adaptability to extended sentences
commonly found in healthcare documentation.

In addition, another critical condition to evaluate concerns situations where one sen-
tence is a subset of another sentence. This scenario introduces additional complexity, as
the model must navigate the hierarchical relationships between sentences and accurately
evaluate their similarities or differences. Evaluating the model’s performance in handling
subsets and ensuring that it can distinguish nuanced differences in such cases becomes a
critical aspect of ongoing evaluation and refinement.

In essence, the evaluation process has examined EmbedHDP across multiple dimensions,
highlighting its strengths and identifying areas for further attention and development.

As the research progresses, addressing the identified limitations and refining the model’s
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capabilities will be critical to achieving a more comprehensive and effective metric for
evaluating sentence suggestions in nursing care records.

What are the findings derived from the proposed design?

The findings derived from the proposed design reveal a series of strategic modifications
aimed at enhancing the overall performance and effectiveness of the evaluation metric,
EmbedHDP. Notably, a pivotal adjustment involved substituting the ineffective Bag-of-
Words (BoW) approach with word embeddings. This transition proved essential in im-
proving the model’s capacity to comprehend the semantic information embedded within
sentences, marking a significant advancement in the understanding of the intricacies of
nursing care records.

In addition, careful consideration was given to the optimization of hyperparameters
tuned to the corpus generated by word embeddings. The need for compatibility between
the corpus and the hyperparameterized Hierarchical Dirichlet Process (HDP) training
process required careful adaptation to ensure seamless integration. Despite the advan-
tages introduced by the word embeddings, a transformation back to the BoW format was
necessary after the corpus acquisition, highlighting the complex interplay between these
components in the design.

Furthermore, the refinement extended to the composition of the dictionary, which ini-
tially included a compilation of corpora of sentence suggestions and their corresponding
ground truth sentences. This dictionary underwent a transformative shift to encapsulate
a collection of words specifically representing medical terminology prevalent in nursing
records. This customized dictionary improved the model’s ability to recognize the nu-
ances of healthcare language and addressed the challenge posed by medical terminology,
contributing to more nuanced and accurate scoring.

Essentially, these results underscore the careful adjustments made to the design, empha-
sizing a paradigm shift from conventional approaches to a more sophisticated and domain-
specific methodology. The amalgamation of word embeddings, hyper-parameter optimiza-
tion, and a specialized dictionary has culminated in a more robust and context-aware
EmbedHDP poised to improve sentence suggestion evaluation in nursing care records.

Is the dataset designed to be universal, or does it possess limitations in its applicability?

The dataset used in this study comes from a collection of data collected through the use
of the care record application known as FonLog. It’s imperative to note that this dataset

is inherently closed, as it is associated with sensitive information about elderly individuals
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within healthcare facilities. Unlike universal datasets, the characteristics of this dataset
are specifically tailored to include information relevant to the elderly population.

In addition, the nature of the dataset is unique and not generally applicable to general
contexts. It delves into the intricacies of data related to the elderly, providing a nuanced
perspective that includes elements such as medical terminology commonly found in care
records. To understand the nuances of the sentences in this dataset, a prior understanding
of care records is essential, emphasizing the specialized and domain-specific nature of the
information contained in the dataset. As a result, the design of the dataset is not intended
for universal applicability but rather for the unique and specialized domain of elderly care
records within healthcare facilities.

What specific aspects require further attention or improvement based on the findings
obtained?

Based on the results obtained, certain aspects that require further attention and poten-
tial improvement emerge. One critical area that requires careful consideration is the lim-
ited number of nurses involved in the assessment process. Relying on only three caregivers
may present challenges in establishing a robust benchmark due to potential variations in
individual ratings. The diversity of opinion among caregivers, as evidenced by the varying
scores for a given example sentence, underscores the need for a larger and more diverse
pool of caregivers to increase the reliability and representativeness of the benchmark.

In addition, current evaluation metrics, including EmbedHDP, have limitations when
dealing with longer sentences, particularly those containing 14 words or more. The in-
herent complexity and overlap of information in longer sentences present a challenge to
effective analysis. Addressing this limitation will be critical to ensuring the long-term
effectiveness and stability of EmbedHDP, especially in scenarios where large and detailed
sentences are prevalent in care records.

Furthermore, the transition from Bag-of-Words (BoW) to word embeddings in the cor-
pus generation process is a notable improvement. However, there is room for refinement in
tuning the hyperparameters to match better the corpus characteristics resulting from the
word embeddings. This adaptation is crucial for optimizing the training of the Hierarchical
Dirichlet Process (HDP) on the generated corpus. The inclusion of medical terminology
in the dictionary is commendable but could benefit from ongoing curation to improve its
representation and coverage of relevant terms.

In summary, future efforts should focus on expanding the pool of caregivers for evalu-
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ation, addressing limitations related to sentence length, fine-tuning hyperparameters for
optimal compatibility with word embeddings, and refining the medical terminology dic-
tionary. These targeted improvements will help increase the robustness and effectiveness
of the proposed EmbedHDP evaluation metrics in the context of care record applications.

What insights or conclusions can be drawn from the initial exploration of these aspects?

The initial exploration of various aspects in the study yields valuable insights and con-
clusions. Firstly, the limited number of caregivers participating in the evaluation process
highlights the need for a more extensive and diverse pool to establish a comprehensive
benchmark. The observed variations in evaluation scores among three caregivers em-
phasize the subjectivity inherent in human assessments, necessitating a broader range of
perspectives for a more robust benchmark.

Regarding the limitations associated with sentence length, particularly those exceeding
14 words, the findings underscore the challenges in effectively capturing the nuances of
longer sentences. This insight suggests that a tailored approach may be necessary for the
sentence suggestion generation system to effectively handle more extensive and complex
information in nursing care records.

The transition from Bag-of-Words (BoW) to word embeddings in the corpus genera-
tion process reveals promising improvements in understanding the semantic information
within sentences. However, the initial exploration suggests a need for further fine-tuning
of hyperparameters to optimize compatibility with the characteristics of the generated
corpus. This refinement aims to enhance the training effectiveness of the Hierarchical
Dirichlet Process (HDP) on the word embeddings corpus, contributing to better overall
performance.

The incorporation of medical terminology into the dictionary signifies a positive step to-
ward contextualizing the language models for nursing care records. The initial exploration
suggests that ongoing curation and expansion of the medical terminology dictionary may
be beneficial for a more comprehensive representation of relevant terms.

In conclusion, the initial exploration highlights the importance of diversifying caregiver
evaluations, addressing challenges associated with sentence length, fine-tuning hyperpa-
rameters for optimal training, and continually refining the medical terminology dictio-
nary. These insights pave the way for further research and refinement to enhance the
proposed sentence suggestion generation model’s effectiveness and applicability in nursing

care record applications.
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6.2 Future Works

Future works will leverage established models such as BERTScore and fine-tune their
contextual embeddings to align with the specific characteristics of care record sentences.
The comparison with EmbedHDP will provide insights into the strengths and weaknesses
of each model. Additionally, efforts will be directed towards refining both evaluation
models by gaining a deeper understanding of their mechanisms. This iterative process of
refinement and comparison contributes to the continuous improvement and adaptation of
evaluation techniques for sentence suggestions in the care records domain.

Future research can also explore optimising the use of Large Language Models (LLMs)
as evaluation metrics, especially in the context of sentence suggestions in nursing care
record applications. The main question that needs to be answered is how we can more
effectively utilize LLM capabilities to assess and improve the quality of sentence sugges-
tions in nursing care note applications. Previously, research has shown that LLM has been
used to provide helpful feedback on research papers and compared it to human feedback
from peer reviewers[29]. The results of this study show that the overlap between input
from GPT-4 and human input is comparable to the overlap between two human review-
ers and that GPT-4 tends to identify key or common issues raised by multiple reviewers.
Additionally, the study notes that GPT-4 emphasizes some aspects of feedback more than
humans, such as suggesting more experiments or data sets and providing more positive
feedback. These findings may provide a foundation for future research to identify ways
LLM can be specifically optimized to evaluate better sentence suggestions in implementing

nursing care notes.
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Chapter 7

Conclusion

This study aims to provide evaluation metrics to better capture semantic information in
sentence suggestions in care notes and produce ratings that reflect human evaluations.
Because in providing a sentence suggestion system for elderly care records, the accuracy
of evaluation metrics is critical. As the resulting sentence suggestions are closely related
to important information about the elderly, and any inaccuracies may pose potential risks.

Current evaluation metrics fail to fully reflect their ability to analyze the quality of
suggested sentences, which is critical for their implementation in nursing care recording
systems. For instance, BERTScore has difficulty evaluating the domain of nursing care
notes effectively and consistently assessing the quality of the resulting sentence suggestions
above 60%. Additionally, cosine similarity, which is widely used, represents limitations in
word order, leading to potential misjudgments of semantic differences in sets of similar
words. Then, researchers also found that ROUGE relied on lexical overlap but tended
to ignore semantic accuracy. Another point is BLEU ignores semantic coherence in its
evaluation.

We proposed a new evaluation metric, EmbedHDP, with a word embedding approach
combined with HDP. After conducting experiments on 320 original data from elderly
facilities, EmbedHDP outperformed other evaluation metrics with a coefficient score of
61%. The cosine similarity has a coefficient score of 59% and a BERTScore of 58%.
However, it must be acknowledged that EmbedHDP still has limitations and requires
careful analysis for future development. One significant challenge lies in EmbedHDP’s
vulnerability when analyzing similarities between two care record sentences, especially
when the sentences are relatively long, containing 14 words or more. EmbedHDP has

difficulty capturing sentence relationships effectively in such scenarios.
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Another potential approach for enhancing the evaluation of sentence suggestions in care
record applications involves fine-tuning existing metrics, particularly focusing on well-
established evaluation models like BERTScore. This strategic approach acknowledges
the necessity for domain-specific evaluations that can accurately capture the intricacies
of language within care records. While fine-tuning process requires a significant time
investment, especially in tasks such as generating contextual embeddings specific to the
care record domain, the potential benefits are substantial. The resulting fine-tuned metrics
have the potential to provide a more nuanced and precise assessment of the generated
content, contributing to the continual refinement of natural language processing techniques
tailored for the intricacies of healthcare-related texts. In care records, where language is
highly specialized and context-dependent, adapting evaluation metrics like BERTScore

through fine-tuning is a strategic move.
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Appendices

This appendix presents a compilation of 390 pairs of sentence suggestions that have been
meticulously paired with their respective ground truths. To measure the quality of these
sentence suggestions, an expert score was derived as the average of the ratings provided
by three caregivers. These caregivers rated the sentences using a questionnaire that gave

” N

them the option of rating the suggestions as ”excellent,” ”good,” ”fair,” ”poor,” or ”bad.
The expert score serves as a benchmark. The evaluation metrics are calculated for their

proximity to the expert score using the correlation coefficient score.
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