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Resumo

A experiéncia do doente é um conceito multidimensional que depende da interacdo do doente
com os sistemas de saude, as suas preferéncias, educacdo, acesso aos cuidados de saude, etc. A
avaliacdo da experiéncia do doente tornou-se uma medida habitual para avaliar a qualidade dos
servigos de salde. Os questiondrios estruturados sdo as formas mais comuns de medir a experiéncia
do doente nestes contextos. No entanto, neste tipo de questionarios, perde-se a profundidade e a
complexidade da perspetiva do doente, reduzindo-a a uma simples resposta. Por outro lado, a analise
de respostas a questionarios ou entrevistas de perguntas abertas é uma tarefa demorada e fatigante: em
primeiro lugar, os dados qualitativos podem ser altamente detalhados e extensos e em segundo lugar,
devido a sua natureza subjetiva.

Recentemente, varios estudos pretenderam automatizar a analise de dados de experiéncia do
doente em texto livre utilizando o Processamento de Linguagem Natural (NLP). Esta abordagem
consiste num algoritmo que transforma a linguagem humana natural para que possa ser processada
por modelos computacionais. Assim, torna-se possivel explorar dados qualitativos de uma forma mais
conveniente e rapida, como por exemplo, a descoberta de palavras ou combinagdes de palavras que
aparecem com mais frequéncia nos comentérios. Além do mais, os modelos de aprendizagem
automatica supervisionados podem ser treinados com dados de texto classificados e posteriormente
utilizados para classificar textos em tépicos ou sentimentos. Por outro lado, os modelos nédo
supervisionados preveem o0s topicos ou sentimentos num conjunto de dados sem qualquer
conhecimento prévio dos mesmos.

Este estudo faz parte do projeto CardioFollow.Al, um servi¢o de satde digital financiado pela
FCT (Fundagdo para a Ciéncia e Tecnologia) e desenvolvido em colaboracdo entre Fraunhofer-
AICOS, NOVA Medical School, Centro Hospitalar e Universitario de Lisboa Central — Hospital de
Santa Marta (HSM-CHULC) e VOH.CoLAB. O projeto teve inicio em janeiro de 2021 e tem a
duracédo de 3 anos. O principal objetivo desta tese é desenvolver ferramentas que captem a experiéncia
do doente em servicos de satde digital. As duas abordagens utilizadas foram: em primeiro lugar, um
guestionario de dados estruturados que foi desenvolvido e em segundo lugar, uma técnica de NLP
implementada para analisar dados néo estruturados da experiéncia do doente.

Atualmente, ndo existem questionarios validados em portugués europeu. Portanto, realizamos
uma revisdo da literatura para selecionar questionarios validados em inglés com este mesmo propésito
e compildmos perguntas dos questionarios escolhidos. As perguntas foram traduzidas e o resultado
contém 13 perguntas. O questionario ja foi aplicado a 10 pacientes, no entanto, a sua validagdo tera de
ser feita através de um teste piloto de larga escala, de modo a entender se 0 questionario se adequa a
populacéo e finalidade a que se destina.

O principal objetivo do algoritmo de NLP é indicar automaticamente palavras e expressdes de
um texto que descrevem sentimentos positivos e negativos e identificar os principais topicos
mencionados, permitindo que os investigadores explorem aspetos de melhoria da qualidade. O
conjunto de dados utilizados neste estudo consiste em transcrigdes de vinte videos de entrevistas a
doentes. Em primeiro lugar, efetuou-se o pré-processamento dos dados: removeu-se a pontuagéo,
palavras irrelevantes e substituiu-se cada palavra pela sua forma basica. A frequéncia de palavras foi
calculada para fins de anélise exploratoria dos dados. Os termos mais frequentes ndo permitiram tirar
nenhuma conclusdo acerca dos temas do documento. Por esse motivo, utilizou-se a técnica designada
Part-Of-Speech tagging (POS tagging) de modo a identificar apenas os adjetivos e verbos mais
comuns, sendo que os adjetivos mostraram ser 0s mais Uteis para uma andlise inicial da experiéncia do



doente. Posteriormente, os dados foram vetorizados com a frequéncia do termo-inverso da frequéncia
nos documentos (TFIDF) para captar as palavras mais relevantes no conjunto de dados e para cada
doente. Os resultados obtidos permitiram obter mais perce¢es acerca do conteudo dos dados e
sugeriram que o feedback do doente fosse maioritariamente positivo.

Duas das abordagens foram implementadas para obter o sentimento associado a um conjunto
de dados global e as respostas a cada pergunta. Em primeiro lugar, foi desenvolvida uma calculadora
que compara as palavras de uma porcdo de texto com um dicionario que contém palavras associadas a
sentimentos positivos e negativos. Consequentemente, indica se o texto inclui mais ou menos palavras
positivas ou negativas, indicando assim o seu sentimento. A precisdo obtida, quando comparada com
dados classificados manualmente, foi de 68%. A baixa precisdo pode ser devida a inadequagdo do
dicionério fornecido a calculadora e porque este método ndo considera a seméntica de uma frase, mas
apenas significados de palavras individuais.

Em segundo lugar, dois algoritmos de aprendizagem automatica, Support Vector Machine
(SVM) e Naive Bayes (NB) foram treinados e testados com o conjunto de dados previamente
classificado manualmente. Posto isto, como o conjunto de dados estava altamente desequilibrado
devido ao baixo nimero de exemplos negativos, aplicou-se uma técnica de sobre amostragem de
modo a equilibrar as classes. O TFIDF foi utilizado novamente para vetorizar os dados, e a exatidao
final foi de 59% para NB e 78% para SVM.

Por fim, um algoritmo ndo supervisionado, Latent Dirichlet Allocation (LDA), foi criado para
prever os topicos desse conjunto de dados. Esta abordagem é extremamente benéfica porque ndo
limita as informagfes a topicos pré-determinados e permite que o modelo descubra tdpicos nao
previstos pelo investigador. O sentimento de cada tépico foi calculado, usando a abordagem baseada
em dicionario. Ainda que as palavras que constituiram os topicos finais ndo tenham sido muito
coerentes entre si, foi possivel inferir o tema de alguns tépicos. O sentimento obtido para a maioria
dos topicos foi positivo. Os Unicos aspetos associados ao sentimento negativo, sao relacionados com a
recuperacao fisica da cirurgia e nao relacionados com o servico digital.

A amostra de dados era muito pequena para esperar bons resultados da analise de NLP. Além
disso, a qualidade do conjunto de dados também néo era ideal. Assim, um conjunto de dados mais
extenso de doentes seria necessario para avaliar a viabilidade do modelo. Por outro lado, existem
varias ferramentas que oferecem tarefas basicas de NLP para a lingua inglesa, no entanto, existem
poucas solucbes referentes a lingua portuguesa, sendo que as existentes apresentam desempenho
inferior quando comparadas as inglesas.

De qualquer modo, aplicando ferramentas de andlise de texto, foi possivel demonstrar como
uma metodologia de NLP pode ser utilizada numa escala mais elevada para dados em portugués
europeu. Em primeiro lugar, o NLP facilita a analise de texto ao descobrir as palavras mais relevantes
em documentos através de estatisticas TFIDF, que mostrou ser uma métrica melhor do que apenas o
calculo da frequéncia de palavras. A abordagem baseada em dicionario teve um resultado razoavel, no
entanto, a criacdo de um dicionario mais completo e adequado aumentaria sua precisao. Os modelos
de NB e SVM mostraram ser uma abordagem eficaz para a classificacdo de documentos de acordo
com seu sentimento e de uma forma répida. Seguidamente, os resultados de precisdo obtidos foram
pobres, todavia, um conjunto de dados mais extenso melhoraria esse desempenho.

Concluindo, este trabalho contribuiu para o desenvolvimento de ferramentas que analisam
dados ndo estruturados da experiéncia do doente. Adicionalmente, propomos um questionario que
facilita a recolha de dados estruturados em servicos de saude digitais. Os resultados deste estudo



podem ser utilizados para avaliar a experiéncia do doente em futuros estudos de salde digital em
portugués europeu. O principal objetivo para futuros trabalhos € otimizar o processo e torna-lo
generalizavel para qualquer conjunto de dados qualitativos de experiéncia do doente. Dessa forma, ao
inserir texto de transcrigdes ou de questionarios, o0 modelo retornaria uma representacdo visual dos
resultados, facilitando assim a analise dos dados por parte de um investigador.

Palavras-chave: Andlise qualitativa, Processamento de linguagem natural, Analise da
experiéncia do doente, Aprendizagem automatica, Classificacdo de topicos.



Abstract

Evaluating patients' experiences has become a standard measure to judge the quality of care.
However, studying patient experience data may be a time-consuming task. Efficient analysis
techniques to examine such feedback have not been frequently applied in European Portuguese,
especially for digital healthcare services.

To fill this gap, two approaches were considered. Firstly, for structured data, we compiled and
translated items from validated questionnaires for digital healthcare services in English, resulting in a
13-item questionnaire in European Portuguese.

Secondly, a Natural Language Processing (NLP) pipeline was developed to analyse
unstructured data. The pipeline was applied to 20 patient interview transcripts from a digital
healthcare service. The data was pre-processed, vectorized, and each word was assigned to its
morphosyntactic category. Posteriorly, a dictionary-based approach was implemented to return the
sentiment of a comment based on the number of positive, negative, or neutral words. Two machine
learning algorithms were trained and tested with a previously labelled dataset to classify comments
according to their sentiment. Finally, a topic model unsupervised algorithm, Latent Dirichlet
Allocation, was created to predict the topics of the text. The sentiment of each topic was calculated
using the dictionary-based approach. The most common adjectives gave valuable insights into the
text. The obtained accuracy for the sentiment dictionary-based approach was 68% when compared to
manual labelling, and 59% and 78% for each machine learning model.

The results made us conclude that the overall satisfaction with the project was positive.
However, a larger dataset would be necessary to examine this model's feasibility, as the study's main
limitation is the dataset's size and quality. Still, by applying text analytics tools, we could demonstrate
how NLP could be used on a larger scale for European Portuguese datasets to maximize the
usefulness of patient feedback data and reduce the time invested in its interpretation.

Keywords: Qualitative Analysis, Natural Language Processing, Patient experience analysis,
Machine Learning, Topic Modelling.
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Chapter 1

1 Introduction

1.1 Motivation

Over the last couple of decades, patient perspective has become widely recognized as one
of the leading indicators of the quality of healthcare services. Not only has it become a key strategic

focus for healthcare providers, but investigators have also introduced various metrics to measure it'
6

Although patient experience can be collected through questionnaires and surveys, semi-
structured in-depth interviews are the most frequent qualitative data source in health services
research. This method typically involves a dialogue between researcher and patient, guided by a
flexible interview protocol. By collecting open-ended data, researchers can explore the participants’
thoughts, feelings, and beliefs about a particular topic and delve deeply into personal and
sometimes sensitive issues’.

Analysing interview responses requires substantial effort due to the unstructured nature of
the answers. Raw free-text data are, therefore, not constantly analysed systematically, risking the
loss of potentially valuable insights for hospital improvement. Thus, there is increasing interest in
applying Natural Language Processing (NLP) technigques to generate structured data out of texts
from large datasets automatically.

Today’s text analytics can analyse more language-based data than humans, without fatigue
and in a consistent, unbiased way. NLP is a specialized field of computer science and engineering
concerned with designing applications and systems that enable the interaction between machines
and natural languages used by humans®. NLP can discover ‘topics’ occurring in a collection of
documents (i.e., topic modelling) and also detect the sentiment of a topic, assigning a response with
a sentiment score. A combination of both sentiment analysis and topic modelling can make optimal
use of patient feedback responses. Various algorithms have been created for this purpose for
English-based text analysis, but very few are available for Portuguese®%°13,

The area of NLP is in deep expansion in many countries, and Portugal is no exception.
Today several companies have projects in this field, developing data search systems for doctors,
translation systems, etc!4. However, even though there are some pre-trained tools for the European
Portuguese language, most of the available open-source libraries for NLP are for the English
language or for Brazilian Portuguese. We see that sometimes there are no immediately available
solutions, and the existing tools only perform a fraction of the tasks that English-based algorithms
perform. It is also worth noting that, even when these tasks exist for the Portuguese language, the
performance is usually lower than for English?®.

This research work was developed in Value for Health CoLAB (VOH.CoLAB), and
supported the research activities of the CardioFollow.Al project, funded by Fundacdo para a
Ciéncia e Tecnologia (FCT). I chose this topic for my masters thesis because | wanted to undertake
a project applied to a real-life context in digital healthcare. The CardioFollow.Al project



particularly caught my attention, and | was eager to contribute to its success. | aimed to address a
practical need within the project and make a meaningful impact on digital healthcare services.

1.2 Thesis objectives

The main objective of this thesis was to develop tools to collect and analyse patient
experience from a digital healthcare service.

Two approaches were considered:

- The development of a survey-based instrument to capture structure data on patient
experience of digital healthcare services.

- The implementation of a NLP pipeline to efficiently capture patient experience from
semi-structured interviews in Portuguese language. This was done by developing
methods to automatically detect words and expressions that describe positive and
negative emotions, and also to identify the main topics that are mentioned, that is,
through sentiment analysis and topic modelling.

The research aims to answer the following questions:

o What are the existing survey methods for capturing patient experience with digital
healthcare services? How suitable are these methods in the context of healthcare services in
Portugal?

e Can qualitative analysis of semi-structured interview responses, namely NLP, be used for
analysing patient experience with health services in the Portuguese language?

1.3 Thesis organisation

This thesis is organised into six chapters. Chapter 1 briefly introduces the context and
motivation for this thesis, along with the corresponding objectives and structure. Chapter 2 presents
the study in which this thesis is inserted, as well as fundamentals of patient experience, qualitative
analysis, NLP, and Machine Learning. Chapter 3 provides a literature review on the dimensions of
patient experience, methodologies used to evaluate patient experience, and the state-of-the-art in NLP
methods used to assess qualitative data of patient experience. Chapter 4 describes the primary
methods used to create a patient experience questionnaire and the approaches applied to pre-process
and analyse the acquired text data from patient interviews. Chapter 5 presents the results of the
unstructured data analysis pipeline and discussion. Chapter 6 concludes this thesis with a summary of
this work's achievements and gives suggestions for future work. Finally, the last chapter includes the
references used for this thesis.









Chapter 2

2 Background

2.1 CardioFollow.Al project

CardioFollow.Al 8 is a project funded by FCT (Fundacédo para a Ciéncia e Tecnologia) and
developed in collaboration between Fraunhofer-AICOS, NOVA Medical School, Centro Hospitalar e
Universitario de Lisboa Central — Hospital de Santa Marta (HSM-CHULC) and VOH.CoLAB. The
project started in January 2021 and has the duration of 3 years.

This project enabled the implementation of a remote patient monitoring (RPM) system in
HSM-CHULC for cardiac surgery patients, which are highly susceptible to severe postoperative
complications. The project started during the pandemic crisis, in which patients identified as a risk
group were advised to stay home and avoid hospital visits due to the high risk of infection. With the
RPM system, the clinical team could remotely follow-up with many patients at home, reducing
hospital visits without affecting the quality-of-care delivery. Furthermore, in the scope of
cardiothoracic surgery, the potential of telemonitoring systems to support patients' follow-up remains
unexplored.

Using an loT system, patients remotely collect daily outcomes to complement and improve the
current follow-up process, consisting of periodic phone calls and consultations over the first year after
the procedure. The lIoT system consists of a weight scale, a sphygmomanometer, smartwatch, and
mobile phone that patient uses to self-report their symptoms through a chatbot. Through this chatbot,
patients can receive advice from clinicians and take a picture of their operation wound through their
mobile phone. All devices are connected by Bluetooth to the mobile app called SmartBeat.

A Machine Learning (ML)-based decision support module is being developed to support the
identification of patients with higher risk of complications in the post-surgery period. The data
collected from patients’ health pathways will determine risks of complications throughout the follow-
up process, namely: estimate in the pre-surgery period, optimal follow-up resources; identifying
patients who will benefit the most from telemonitoring; and early detection of complications at home,
leading to rapid medical intervention.

The research team carried out a pilot study with 35 patients using the RPM system during 30
days after the surgery. These patients were interviewed when they handed in their 10T Kits after
recovery and asked to complete a satisfaction questionnaire. Currently, a clinical study is being
implemented at HSM-CHULC, enabling continuous monitoring and optimisation of ML modules. It
is estimated the involvement of 300 patients. Furthermore, in these digital transformation projects in
health, the participation of patients and health professionals is critical to impacting health outcomes.
As a result, there is a need to comprehensively evaluate patients’ experiences and based on their
feedback, enhance the effectiveness of digital health services to better meet the specific needs and
preferences of individual patients. Thus, the clinical study aims to evaluate the experience of the
patient and healthcare professionals and the importance of this system.



This thesis is part of this project, aiming to investigate methodologies for evaluating the
experience of interaction of patients and health professionals with the digital service, and also to
generalize it for other digital healthcare projects.

2.2 Digital Healthcare concepts

According to the World Health Organization (WHO), telehealth is the delivery of healthcare
services where patients and providers are separated by a distance!’. Telehealth is usually
interchanged with telemedicine, but its important to understand that these terms refer to different
ways of using technologies to deliver health care services. Although there are no precise, unigue, or
definitive definitions, Figure 2.1 shows a commonly accepted framework representing the
relationships between these terms established by the Joint Action to support the eHealth Network8.
eHealth is the broadest definition for all technological services. It involves all activities that use
communication and information technologies to store, retrieve, share, and exchange health-related
information for prevention, diagnosis, treatment, monitoring, educational, and administrative
purposes®®. Telehealth is a subpart of eHealth that can refer to clinical and non-clinical services,
such as provider training, executive meetings, and telenursing.

Telemedicine is a part of telehealth once it only applies to the dynamic, real-time interaction
between medical providers and individuals seeking health services. Examples of telemedicine are
teleradiology, telepathology, telesurgery, and telecardiology?°. There are two types of telemedicine
services: live interactive videoconferencing (synchronous), the store-and-forward transmission of
medical images/information, or remote monitoring (asynchronous). Live telemedicine involves real -
time, two-way communication between a patient and provider and is mainly used for ambulatory
subspecialty consultations. Asynchronous telemedicine consists of a specialist's review of recorded
health history with digital images of the video?'.

eHealth

(not only over a
distance)

Telehealth

(preventive, promotive,
and curative
healthcare delivered at
a distance)

Telemedicine

(curative healthcare
delivered at a distance)

Figure 2.1 - Relationships between the terms eHealth, Telehealth and Telemedicine.®



2.3 Patient experience concepts

In patient-centred care, there are two concepts worth mentioning as they are often mistaken:
Patient-Reported-Experiences Measures (PREMs) and Patient-Reported-Outcomes Measures
(PROMS). The PREMs are tools that capture what happened during an episode of care and how it
happened from the patient's perspective??. On the other hand, the PROMs aim to measure patients'
health status and include measures related to symptoms, functional status, and health-related quality
of life. These are typically used to monitor patient progress, the effectiveness of treatment or
surgical intervention, etc?.

The term "patient experience" is also mistaken for "patient satisfaction”. Patient satisfaction is
an outcome measure that combines patient experience of care and health outcomes, indicating
whether the care provided has met the patient's needs and expectations. Patient experience is
precisely the process indicator that depends on the interaction with health systems,
sociodemographic characteristics, previous health care seeking, clinical history, facility
characteristics, etc?. For example, while a PREM might be a question asking the patient whether he
was given discharge information, a patient satisfaction question would be if the patient was satisfied
with the discharge information they received. Another term used in this thesis is “usability”, which
affects patient experience but refers solely to a user’s interaction with digital interfaces used in
healthcare. For example, the digital interface design and how pleasant a system is to use for the
consumer is part of the “usability”?°.

2.4 Qualitative analysis concepts

Denzin and Lincoln defined qualitative data as: "a set of interpretative, material practices that
make the world visible. These practices transform the world. They turn the world into a series of
representations including field notes, interviews, conversations, photographs, recordings, and
memos to the self"26. Qualitative research is designed to recognize the thoughts and experiences of
individuals being studied about a specific issue. There is a more significant focus on the
interpretation of a concept and the social phenomena behind it rather than simply accepting the

concepts; it aims to answer the gquestions "what", "how," or "why" about social aspects of health,
illness, and healthcare?’.

Natural sciences, and most quantitative research, are typically aligned with a positivist
paradigm which states that research should be objective, and methods must be unbiased and
rational. However, this perspective can be somewhat challenging in social sciences and humanities
research. As a result, qualitative research follows an interpretive paradigm that argues that research
should try to play an unbiased part in understanding the perspective of the world and those who live
init?’,

Qualitative data can be analysed quantitatively. This means that one can apply an unambiguous
and predefined coding system to this kind of data, i.e., codes such as “positive”, “negative”, and
“neutral” sentiment, and posteriorly derive conclusions through frequency measures, i.e., counting
the number of times a specific keyword in each code?’.

In the process of coding, there are two types of scientific reasoning: inductive and deductive
methods. The latter refers to research methodologies that start with a pre-determined theory or
hypothesis and proceed to study that theory, confirming it or disapproving it. In contrast, an
inductive approach searches for patterns within the observations and states the hypothesis while the
study advances. This scientific reasoning can be applied to coding, for example, in inductive
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approaches, one adds coding themes as they read the data. Furthermore, it can be applied to
interview development questions (in inductive methods, researchers add questions as they are
interviewing)?’.

In health research, it is hard to state that a method is entirely inductive, as researchers tend to
incorporate their previous knowledge on a specific topic to shape a research question or a coding
scheme. For that reason, it is common to use the term "abductive logic" to describe a middle
position that uses both deductive and inductive methods; for example, starting with some research
questions but remaining flexible to include more themes that appear relevant throughout the study?’.

There are several ways to improve validity in qualitative research. For example, ideally, coding
should be performed by at least two researchers after defining a common approach. However, this
method raises a problem of achieving consistency. It is considered best practice to report inter-
annotator agreement for a corpus. One way of measuring this is using the Kappa coefficient,
shown in equation (2.1) which expresses the level of agreement between two annotators in a
classification problem. If we ask two raters to classify objects into categories one and two, as
shown in Figure 2.2, one could calculate the observed level of agreement, p, = p;11 + p22 - Also, by
calculating p, = p1p; + p2p2, We obtain the expected agreement when both annotators assess the
labels randomly and independently.

Rater 1
1 2 Total
Rater 2 [l P11 P12 P1
2 P21 P22 b2
Total D1 P12 1

Figure 2.2 - Example of an object classification by two independent raters. p, is the probability of rater 1 to choose object
1, p,4 is the probability that rater 2 chooses object 1, etc.

K = (po - pe) (2-1)
(1 - pe)

Triangulation is another example of assessing quality of a qualitative study: this method
compares results from two or more methods of data collection, for example, interviews and
guestionnaires. It relies on the assumption that strengthens one method will compensate for any
weaknesses in another method. Member checking or respondent validation is another possible
method in which the researcher's interpretation after coding is compared with those investigated.

Reflexivity is a fundamental concept in this topic. It means sensitivity to how the researcher
might be shaping the collected data due to prior knowledge, assumptions, experience, and opinions.
It is recommended that researchers keep a personal research diary in which they keep their reactions
and make their biases plain and available outside of the researcher to enhance the credibility of their
findings?.

2.5 Natural Language Processing (NLP) concepts

NLP is defined as 'any computer-based algorithm that handles, augments, and transforms
natural language so it can be represented for computation®. It aims to support systems that can



communicate in the same way as humans, that is, using the same language humans use to speak and
write. NLP algorithms are usually implemented in a chain or pipeline, meaning that the output of one
task will be the input of another task. To understand this pipeline, it is essential to understand some
concepts about processing language, as described in the following subsections.

2.5.1 Processing Text

The first step of pre-processing text is text normalization, which means converting text to a
more convenient, standard form?. Initially, textual data is split into smaller parts called tokens.
Tokens are usually made up of words but can be sentences or paragraphs and are commonly used as a
starting point for the pipeline. Generally, tokenization can be defined as breaking down textual data
into smaller meaningful components.

Another step of normalization is trying to make the text more uniform to facilitate the
association of words that, despite having different word forms, have the exact origin and most likely
have the same meaning. There are two ways of doing this: stemming and lemmatization. The latter
refers to identifying two words with the same root; for example, the lemma, or the root word, of the
word "eating" and the word "ate" iseat. On the other hand, stemming is a simpler version of
lemmatization, in which the end of the word is simply eliminated, and only the root stem of the word
is considered. So, for example, if we take the word "jumping,” the word "jumped,” and the word
"jumps,"” they all have the same root, "jump," if we remove its ending?.

Just like many other intelligent systems, each module of an NLP system, such as
lemmatization and stemming, are developed based on a reference dataset. These datasets are
called Corpora (or corpus, in a singular form). They are extensive and structured collections of texts
or textual data annotated and tagged with metadata, that is, each word is tagged with its respective
stem or lemma. Text corpora are manually annotated by professionals experienced in the language or
based on crowdsourcing®2°.

Furthermore, text normalization includes removing stopwordsand case conversions.
Stopwords are words that have minimum or no significance, like common words in English,
prepositions, numbers and words that do not contain any relevant information for the study®.
Examples of stopwords are "a" and "the", which are part of structuring phrases but aren't relevant for
textual analysis. Case conversion is simply lower casing all the text.

Once the text is normalized, several types of analysis that can be done. One example is to
organize the text by n-grams, in order to have some context in which words appear. These are a
sequence of n words: a 2-gram (which we’ll call bigram) is a two-word sequence of words like
“please turn”, “turn your”, or “your homework”, and a 3-gram (a trigram) is a three-word sequence of
words like “please turn your”, or “turn your homework”%.

Another example, a common approach to understand textual data, is looking at it as grammar:
a set of rules that aim to understand how antecedence and provenance of certain words affect others.
This approach is called Part-of-Speech Tagging (PoS Tagging). It’s the operation responsible for
establishing a word's relationship with those that precede and following it to establish a connection
with the remaining terms of the sentence. Figure 2.3 shows a sentence, used as input in a PoS tagging
function, and its output vector, which contains each word and it’s respective grammatic function
(‘Det’ stands for ‘determinant’, ‘Adj’ for verb, etc.)



sentence = 'The brown fox is quick and he is jumping over the lazy dog'
[('The', u'DET'), ('brown', u'ADJ'), ('fox', u'NOUN'), ('is', u'VERB"),
('quick', u'ADJ'), ('and', u'CONI"), ('he"', u'PRON"), ('is', u'VERB'),
('jumping', u'VERB'), ('over', u'ADP'), ('the', u'DET'), ('lazy', u'AD]"),
('dog', u'NOUN")]

Figure 2.3 - Example of a sentence and its PoS tagged output3!

2.5.2 Text classification

Classification is the task of choosing the correct class label for a given output. One of the
most relevant and demanding problems is text classification or categorization, which involves
organizing text documents into categories based on each text document's inherent properties or
attributes. This is where techniques like feature extraction and supervised, or unsupervised ML come
in handy. Document classification is a generic problem, not limited to text alone, but it also can be
extended to other items like music, images, video, and other media®.

As represented in Figure 2.4, supervised models involve predetermined output attributes, in
which the algorithm attempts to predict the targets. These are the most common models in text
classification models. Conversely, unsupervised learning involves pattern recognition without the
involvement of a target attribute. Instead, these algorithms identify associations within unlabelled data
and assign labels to each data value®. Other relevant concepts in ML are:

o Model: Built using a combination of data/features and a ML algorithm that could be
supervised or unsupervised.

e Feature extraction: The process of extracting valuable features, usually in numerical form,
from raw data that are used to train ML models.

e Features: Various valuable attributes of the data (examples could be age, weight, and so on
for personal data).

e Training data: A set of data points used to train an ML model. In supervised algorithms, the
model learns from the features and tries to infer patterns leading to a specific outcome. After
the training stage, the model is expected to be generalized to predict classes for new data
points in the future.

e Testing/validating data: A set of data points on which a pre-trained model is tested and
evaluated to see how well it performs. The test dataset is representative of what a new data
sample might be.

e Hyperparameter tuning/optimization: After evaluating the accuracy scores, hyperparameters
can be adjusted to optimize the mathematical function that defines the model. These are called
hyperparameters because they cannot be learned from the data but have to be adjusted
previously®.
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Figure 2.4 - Framework of an automated text classification system?
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2.5.2.1 Feature Extraction

The big challenge with textual data is that it is highly unstructured and doesn't follow or adhere
to structured or regular syntax and patterns—hence we cannot directly use mathematical or
statistical models to analyse it. For example, ML models are fed by features that can be numeric or
categoric and are unique, measurable attributes or properties for each data point in a dataset. With
these features, ML models learn patterns through mathematical operations. Therefore, features
should be in the form of numeric vectors. Is then necessary to transform the text into numerical
values. This process is called feature extraction or feature engineering. In this process, a vector
space (VS) model is created, which is a document represented by a vector, and the number of
columns of a vector is the number of different words (Wn) in that document, as shown in
expression 2.28,

VS = {Wl,Wz,...,W3} (22)

Hence, a document can be represented as the weight (wp,,) of each word in that document, as
shown in expression 2.3. The weight is a numeric value that can be calculated in various ways,
discussed further.

D = {WDl, WDZ’ ""WDTL} (23)

There are two common approaches for feature extraction: the Term Frequency Inverse
Document Frequency (TFIDF) vectorizer and the Bag of Words (BOW) vectorizer. The most
straightforward approach is the Bag of Words model, which simply converts text documents into a
vector that represents the frequency of each different word in that same document. The same thing
can be done with n-grams®.

The TFIDF model is based on the statistical measure, shown in formular 2.5, that assesses how
relevant a word is in a collection of documents. It is done by multiplying the number of times a
word appears in a document (TF - term-frequency), which is equivalent to the BOW vectorizer, and
the inverse document frequency of the word through a set of documents (IDF - inverse term
frequency), shown in formula 2.4, where N is the total number of documents, and n; is the number
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of documents containing a term t. TF reflects the term frequency of a specific term in a word t; and
a document d;. *

IDF = log [nﬂ] (2.4)

TFIDF;; = TF,; x log [ ] (2.5)

The final TFIDF metric we will be considering in this thesis is the normalized version of the
matrix, meaning that it will be divided by the Euclidean norm, the square root of the sum of the
square of each terms’ weight. The higher the TFIDF score, the more relevant that word is in a
particular set of documents. The ratio given by the total number of documents and the number of
documents containing a word allows less common words to have a higher value than prevalent
words. The inverse document parcel is essential because it takes care of words that naturally appear
in the English language (i.e., "the" or "a"), which are very common in the English language but are
not relevant to analyse topics in a document, for example. For example, an IDF value equal to 1
means that a term appears in every document in a collection. The TFIDF value would be equal to
zero and the term should be removed as a candidate for "relevance"®.

2.5.2.2 Supervised classification

In this subsection, two popular supervised ML models will be explored in detail: the
multinomial Naive Bayes mode (NB), and the Support Vector Machine (SVM) model.

Multinomial NB is explicitly used for classification tasks where we have more than two
classes. This model makes a “naive” assumption that each feature is independent of the others. NB
starts by calculating the prior probability of each label based on how frequently each label occurs in
the training set, as shown in Figure 2.5. Then, every feature contributes to the likelihood estimate for
each label by multiplying it by the probability that an input value will have that feature. The resulting
likelihood score can be thought of as an estimate of the probability that a randomly selected value
from a training set would have a set of features and a given label, assuming these are all
independent.®

Prior Probabilities Feature Contributions Label Likelihoods

P(label) PIF |label) PIF Jlabel) Plabel, f ..f,)

sports

sportsf———————————1
murder mysteryf—————————1
>
' P
ES
i

murder mystery
automotive
sports

murder mystery
gutomotive

sports

automotive
murder mystery
auvtomotjve

Figure 2.5 - Visual representation of probability calculation with the NB classification model. The box on the left represents
the probability of each label, in this case “sports”, “murder mystery” and “automotive”. The second box represents the
probability of the input values with a certain label having a specific feature. The last box is the resulting likelihood, by
multiplying the first too boxes3.
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Mathematically, given a response class variable y and a set of n features in the form of a
feature vector, using this theorem, the probability of occurrence of a y is®:

— P(y) X P(x1’x2! "'!xnly)
P(x1,%2, ., Xp) (2.6)

P(ylxq, Xg, o) Xp)

Equation (2.6) can be alternatively written as:

_ P() xTTi=1 P(xi]y) (2.6)
B P(x1,%3, .., Xn)

P(ylxq, xq, ooy xp)

As P (x4, x5, ..., X,) equally scales P(y|xy, x5, ..., x5,), the denominator can simply be omitted:

P(yls, o) = POY x| [ PCxily) (27)
i=1

From this equation, a NB classifier can be built by combining it with a maximum a posteriori decision
rule, where y = C is a predicted class label, shown in formula 2.8:

n
y = argmax P(Cy) X HP(X“CI() (2.8)
k€{1,2,(..)K} i1

In multinomial NB, the feature vectors are assumed to be word counts from the BOW model,
but TFIDF weights will also work. Therefore, knowing that the total number of features in n, and each
class label is y, the distribution can be represented as p,, = {py1, Py2, --» Pyn}-

From equation (2.8), P(x;|y) represents the probability of a feature having an outcome class
y. This parameter p can be estimated with a smoothened version of maximum likelihood estimation,
described with relative frequency of occurrences, represented in formula 2.9:

__Fita (2.9)
Pn=F %
'y an

Where Fy,; = Y erp x; is the frequency of occurrence for feature i in a sample for class label
y,and F, = ZEZ' F,,; is the total frequency for the class label y, in a training set TD.

A SVM model describes the training data sample points as points in space such that either
class can be divided by a wide gap between the called hyperplane.

The main objective of this algorithm is to find the maximized margin hyperplane that
separates the set of data points. In other words, a margin such that the distance between the
hyperplane and sample datapoints from each class nearest to it is maximized. Representing this
mathematically, considering a training dataset of n datapoints (x4, v4), ... (X, ) such that the class
variable is y; € {—1,1} where each value indicated the class corresponding to the point x;, a feature
vector. Each datapoint X, is called support vector. Figure 2.6 shows the vector space and hyperplane,
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formally defined by x".w + b = 1, or -1, where w; is the normal vector to the hyperplane, and SLE

Il

the offset of the hyperplane from the origin towards the support vectors highlighted in the figure.

When the data is linearly separable, in the current case, we can have margins that are defined
by the two parallel hyperplanes depicted by the dotted lines, which help in splitting the data points
belonging to the two different classes. This is done considering that the distance between them is as
large as possible. The region bordered by these two hyperplanes forms the margin, with the max-
margin hyperplane in the middle. These hyperplanes are shown in the figure having the equations.

X,

/
/

7 o X

//,,}’..." ’ 1
Figure 2.6 - Hyperplane of the SVM model for two classes®

2.5.2.3 Evaluating classification models

The performance of classification models is usually founded on how well they predict
outcomes for new data points. A confusion matrix is an ideal measure of performance across the two
classes. It consists of a table that helps visualize the performance of classifiers. Each column in the
matrix represents classified instances based on predictions, and each row of the matrix represents
classified instances based on the actual class labels. For example, we usually keep a class label
defined as the positive class, which could typically be the class of our interest. Figure 2.7 shows an
example of an accuracy matrix for a two-class classification problem. True Positive (TP) indicates the
number of correct predictions for our positive class. False Negative (FN) indicates the number of
instances we missed for that class by mis predicting it as the negative class. False Positive (FP) is the
number of cases we wrongly predicted as the positive class when it was not. True Negative (TN) is
the number of instances we correctly predicted as the negative class.

Accuracy is defined as the overall accuracy or proportion of correct predictions of the model,
which can be illustrated by the formula:

TP +TN (2.10)
TP +FP +FN +TN

Accuracy =

Precision is defined as the number of predictions made that are actually correct or relevant
out of all the predictions based on the positive class. This is also known as positive predictive value
and can be depicted by the formula:

TP (2.11)

p .. - _ -
recision TP + FP
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Recall is defined as the number of instances of the positive class that were correctly
predicted. This is also known as hit rate, coverage, or sensitivity, described by the formula:

TP (2.12)

Recall = TP-l-—FIV

Finally, the F1 score is computed by multiplying the previously mentioned metrics as
follows:

2 X Precision X Recall (2.13)
F1 score = —
Precision + Recall
P n'
(Predicted) (Predicted)
P i .
(Actual) True Positive | False Negative
n o 5
(Actual) False Positive | True Negative

Figure 2.7 - Confusion matrix for a two-class classification problem.?

2.5.2.4 Imbalanced datasets

Situations occur when the number of instances in one class is much lower than the number of
instances in the other classes; this is called the imbalanced dataset problem. To improve classification
performance, one possible solution is data-level pre-processing, which operates on the training dataset
and changes class distributions using resampling techniques. The most popular approach is
oversampling, that is, adding more of the minority class. The inverse strategy involves removing some
of the majority class, called under-sampling.®

A commonly used approach is a sampling-based algorithm called SMOTE (Synthetic
Minority Oversampling Technique), proposed by Chawla et al.3. It is one of the most adopted
approaches due to its simplicity and effectiveness. The minority class is over-sampled by creating
synthetic examples rather than oversampling with replacement. The oversampling takes each minority
class sample and introduces synthetic examples along the line segments joining all minority class
nearest neighbours. The number of neighbours is randomly chosen depending on the amount of over-
sampling. For instance, if the amount of over-sampling needed is 200%, only two neighbours from the
five nearest neighbours are chosen, and one sample is generated in each direction. Synthetic samples
are generated by taking the difference between the feature vector, shown as X in Figure 2.8, and its
nearest neighbour, for example, point X2 in Figure 2.8. When this difference is multiplied by a
random number between zero and one, it causes the selection of a random point among the line
between two features, represented as Y1 in Figure 2.8.
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Figure 2.8 - Visual representation of SMOTE oversampling, where y1 and y2 are points generated by the SMOTE
algorithm3®

2.5.25 Unsupervised learning

Unsupervised ML algorithms try to discover hidden patterns in data from their features. As
mentioned earlier, the data on which these algorithms operate is essentially unlabelled data with no
pre-determined category or class. We apply these algorithms to find patterns and distinguishing
features that might help us in grouping various data points into groups or topics. The unsupervised
technique for text classification, called topic modelling, identifies which topic is discussed in a
document or piece of text to categorize patients pre-processed responses into topics without
knowing the issues in advance®. Topic models can extract critical features from text documents
without explicit, manually set rules for information extraction.

In this thesis, the Latent Dirichlet allocation (LDA) model will be the unsupervised ML
model used. The LDA technique is a probabilistic model where each document is assumed to be a
combination of topics. This method can assemble a set of topics that describe the entire corpus, are
individually understandable, and can also handle a large-scale document word corpus®. LDA is a
BOW model, so it doesn't consider any syntax rules or the order in which the words are written. LDA
determines which words are strongly related to each other by counting the frequency with
which words appear together in the one document. Other parameters, namely the topics assigned
to each word, are hidden or latent.

OO FO—@ OO

« 0a Zan Wan Pk |

Figure 2.9 — Latent Dirichlet Allocation model representation

In Figure 2.9, the letter W represents each word and Z represents each topic. 8(i) is then the
distribution of topics in a document i. The model also includes two hyperparameters, normally called
a and S. a controls the per document topic distribution and 8 controls per topic word distribution. A
high « value means that every document is likely to contain a mixture of most of the topics, and not
just a single topic specifically. Similarly, a high 8 value means that each topic is more likely to
contain a mixture of most of the words instead a specific word or group of words. In other words, a
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high a value means that documents will be more similar to each other, and a high 8 means that topics
will be more similar to each other, as expressed in equation 2.14. The output of the model is a file
with all the topics and words for each topic.

Also, it is necessary to input the number of topics one wants the topic to generate.
Determining the number of topics is crucial for text analysis, but how determining the optimal number
of topics for the LDA topic model has not been well studied. There are few studies about how many
words should be selected to represent each topic. In most studies, this is done by calculating topic
coherence or perplexity for each topic and then selecting the one with the better results.

K D N
pBuk 01, 210) = | [P [ PO [pCanl0pWan| prwmo) (214
i=1 d=1 n=1

e [3 denotes the topic

e 0 denotes the probability of the topic

ez denotes the topic of a particular document or word, and w is the word.

o f3;.x isthe set of all topics, where By is the distribution of the words of the kth topic.

e 6y, isthe proportion of that topic in the dth document.

e The set of topics contained in the dth document is z; where z, ,,, is the topic to which the nth
word in the dth document belongs.

e The set of all words in the dth document is denoted w, where wy ,, is the nth word in the dth
document.

e p(B) denotes a specific topic selected from the set of topics.

e p(6,) denotes the probability of that topic in a specific document.

o TI8-1p(z4.164) denotes the probability that the nth word of the document corresponds tothe
topic to which it belongs when the topic is determined.

° p(wd’n | Bi.x» Zz1.p) denotes the joint probability of the topic to which the nth word of the
document belongs and the word®.

The coherence score, shown in formula (2.18) is a widely used performance metric to evaluate
topic modelling techniques. It consists of a realistic measure to identify the total number of topics in a
document. This measure finds the average word similarity score for each pair of words associated
with the topic. The topic model with high Coherence Measure value is considered a good topic model.
First, the top frequently occurring words in each topic need to be selected to compute a topic
coherence score of a topic model. Posteriorly, the Normalized Pointwise Mutual Information (NPMI)
scores are calculated for each of the terms chosen in the first step as well as the coherence score for a
particular topic by combining all the Normalized Pointwise Mutual Information (NPMI) scores.

NPMI, shown in formula (2.17) is a measure to find how often two words co-occur in each
document. It is calculated by dividing the probability that both words occur by the probability of the
occurrence of each word separately®’. P(w;) (Equation 2.15) represents the probability of a single
word being in document d, ‘I’ and ‘j* are the top words present in topic ‘t’. 8,, 4 represents the word
that is present in the document.

Plwy) = Zdew'd (2.15)
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P(Wi,Wj) = ngw'd * Qw,d (216)

In P(wi) + InP(wyj) (2.17)
InP (w;,w;)

NPMI(w;,w;) =

YT NPMI(wy, wy) = P(w;lt) = P(w;|t) (2.18)

=it
T X Pt * P(wyt)

Coherence(t) =
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Chapter 3

3 State of the art

This chapter is focused on providing a literature review of the existing approaches to
analysing patient experience across digital healthcare systems. The first section reviews the most
common practices to collect and study patient experience in previous studies. The second section
briefly describes NLP methods that were developed to process text from patient-feedback
interviews or open-ended questionnaires and return insights on patient experience.

3.1 Patient experience in healthcare

Patient-centric care has been defined as "providing care that is respectful of, and responsive to,
individual patient's needs and preferences®. Learning more about how patients view the care they
receive and how well they address their concerns would be most effective in achieving patient-
centred primary care®. In the bulletin of the WHO from 2019, it is emphasized that person-
centeredness is an essential aspect of quality for two reasons: firstly, it is intrinsically important
because individuals have the right to be treated with dignity and respect when they are using health-
care services, but also because some studies have stated that patient-centred care is associated with
better health outcomes?*,

Doyle et al.*® demonstrated how patient experience is directly linked to clinical safety and
effectiveness through a systematic review. The associations between these three aspects were done
across various disease areas, population groups, and study outcomes“®. Therefore, it has become
common to judge the quality of care not only by measuring clinical effectiveness and safety but also
by gathering patients' perspectives*’. These metrics can be used as part of systems for developing
policy, monitoring the performance of healthcare organizations, and as a mechanism for improving
patient experiences and quality care in medical services. Additionally, various patient satisfaction
surveys are currently being used to compare clinics, hospitals, and healthcare systems*142,

Collected data can be qualitative, quantitative, or mixed (a combination of both). There are also
different methodologies for patient experience analysis, such as thematic or statistical analysis. This
review encompasses the numerous methods of collecting and analysing patient experience data, as
well as the factors contributing to patient experience that vary tremendously throughout the
literature.

3.1.1 Dimensions of patient experience

A common concept in service management is "customer journey" defined as the processual and
experiential aspects of service processes seen from the customer viewpoint”. This concept
encompasses the moments before, during, and after a particular service, a continuous measure that
makes up a journey. Transcribing this to the healthcare context, the experience, in this case, is not
only a matter of interaction with professionals or health outcomes, but a multifaceted experience
and many factors may influence the journey of medical treatments*3.

Pickers Institute developed a framework of several dimensions that describe patient-centred
care characteristics*, mentioned and used to design studies by several authors®*#5-47. Other authors
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have proposed their own patient experience surveys and interviews, but these remain consistent
with the Picker Institute eight-dimension framework:

o Patients’ preferences. providing a respectful environment, always involving patients in
decision making, providing the patient with dignity, and respecting the patient’s
autonomy*¢;

e Information and education: giving medical advice*®, providing information about patient’s
treatment plan®®, alternative treatments®®, and medication comprehensively and
understandably, regardless of education level, mother language, age, or health literacy*>°!.
Regarding the moment of informing patients, if the patient is overloaded with information
and if they can fully process this information®. The frequency of communication with
medical practitioners is also relevant to this topic®, and if there is availability for patients to
ask questions comfortably®2. For example, keeping patients notified and managing their
expectations may be an adequate strategy to improve patient satisfaction than decreasing
waiting time®;

e Continuity and transition: if patients feel like there is communication across different
healthcare disciplines* and if they are provided with explicit information about
medications, physical limitations, dietary needs, etc*;

e Family and friends’ involvement: involving family and friends in decision-making,
recognizing their needs, for example, providing accommodation if needed?s;

e Physical comfort: management of pain, provision of comfortable facilities®*#5*%, Hospital
environment, that is, cleanliness and quietness are also relevant factors here®%%;

o Emotional support: if caregivers are attentive to a patient’s anxiety about physical status,
treatment, and prognosis*, concern and friendliness shown by a physician*® and being
encouraged to express their worries or sensitive issues®;

e Coordination of care: posthospital follow-up and support, tracking of clinical tests,
communication between health care providers and organizations, and if staff gave
conflicting information3%4’, In the cases of surgical treatments and acute care cases, the way
patients perceive the discharge process and how well coordinated it was also commonly
considered in the literature as a factor for satisfaction%254%5;

e Access to care®®; ease of making an appointment, the ability of patients to select the day and
time of their appointment, availability of transportation®®, availability of treatment needed®’,
etc;

Other factors highlighted in the literature are, for example, patient-staff interaction, that is,
confidence and trust in doctors and other medical staff*®54° staff responsiveness, and how fast
medical practitioners answer patients' needs®!. Financial aspects are also regularly noted, namely
issues related to dealing with medical insurance companies and meeting their requirements or
seeking financial advice or consultation®®®’,
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3.1.2  Approaches for measuring patient experience data

Creating a data collection tool may be challenging, and one must consider several aspects when
planning to measure patient experiences. Firstly, independent of the type of method, researchers
must define what needs to be measured; a straightforward question must be aimed at studying well -
defined control and dependent variables®®. Posteriorly, defining the moment when questions are
asked is also crucial; for example, interviewing a patient immediately after using the services may
be more advantageous as the experience is fresh in people's minds. However, in cases where digital
services are used after medical procedures (i.e., surgery) in which patients are unwell, it may be
difficult and perhaps unethical to invite someone to share their views instantly after the service
ends*®.

Depending on the purpose of a study, it is essential to assess whether it would be helpful to use
qualitative or quantitative methods. This section summarizes both approaches, followed by a brief
comparison between both.

3.1.2.1 Qualitative measures

The most common qualitative data collection approaches in medical research are interviews.
Interviews are used in studies in which understanding individual perspectives of a phenomenon
rather than generalizing conclusions from large groups of people®. Three types of research
interviews are structured, semi-structured, and in-depth. The structured interviewing process is
commonly used for quantitative analysis as it consists of closed questions, usually with "yes" and
"no" answers, and not much margin for storytelling. Semi-structured interviews are the most
common type in patient experience research*>°6:60-67 where there is an interview guide, but it also
allows the participant to talk freely about other topics that were not in the initial guide.
Furthermore, these interviews should not be conducted with a transactional question-answer
approach but should have iterative interactions and conversations between the interviewer and
interviewee®. Finally, in-depth interviews aim to understand detail about experiences, thoughts, and
perceptions; therefore, the interview guide consists of very few open questions®®7°.

Focus groups are group interviews that encourage participants to communicate to generate data.
Although focus groups’ most apparent advantage is collecting data from several people
simultaneously, the most relevant objective is to collect information from group interaction. After a
moment of "ice-breaking," participants ask each other guestions, exchange thoughts and opinions
and comment on each other's experiences and points of view. At the same time, the researcher plays
the role of 'moderator. This method is commonly used in cases where it is not relevant to
understand people's knowledge but to examine how they think and why*. Typically, focus groups
gather 6 to 12 people to discuss specific topics and are audio recorded or videotaped’?. Examples of
discussions are typical “question-answer” sessions or “think aloud” discussions’.

Observational methods differ from interviews and focus groups as these don’t rely on talking to
people. This method consists of a researcher systematically watching people and their social
interaction within their everyday activities. It is the primary method of the natural sciences; for
example, a biologist watches how cell structures develop throughout time?. In participant
observations, the observer is part of the observed location, for example, a nurse working in an
intensive care unit. In non-participant observations, the observer is “on the outside looking in”, i.e.,
present in but not part of the situation, trying not to influence the setting by their presence’.
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3.1.2.2 Data Analysis

The data that results from qualitative data collection methods is usually dozens of audio/video
tapes of face-to-face interviews. This data must be transcribed to be analysed, and even when using
transcription services, the researcher must make sure it is reliable, that is, as similar as possible to
the original recording. Transcribing audio and video are not only about what is said. It is also about
expressions: sighs, laughs, and lengthy pauses, which may influence the type of analysis that is
undertaken. Transcripts are not the only type of data used in qualitative analysis. Researchers also
use field diaries or notes made during or after an interview, which help capture immediate
impressions, thoughts, and descriptions™.

As mentioned previously, qualitative data can be analysed quantitatively by coding data and
taking conclusion from frequency measures. In general, researchers do not limit themselves to this
type of analysis. Qualitative methods are intended to identify subjective topics exhaustively until
saturation point is reached, that is, until there are no new additional categories in the data, rather
than statistically representing the data’.

The data must be labelled or coded in a way that captures every possible nuance and not in a
way to reduce the data as much as possible. There is software available to ease the coding process
such as ATLAS.ti’8, NVivo”’, and MAXQDA’, that allow users to highlight keywords and auto-
code all occurrences. NVivo additionally incorporates ML to accelerate qualitative coding based on
annotations. TEXTANNOTATOR provide systems specialized in semantic annotation after
learning from human examples.

As mentioned before, there are two ways of developing coding schemes in qualitative analysis;
inductive approaches, in which themes emerge gradually as data is being analysed, or deductive, in
which the researcher is limited to the coding scheme that was defined initially’. Due to the
subjective nature of this type of analysis, more than one researcher typically codes the data and then
modifies the codes until consensus is reached*>°73 Codes can be either descriptive, explaining
higher-level concepts, or in vivo, where responses are used directly to create codes in studies where
patients' vocabulary wants to be conserved”®.

Thematic analysis is the most used approach in qualitative analysis, possibly because it is the
most straightforward approach?>:56:60-647° The researcher groups the data into themes and examines
all the cases in the study to make sure that each time's manifestations have been considered and
compared, and consequently generates patterns from the codes’. Usually, authors follow Braun and
Clarke's method®: familiarizing with the data, generating initial codes, searching for themes,
reviewing themes, defining and naming themes, and producing the report. Researchers that choose
this approach tend to follow an inductive approach, in which codes are applied to subsequent
interviews and repeated until every coder addresses a final structure*°:56:60.62.64.65,

Another method in qualitative analysis is grounded theory™. Is it similar to inductive analysis
because the main objective of this theory is to identify categories as they emerge from the data. This
process starts with the coding process, just like thematic analysis, but the main difference is that
data collection and analysis are iterative. As researchers conclude, they collect more data to test
emerging theories. In summary, this method moves backward and forwards between data and
theory™. Another widely used method is interpretative phenomenological analysis, where
researchers seek to understand how people experience and describe their world. This approach
explicitly involves two interpretations: researchers add to the participant's interpretation of events;
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it is called "double hermeneutic”. This approach is not used as much in patient experience; it helps
understand personal experiences in a given situation in a small sample ™.

3.1.2.2.1 Quantitative measures

Structured questionnaires are the most common forms of measuring patient experience in
medical care. These questionnaires are designed to produce numerical data. Descriptive statistics
(mean, standard deviation) and categoric (frequency) data analyses are commonly used for this
purpose*28182 Some articles have used statistical software packages such as the statistical package
for social sciences.

Most studies that use quantitative analysis use validated surveys and questionnaires. However,
many create new surveys by compiling pre-existing ones, i.e., joining questions from different
questionnaires after a literature review to turn them into more appropriate measures for their
studies’®8283, Other examinations create questionnaires from scratch without validating them8%#4,
The most common response scale to questions is the Likert scale, a five-point scale of 1-not
satisfied and 5-very satisfied. Until recently, researchers mainly administered these surveys on
paper; nonetheless, with new technological developments, surveys can be conducted through SMS,
messages, e-mail, and other digital resources, allowing researchers to get real-time feedback®. Web
or e-mailed surveys benefit from reduced administration costs, improved timeliness, and fewer data
entry errors®®. This literature review won't cover the types of quantitative analysis as it goes beyond
the scope of the study.

In order to validate a questionnaire, it is necessary to consider numerous aspects. A valid
questionnaire must be feasible, that is, the format must be simple and approachable and questions
must be straightforward. Also, it must be reliable and precise, in other words, these instruments
should not be affected by investigator bias and errors produced by random factors. Furthermore,
researchers must assess internal reliability, which reflect the extent to which the questionnaire items
that evaluate the same topic are inter-correlated®.

Another relevant metric is content validity, which assesses the instrument's capacity to measure
that for which it is designed, if it contemplates all the aspects relevant to the concepts under study
and if it reflects underlying theories or concepts that are intended to be measured. Finally, an
instrument can be measured for its capability to measure change in different individuals or through
time, called sensitivity to change. Surveys that lack validity will cause interpretability problems
when analysing the results®’.

3.1.2.2.2 Quantitative vs. Qualitative

Depending on what kind of study a researcher wants to make, it is essential to assess
whether it would be more indicated to use qualitative or quantitative methods. Combining
gualitative and quantitative methods might be helpful to balance the specificity and detail of
answers. The apparent advantage of using quantitative approaches is that the results are more easily
interpretable and faster to study than qualitative data. Also, this type of analysis typically utilizes
validated tools to collect data that can be quickly and cheaply used, facilitating comparisons with
other studies*.

However, questionnaires alone may result in the collection of only superficial data, and one
loses the depth and complexity of patient experience, which is reduced to a simple answer®.
Standard survey questions do not allow patients to elaborate on their experiences, often resulting in
missed opportunities to understand issues most important to those patients*®. Qualitative research
helps elucidate ideas that may be previously unknown to the researcher or explore a person's values
and preferences®. In contrast to quantitative methods that draw conclusions from statistical
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methods, qualitative analysis also allows researchers to explore matters that may be unique to
interviewees and, therefore, gives voice to minorities®. For example, in a study evaluating patient
experience in a hospital journey*® when using a survey, the score of preference for room comfort
was one of the lowers scores. However, compared to answers given open-ended questions on what
could be improved in their experience, patients judged it not to be very comfortable because of the
lack of space for movement with orthopaedic aids. Hence, questionnaire items cannot capture
nuances that may be highly relevant to analysing patient experience.

Qualitative information's most apparent disadvantage is how detailed and extensive the
resulting data is, making coding highly time-consuming compared to quantitative analysis®, not to
mention human resources needed, higher load on the medical staff, and time availability necessary
to carry out on-site interviews, for example. Additionally, a significant disadvantage is how
subjective and complex data can be for two reasons; firstly, each researcher can interpret the same
information differently. Secondly, it is a may be hard to analyse, as satisfaction with care depends
on individuals' values, expectations, and experiences. Also, patients' expectations and values are
affected by factors related to the health system and outside factors, such as an individual's social
identity, and it may be hard to decide which factors to consider?4.

A practical example of this is in English primary care; in types of care that involve higher
proportions of younger patients, ethnic minorities, and socio-economically deprived areas, patients
reported more negative experiences. The authors studying this population stated that these results
could, in fact, mean that they receive worse care, but also because their expectations were different
or because they interpreted the questions in survey instruments in different ways®. Some methods
to overcome this subjectivity include reframing questions to ask the patient to tell them directly
what happened instead of rating the experience?. A common mistake in this topic is to ask leading
guestions; for example, instead of asking, "Did you like this experience?", asking, "You liked this
experience, didn't you?". The second question already presupposes an answer and will probably
induce the interviewee to answer "yes."

There has been an extensive debate among qualitative researchers over whether gualitative
and quantitative research can be compared under the same quality criteria. Some have argued that it
is not possible because both represent different paradigms and generate different types of
knowledge. This is called the anti-realist position, which supports that using mixed approaches in a
single study would be inappropriate. On the other hand, the subtle realist position defends that all
types of research involve researchers' subjective perceptions, so different methods will produce
different pictures of the issue being studied. Consequently, there are ways to assess the different
perspectives against quality criteria common to qualitative and quantitative: validity and relevance.
Assessing relevance may not be indicated in qualitative research depending on the study's goal
because this approach generally focuses on unique situations instead of generalizing to broad
populations. However, it can be measured against its validity, defined as the extent to which the
account accurately represented the social phenomena to which it referred. In other words, this
position defends that the means of assessing the quality of research differ due to the research's
purpose and not the approach used.

3.2 Patient experience in digital healthcare services
The Bryl institute described patient experience as "the sum of all interactions, affected by a

patient's behavioural determinants, framed by digital technologies and shaped by an organizational
culture that influences patient perceptions across the continuum of care channelling digital
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health."8%. Undoubtedly, factors influencing patient satisfaction with digital services differ
considerably from those used to describe the patient experience for in-person consults. For
example, as mentioned before, factors such as environment cleanliness and quietness are no longer
relevant in this context. Therefore, it is vital to understand the experiences of individuals using
digital health services and how the design of new technologies can affect patient experience.

Digital healthcare services are one of the most prominent examples of change associated with
caretaker vs. patient relations in the COVID-19 pandemic. According to investment figures, it is
estimated that there are 626 digital health companies active across Europe today, and 63% of them
were founded in the past five years®.

From a patient's perspective, regular in-person doctor visits became risky, and telehealth can
mobilize all aspects of healthcare to decrease disease transmission, conduct people to the right level
of health care, and ensure safety for everyone. From a medical professional's perspective, freeing up
medical staff and equipment required for those who became seriously ill from COVID-19 and
avoiding being infected by patients was possible®’. Given the growing prevalence of telehealth,
numerous studies were done to assess patient satisfaction and usability of telehealth in several areas
of medicine. However, in a systematic review by Knapp et al.®? to understand the influence of
PROMSs and PREMs in telemedicine evaluation studies, the authors found that PREMS were used
in less than half of these studies and only played a role in the initial phases of the application. In
conclusion, the authors stated that telemedicine specific PREMSs should be used more frequently to
evaluate telemedicine services, both during and after implementation.

3.2.1 Dimensions of patient’s digital healthcare experience

Literature suggests that, generally, patients are satisfied with their digital healthcare
experience?9.60-63.79.818493-98 Gty djes evaluating patient satisfaction with virtual care show that the
most mentioned advantages are logistic convenience; accessibility, convenience for patients with
increased childcare responsibilities®®, freeing caregivers from accompanying them, time savings,
reducing the unnecessary, not having to miss work or travel, reduced costs and consequently
reduced stress?9:56:60-6381.84.95.96 Q3f course, telemedicine is much more relevant where access to care
is a barrier, for example, for patients that live in rural areas or far from medical establishments. In a
study by Sathiyaraj et al.®® to evaluate cancer patient satisfaction with telemedicine during the
pandemic, no one rated virtual visits as better than in-person visits, which contradicts previous
literature results. The authors state, "a possible reason for this discrepancy may be that this study
was conducted in a setting where access to care was not a barrier."

Furthermore, it is to be noted that most recent studies on this patient experience in digital
healthcare were carried out during the COVID-19 pandemic or lockdown?®1:6366:67.8495-98 ‘\Wjjthin the
pandemic context, people acknowledged the benefits from keeping them and others safe from
infection compared to the need to be seen by doctors in-person®!. Additionally, it is possible that the
high level of satisfaction with telehealth could be due to lower patient expectations of general
practice during this time, especially when many believed that health services were less available®?.
Thus, patient satisfaction with virtual care under these conditions doesn't necessarily mean that
patients prefer virtual care in a scenario where infection exposure isn’t an issue. In a study
regarding patients' satisfaction with virtual prenatal care during the pandemic, the results showed
that even though patients found a general satisfaction with their virtual experience, the majority of
women indicated a preference for in-person care under non-pandemic conditions®’.
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There are several validated questionnaires for quantitative analysis of patient satisfaction in
digital health. According to a study by Hajesmaeel-Gohari®® et al. the most frequently used
questionnaires in telemedicine are the usability questionnaire!® (TUQ), and telemedicine
satisfaction questionnaire (TSQ)%the Service User Technology Acceptability Questionnaire
(SUTAQ)!, After these, the Client Satisfaction Questionnaire (CSQ)! is also used; however, it is
not directly related to healthcare but can be applied to any service. Also, the Questionnaire for User
interaction Satisfaction (QUIS)%, the system usability scale (SUS)%, and the Technology
Acceptance Model (TAM) surveys are more related to the technical aspects of the equipment rather
than the general experience with the telehealth service. Furthermore, the Patient Assessment of
Communication during Telemedicine (PACT)® was used in a study to compare patient-provider
communication in a telemedicine context and face-to-face visits. Other than these, there are the
telemedicine satisfaction and usefulness questionnaires (TSUQ)!%, the Post Study system usability
Questionnaire (PSSUQ). Finally, the patient satisfaction questionnaire (PSQ)” only considers the
patients experience with medical care, not specifically to virtual care.

Even though there are several validated questionnaires for telemedicine program evaluation,
Finkelstein et al.2%® identified the need to develop a more specific questionnaire to evaluate their
telemonitoring service. Therefore, the authors proceeded to create a survey to measure patient
satisfaction of lung transplant recipients with home monitoring, the Remote Monitoring Satisfaction
Survey (RMSS)!% by compiling items from the literature and adapting to their situation, following
the guidelines proposed by Demiris et al.1%

The following categories can summarize the most common factors taken into consideration by
researchers and in these questionnaires to analyse patient experience in recent digital healthcare
research. These dimensions are represented in Figure 3.1:

e Service quality: support and availability®%, ease of getting help in case of technical
difficulties®2%4+%5 and if the provider has the same availability to listen, answer any
doubts, and spend time with the patient compared to normal appointments®.-¢3. Another
important factor in this topic is the clearness of instructions when explaining the
technology®1%: if instructions of use are complex or require an extreme amount of
mental effort.

e Interaction with medical provider: impact of technology on communication and
interaction quality with the practitioner”°3105106.111 = patients claim that video or
telephone visits have a loss of personalized feel limited by technology and provoke a
certain level of awkwardness in conversations*®°61.84 For example, patients diagnosed
with cancer, mental health issues, or other serious illnesses may prefer more physical
encounters to provide consolation, which can only be done in person®, In-person
appointments are also more appropriate when patients or clinicians must discuss severe
or personal issues when receiving/delivering difficult or bad news®. Also, a common
advantage cited in some articles is that telehealth can increase communication between
medical providers and family members?.

e Quality of care: perception of quality of care compared to in-person visits®0:81:94.98.100.106

that is, if the quality of care is comparable or superior to traditional hospital visits. The
need for hospital visits also depends on disease severity; telehealth works especially
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well for primary non-urgent issues. However, patients prefer to consult a doctor in
person for more acute or complex issues®?.

A common disadvantage mentioned as a primary limitation of telemedicine is a lack
of physical examination, especially in medical specialties where it is more relevant, for
example, in physical rehabilitation8%, Consequently, telephone and video consult
worried patients about not being adequately observed and examined, and many patients

would instead be examined appropriately regardless of logistic convenience benefits®?.
F

« Support
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daily lives
e
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independence managing medical data security

health conditions

Figure 3.1 - Dimensions of patient experience in digital healthcare

Self-management: Sense of control and independence ©36594106.110- narticipants
expressed increased autonomy by using telemonitoring services and empowered self-
management as patients learn and understand more about their conditions.
Consequently, patients feel more in control of their health and less concerned. Also,
timely interventions and regular monitoring give the patient a sense of reassurance and
"peace of mind" as patients know they are being continuously monitored™.

Privacy: level of perceived security and privacy®1°%1%: if patients have concerns about
sending their information across an online platform, or even if patients are
uncomfortable talking about their medical issues in other places other than a consult
room, for example®:.

Easy to fit into daily routines®* ! if the service interferes significantly with the
patient's lifestyle. For example, if measurements made with telemonitoring devices took
an unreasonable amount of time or if devices were not transportable, requiring the
patient to stay in one location.

Usability: the most common disadvantage cited by patients are technical difficulties
(i.e. video and audio lag, blurry images, and internet connection problems), and ease of
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use is also an important factor highly valued by patients®0-626467.70.7384.93-
96,98,100,103,104,106,110,112.113 I 3 study evaluating the main decision-making factors when
using telehealth at home, the researcher identified the lack of personal competency or
negative attitudes towards technology as one of the main barriers54%¢. The interaction
with technology also depends on interface quality, that is, quality of the graphical user
interface, ease of navigation and how pleasant the system was to use for the consumer.
Furthermore, the system must be reliable, which refers to how easily the user can
recover from an error and how the system provides guidance to get back on-track®.
Another factor is devices comfort and design!'?, for example, in the case of wearable
telemonitoring devices, some patients valued the appearance of wearing these devices,
especially in the case where these are worn in public.

3.3 Natural Language Processing

Recently, several studies have aimed to automate the analysis of free-text patient experience
data to inform quality improvements. Qualitative research results in pages and pages of text,
making analysis challenging. One could read through patient experience comments or complete
video transcriptions to study them. Nevertheless, large health systems have large patient volumes,
and thus, collecting and analysing large datasets would require a lot of personnel resources to carry
out such a time-consuming task.

NLP is currently the most used 'big data' analytical technique in health care®. These
algorithms make it far more convenient to explore these types of data; they can enhance the analysis
of patient feedback by discovering words or combinations of words appearing most frequently in
comments. Furthermore, most studies combine ML algorithms and NLP which can help train
models to classify comments into specific categories Consequently, it may provide important
information inaccessible from numerical analysis alone*. Most of the studies of patient experience
using NLP using patient feedback comments available online in social media. For example, Lopez
et al.’* gathered online reviews of doctors and classified them according to its sentiment. Other
studies use patient review datasets from hospitals®, patient experience databases such as Press
Ganey!’®, NHS Choices!?!'®, or RateMDs'!’, and social media databases®®. Furthermore, NLP can
also be applied to unstructured interviews and survey responses®.

Manually labelled corpora are the most accurate way of training NLP algorithms, however,
due to the high effort that this manual annotation requires, there are not many corpora available.
This problem is even worse when it comes to less spoken languages, which is the case of the
Portuguese language, namely, the European Portuguese language. Cammel et al.® analysed patient
experience data in Dutch with NLP and started by translating the text to English due to the lack of
corpora available in Dutch.

A corpus that stands out for the Portuguese language, namely for the PoS marking tasks, is
the Floresta Sintatica (Syntactic Forest in English)!8. This corpus consists of a set of texts in
European Portuguese and Brazilian Portuguese and can be divided into four parts®:

o Floresta virgem: With 1.6 million words obtained from European and Brazilian Portuguese
newspapers.

e Amzodnia: With 3.8 million words obtained from blogs and non-fiction texts, exclusively in
Brazilian Portuguese.

e Selva: 300 thousand words divided between different modes - written and spoken.
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e Bosque - With 190 thousand words, it is the smallest subsection of the Floresta
Sintética and consists of journalistic text in European and Brazilian Portuguese. This corpus
is the only one that linguists have completely manually revised.

The first step in NLP is to pre-process or clean the text and only keep what is relevant for
the study. In most studies, pre-processing involves tokenizing, removing stop words, stemming, and
lower casing. The pre-processing stage is always crucial in any application of NLP, because the
textual components that are obtained (i.e., words, phrases, tokens, etc.) form the building blocks
that are fed into further stages of application. If text data is not processed properly, it is most
probable that the results will be inaccurate®. After pre-processing the text, usually, a simple
frequency calculation is done to learn what the most common words are. However, considering
only single words may be too general, to avoid losing context, bigram and trigram frequency are
also calculated*®!°. This approach may already give some indicators of the most prominent topics
in the document. As the large dimensionality of the corpus requires a longer computer processing
time, reducing the dimensionality is also expected by removing infrequent words®.

Several toolkits offer the English language's basic NLP tasks (stemming, linguistic analysis,
PoS Tagging). Yet we find that no solutions are immediately available regarding the Portuguese
language. Some modules are usually provided that can be used to train models for any language.
However, these modules do not exist for all tasks, so there are missing elements. It is also worth
noting that, even when these tasks exist for the Portuguese language, the performance is usually
lower than for English. For python programming language, the two available toolkits for the
Portuguese language are SpaCY?*?° and NLTK!2!, NLTK also does this and is the best-known NLP
tool for Python, and there are, therefore, many contributions made over time to implement more
elements. Both these toolkits have PoS tagger, hame entity recognition, lemmatization, stemming,
and semantic analysis functions for the Portuguese language.

3.3.1 Sentiment analysis

One of the most common text analytics techniques is sentiment analysis, especially when it
comes to analysing patient experience. It is a standard text classification tool that analyses an
incoming comment and tells whether the underlying sentiment is positive, negative, or neutral.
Some packages already classify comments according to their sentiment, such as pattern.nl (Dutch
language)®, TextBlob'*!3, DICTION, and TheyStay'?. The first straightforward approach is the
dictionary lookup approach. The algorithm uses a dictionary with positive and negative examples of
words, and the sentence is classified as positive if there are more positive words and vice versal?,
The challenges in using this approach are related to the complexity of the text since humans can
express opinions in different ways, e.g., sarcastic, or ironic content can be misinterpreted?:°.

Cammel et al® combined sentiment and frequency analysis; that is, for each n-gram, its
frequency was plotted against average sentiment. With this information, the authors could conclude
that there was a need for improvement on frequently mentioned topics with negative sentiment.
Besides dictionary-based approaches, there are supervised ML algorithms for sentiment analysis. In
this case, the dataset is manually classified and divided for training and testing datasets, or an
external labelled dataset is used to train the algorithm. In the first case, more than one annotator is
required to label the data, and then Inter Annotator Agreement is calculated using Cohens Kappa
Score as labelling can be a very subjective task*®.
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3.3.2 Thematic analysis

Most studies use supervised methods for thematic analysis, which can be called topic
classification. Here, the researcher chooses the topics in advance, manually classifies the data
according to its subject, and then trains the algorithm according to the classified dataset. The
advantage of this method is that the researcher can focus on what is relevant to himself; however, a
drawback is how time-consuming manual labelling can be and the fact that the researcher must
predict topics that may appear in the data.!®®

In practice, literature's most common topic modelling approaches are, Latent Dirichlet
Allocation (LDA), the non-negative matrix factorization (NMF) and Latent Semantic Analysis
(LSA). LDA is the most popular algorithm in real life applications, as it doesn’t require any
previous training data, handles long documents and mixed length document. Its main disadvantage
is the fact that it requires a predefined number of topics®%51%7 Bahja et al.'*® combined topic
modelling with sentiment analysis, calculating a sentiment score for each topic model.

The NMF algorithm works better with shorter texts than with large text documents. Its input is
a word-document matrix, performing dimension reduction and clustering simultaneously. It aims to
obtain topics for short text data by using the factorizing asymmetric term correlation matrix, term-
document matrix, and bag of words matrix representation. Its main advantage is the fast processing
of large amounts of real-time data, and it can extract meaningful topics without prior information or
knowledge of the meaning of the data®.

LSA is another standard NLP technique in which stated terms with similar meanings are closer
in terms of contextual usage. It also analyses large quantities of raw text into words and splits them
into meaningful sentences and paragraphs. The mathematical approach, called single value
decomposition, reduces the dimensionality of the term-document matrix generated by selecting only
the most significant singular values and keeping the first columns of matrices. Cosine similarity is
then calculated to understand the similarity of different documents, the similarity of the different
words, and the similarity of various terms and documents. The main advantage of this model is it
captures synonyms of words and doesn't require a robust statistical background. However, it is hard
to determine the number of topics depending on human judgment®°.
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Chapter 4

4 Materials and Methods

This chapter describes the methods applied in this thesis project in detail. The first section
describes the process of developing a semi structured questionnaire to evaluate the patient
experience with the CordioFollow.Al project and generalize it to other digital healthcare services.
Section 4.2 explains the qualitative analysis process, in this case using NLP and ML algorithms, to
conclude valuable insights about the patient's experience in the Portuguese language.

4.1 Collecting structured data to evaluate patient's experience with digital
healthcare services

When searching for tools to evaluate patient experience with the CardioFollow.Al project,
the research team acknowledged that the available validated questionnaires in European Portuguese
didn't cover the dimensions the team was interested in analysing. The "Valid Scales Directory for
European Portuguese 2020"!%® was used to possibly identify the validated questionnaires in
Portuguese to implement in the study. Unfortunately, none of them were related to digital
healthcare services.

In the first pilot study the team carried out interviews with twenty patients using a validated
survey, the User Experience Questionnaire (UEQ)'?** that measures the "user experience of
interactive products”. However, after the study ended, the researchers identified several problems
with this tool; on one hand, it isn't specific to digital healthcare services. On the other hand, the
team realized that patients had difficulty understanding the language used in some items and had
numerous doubts when interpreting the questions. Therefore, we identified the need to develop a
more appropriate questionnaire for this type of study and population.

Selection of Validated

o - Translation Applied to 10
Qllthlltlnndll'th English to Portuguese palicnls
Literature Review Compilation Review

Shared with investigation team

Figure 4.1 - Steps to develop the “Patient experience with digital health services” questionnaire

The process of developing the questionnaire consisted of six phases. The first phase was to
conduct a literature review to understand the multiple dimensions of patient experience with digital
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healthcare, described in detail in the second chapter. The survey was then developed by selecting
validated questionnaires related to patient experience only and that could be applicable to for any
digital service and weren’t too focused on user-interface and other technical aspects. To make the
guestionnaire generalizable, some terms in the statements were modified. For example, the term
“spirometer”, which was the telehealth device used in the study for the RMSS questionnaire, was
replaced by “the equipment” (i.e., the statement “the spirometer is easy to use” was modified to
“[the equipment] is easy to use”).

Posteriorly, we followed to merging items from these chosen validated questionnaires. The
questionnaire was then shared with other members of the investigation team, who collaborated to
remove some redundant or irrelevant items, modified some vocabulary and translated the items to
the Portuguese language.

4.2 Analysis of unstructured verbal data using NLP
4.2.1 Toolkit

e Pandas'?: open-source python package widely used for mathematical operations, statistical
analysis, loading and saving data, data analytics, ML, and others.

e NLTK2: The most used framework used for text analytics for Python. It provides several
corpora and other resources like stopword lists, tools for pre-processing, frequency
distribution calculators, creates n-grams, and others.

o Scikit-learn/Sklearn'?: A free ML algorithm in Python. It also features various algorithms
like NB, random forests, and k-neighbours and calculates performance measures. Also, it
contains text vectorizing tools.

e Gensim*?": Library used to implement LDA and other topic modelling algorithms.
e MatPlotLib*?: library for creating graphic visualizations in Python.

e WorldCloud?®: Python's library allows the creation of a word cloud that represents text data
in which the size of each word indicates its frequency or importance.

e PyLDAvis'®: Tool to visualize the topic model results to ease interpretation.

e NumPy®: One of the most used python packages for scientific computing. It provides
various tools used in math operations.

e spaCy'?: Open-source library for NLP in python, used for PoS tagging in this study.

e Imbalanced learn!®2: Open-source licensed library providing tools to deal with imbalanced
classes classification problems.

4.2.2 Dataset

The dataset consists of 20 videos lasting between five minutes and twenty-five minutes. Details
about the videos are shown in Table 4.1. The videos are recordings of semi structured interviews
given to CardioFollow.Al study participants in Portuguese after they returned their equipment. In
the case where family members were also present, they also spoke about their experiences. Patients
were interviewed by the investigators responsible for the study and were performed inside the
hospital in various places (appointment room, waiting room, etc.).
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The semi structured survey was organized by the following open-ended questions about the
patient's satisfaction:

(Q1) What was most important to you in the recovery period?

(Q2) What was most difficult in the recovery period?

(Q3) What would you recommend to improve the service?

(Q4) Was the information given during product delivery sufficiently enlightening?

The videos were manually transcribed verbatim, as none of the automatic transcription tools
available were adequate for this purpose. Given a large number of videos, the fact that the
participants are speaking in Portuguese, recorded in a rather noisy background, and with an average
length of 15 minutes, after an exhausting search of transcription tools, the only efficient option
would be to transcribe each one manually. Some artificial intelligence software was tested, but the
transcription results were wildly inaccurate. One would have to watch the entire video anyway to
correct persistent transcription mistakes using this option. Furthermore, none of the tools found
offer an affordable plan for the number of videos needed for transcription.

Table 4.1 - Details about patient feedback interview videos including patients’ gender, number of videos, video duration,
and number of participants

Gender Fegdback Duration -Number of Number o-f present Number of Number of present
videos HH:MM:SS interlocutors caregivers present nurses researchers
1 M 1 0:07:08 4 1 0 2
2 M 1 0:06:02 3 0 0 2
3 F 2 0:07:03 & 1 0 2
4 M 2 0:01:01 2 0 0 2
5 M 3 0:12:00 3 0 0 2
6 M 1 0:09:25 3 0 0 2
7 F 2 0:07:05 2 1 1 1
8 F 2 0:10:38 3 0 0 2
9 M 1 0:08:37 & 0 0 2
10 F 1 0:19:24 3 0 0 2
11 F 1 0:08:03 4 1 0 2
12 F 1 0:08:52 3 0 0 2
13 M 1 0:22:59 5) 1 1 2
14 M 2 0:10:46 4 1 0 2
15 M 3 0:05:38 5 0 1 3
16 F 1 0:26:03 4 0 1 2
17 M 1 0:03:06 4 1 0 2
18 F 1 0:13:58 6 1 2 2
19 M 1 0:15:04 5) 1 1 2
20 M 1 0:12:48 7 3 1 2
60% M Total time : 3h25m Average: 4

4.2.3 Model Design

4.2.3.1 Pre-processing and Exploratory Analysis

Figure 4.2 illustrates a flowchart with various steps of the proposed model, starting from
loading the data, cleaning, pre-processing, topic modelling, and sentiment analysis. Each of these
steps is explained in detail in this section.
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The transcripts were imported into Python's Jupyter notebook and organized by patient
document. Then, the interview guestions and subject identification names were removed. Patients'
unstructured responses to the open-ended questions were initially tokenized using NLTKSs interface
RegexpTokenize. This function separates punctuation and non-alphabetical characters from words,
using as input a list of all possible punctuation characters. Posteriorly, using the simple_preprocess
function from the genism library, all the tokens were lower cased. There was no need to include
spelling mistakes correction because the transcriptions were revised multiple times to correct
eventual mistakes.

Text pre-processing

Stopwords and non-alphabetic Vcclorizing raw e

characters removal

data Dictionary LDA
Tokenization THRAF Vestorzer - . .
Lemmatizing 1l Vectorizer n T'opic Modelling
T T Coded data -
Transcription Exploratory Analysis Sentiment Analysis
20 videos Frequency Distributions: Dictionary-based classificr
Unigrams and Bigrams Machine learning algorithm

Word Cloud
POS tagging

Figure 4.2 - Proposed model framework

Also, the corpus was prepared and cleaned by automatically removing stopwords. Patient
names were also removed to keep the answers anonymous. The NLTK package has a corpus for
Portuguese stopwords, however this corpus was extended with other words considered irrelevant for
the analysis.

Stemming was initially implemented but removed in a later stage as it was affecting the
results negatively. We acknowledged that, in many cases, reducing a word to its stem changes its
grammatical meaning, as the root stem may not always be a lexicographically correct word; that is,
it may not be present in the dictionary. For example, the Portuguese word “anda”, which means
“walks”, is reduced to “and”, which has no meaning. Conversely, the lemma, will always be
present in the dictionary; the lemma for the previous word is “andar”, which means walking. For
that reason, the data was lemmatized using the spaCy library. In this way, we are considering the
importance of a word having in consideration every time it is mentioned independently of its
variations in verbal tense, for example. This was done by iterating over every token and replacing it
with the respective lemma, using the lemma_ function. In order to use this function, the
pt_core_news_lg pipeline was downloaded from spaCy. This pipeline performs many operations for
NLP and is trained with the Bosque corpus. Posteriorly, a loop was created to print the words before
and after lemmatization in order to assess the lemmatizers’ performance.

For exploratory data analysis purposes, the most common words were calculated using the
"FregDist" function from the NLTK package and represented in a word cloud. The same thing was
done with n-grams, using NLTKSs bigrams and trigrams functions. These functions return n-grams
generated by iterating a list of tokens and joining them two by two, for example, if we represent a

38



list of tokens with numbers, [1,2,3,4,5] , the NLTK bigram function would output
[(1,2),(2,3),(3,4), (4,5)]. Similarly, the trigram function would output [(1,2, 3), (2,3,4), (3,4,5)].

Contrary to what it might seem, the most frequent terms did not provide any insight into the
topics of the document. For that reason, PoS tokenization using the spaCy package was done to
identify only the most common adjectives and verbs. This package also uses the Bosque corpus to
tag the words. Extracting adjectives from answers may tell us how most patients felt about the service
Therefore PoS tagging and frequency distributions were combined®* .

Posteriorly, the corpus was represented with the term frequency-inverse document
frequency (TFIDF). The TfidfVectorizer function from the sklearn package was used for this matter.
A list of the tokenized and clean transcripts was used as input. The functions’ parameters were
specified; the "n-gram range parameter” was set to (1,1) so that the function would output only
unigrams and the "max_df" parameter was set to 0.80, meaning that the algorithm ignores words
that appear in more than 80% of the documents to reduce dimensionality, and also to avoid
including irrelevant words. Once the dataset was vectorized, features and scores were extracted
from the output matrix and were used to create a data frame and a heat map with the terms with
highest TFIDF scores using the altair pakcage. The same thing was done with bigrams and trigrams
by modifying the "n-gram range parameter" values.

4.2.3.2 Sentiment Analysis

4.2.3.2.1 Dictionary-based classifier

For sentiment analysis, two different approaches were used: a dictionary-based approach and a
ML approach. In the first method, a sentiment lexicon containing positive and negative words was
necessary. For this purpose, a dataset with positive and negative words in Portuguese was
downloaded that was collected by Yanquing Chen and Steven Skiena®®3. After being uploaded into
Python, two lists were created, one containing positive tokens and the other negative.

Firstly, the transcripts were organized into a list of patient answers. Each answer was
previously tokenized, cleaned, and lemmatized. To calculate the sentiment of an answer, a function
that | shall be designating as a "sentiment calculator" was created to iterate over all the patient
responses and count the number of positive and negative words in each answer. The function asks
for a threshold number for positive and negative terms. If the positive word threshold is set to 1, for
example, it means that there must be more than one positive word in the answer for it to be
classified as positive. After several rounds of trial and error, we concluded that the best threshold
values were 1 for positive and 0 for negative for better results. If an answer was not classified as
positive or negative, it is considered “neutral”.

Once the whole dataset was classified, to compute the calculator's accuracy, all patient's
answers were manually labelled as positive, negative, and neutral by two researchers independently.
Data was coded through an open-source text annotation tool called Doccano®** and uploaded into
python. The Kappa Coherence score was used to calculate inter-rater coherence using the
cohen_kappa_score function from the sklearn package. Accuracy was also calculated between
researchers and the sentiment calculator using the accuracy_score function from the same package.
Furthermore, the answers that were classified differently by the raters and by the algorithm were
manually analysed individually, and words were added to the dictionary. For example, the word
“seguro” (“safe”) was added to the dictionary. In this way, the dictionary can be used for future
work in which patient experience in digital healthcare is analysed.
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Furthermore, direct answers to interview questions were manually selected from the dataset. In
order to make conclusions about specific topics, TFIDF scores unigrams and bigrams were
calculated for each question. Finally, the sentiment associated with direct answers to each question
was calculated by using the sentiment calculator.

4.2.3.2.2 ML approach

The second method used for sentiment analysis was the ML approach. The dataset employed to
train the model was the manually labelled one, previously used to calculate the accuracy in the
dictionary-based approach. Firstly, the dataset was examined by creating a bar graph to visualize
the dimension of each class: positive, negative, and neutral. After that, TFIDF was used to vectorize
the data. The data was then split into training set and test set, in a ratio of 25% for the test set and
the remaining for the training one.

The chosen classifiers were NB and SVM. This choice was based on the results of a study
performed by Khanbhai et al®.; The authors systematically searched for articles examining NLP to
analyse free-text patient feedback and reported that the performance metrics are better with these
models and therefore, they are the most used supervised algorithm and a baseline method for text
categorization!*>135, Also, specifically the NB classifier is known to be faster compared to other
classifiers and works well with small amounts of training data®.

To improve the model's performance, the dimensions of the classes in the dataset were
balanced. With that purpose, we followed Sarakit et al.** proposed framework using the SMOTE
algorithm, in which the authors oversampled the minority class until it equalled the majority class
in order to obtain a balanced dataset. In this case, the SMOTE function from the imbalanced learn
package was applied to the dataset. The parameter sampling_strategy was set to 'minority’ so that
the algorithm only resampled the minority class. Then, the classifiers were applied once again and
the results were compared with previously obtained results.

4.2.3.3 Topic modelling

To create the unsupervised topic models, the primary Python libraries used were gensim,
pyLDAvis and sklearn. Firstly, clean and lemmatized text was used to build a bag of words corpus
using the genism library. Furthermore, a dictionary was created with the same library, and a limit
was set to remove words that appeared in less than 5 documents and in more than 80% of the
documents. The resulting corpus consists of a mapping with words and their identification numbers.

Regarding the alfa hyperparameter typical default value for the alpha is 50 divided by the
number of topics. A lower alpha leads to a higher concentration of topic distributions within
documents, meaning that documents score high on a few topics rather than low on many*%’. After
trying various values for alfa, the one that showed the best results was 5/k, k being the number of
topics, instead of 50/k as suggested in the literature.

After that, a function was created to iterate over various numbers of topics, starting with two
topics, until twelve topics, two in two. Then, for each number of topics, the function calculates the
semantic coherence within that specific number of topics. With this function, a coherence vs.
number of topics was plotted just like Allahyari et al.**®, The number of topics chosen was the one
with highest topic coherence values. Finally, using the pyLDAvis package, a diagram was
generated with the output topics and the top 30 terms in each topic, shown in appendix 1. Finally, a
table was created with the top terms for each topic. This table only contains the words that were
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considered significant for the study. Words such as “algum” and “coisa” (in english “any” and
“thing”) were excluded.

Posteriorly, each topic was organized into a list and used as an input in the sentiment
calculator. Each topic in was represented in a colour that represents the underlying sentiment
obtained by the calculator.
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Chapter 5

5 Results and Discussion

The following chapter discusses various results from the NLP of interview video transcriptions.
In order to make this section understandable for non-Portuguese readers, every term in Portuguese
language is followed by its translation in English.

5.1 Collecting structured data to evaluate patient’s experience with digital

healthcare services

5.1.1 Questionnaire to evaluate patient’s experience with digital health services

Table 5.1 shows in bold the items that were chosen for translation and used in the final survey.
The final survey consists of 13 items containing questions from each topic. The final survey is
available at Appendix 2 and is currently being used in this project and on other ongoing studies.

Table 5.1 - Questions from TUQ, RMSS, and SUTAQ organized by topics. Questions selected for final questionnaire are

Service quality

Interaction with medical
provider

Quality of care

Self management

Privacy

Interaction with the
equipment

represented in bold.

[The equipment] has been explained to me sufficiently®!

If technical problems occur, the staff are quick to respond and fix technical problems*®
I am satisfied with [the service]'*%1%

1 would recommend [the service] to other patients®

[The equipment] should be recommended to people in similar condition to mine®

1 would use [the service] again®

Overall, | am satisfied with [the service]'®

The staff are responsive to my questions and concerns*®

| am satisfied with the amount of communication I receive from the staff.18

I am satisfied with the quality of my interaction with the staff.%®

I can easily talk to the clinician clearly using [the service]*®

1 was able to express myself effectively®

Using [the equipment] I can see the clinician as well as if we met in person®
| feel comfortable communicating with the clinician using [the equipment]*®*

[The service] provides for my healthcare need®

1 think the visits provided over [the equipment] are the same as in-person visits'®

[The equipment] | received has helped me to improve my health°*

[The equipment] has allowed me to be less concerned about my health and/or social care**
[The equipment] can be a replacement for my regular health or social care*

[The equipment] can certainly be a good addition to my regular health or social care®*

[The equipment] is not as suitable as regular face to face consultation with the people looking
after me. 10

[The service] interferes with the continuity of the care | receive (i.e. | do not see the same care
professional each time)®

[The service] has allowed me to be less concerned about my health status®*

[The equipment] has made me more actively involved in my health°*

[The equipment] I received has invaded my privacy*®
[the equipment] makes me worried about the confidentiality of the private information being
exchanged through it

[The equipment] is easy to use'%
It was simple to use [the equipment]*®
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e [The equipment] is reliable and has few technical problems®

. [The equipment] can be trusted to work appropriately®

e It was easy to learn how to use [the equipment]*®

e  The way I interact with [the equipment] is pleasant'®

e 1 like using [the equipment]*®

. [The equipment] is simple and easy to understand*®

e Whenever | made a mistake using [the equipment], I could recover easily and quickly®
. [The equipment] made me feel uncomfortable, e.g. physically or emotionally*®*

e  The amount of time it takes to complete my daily home [tasks] is acceptable0®108

e [The service] saves me time travelling to a hospital or clinic'®

Easy to fit into daily

routine [The equipment] | received saved me time in that I did not have to visit my GP clinic or other

health/social care professional as often*
e  [The equipment] I received has interfered with my everyday routine®*

Items from this questionnaire were collected from TUQ, TSQ, SUTAQ, TSUQ, PSSUQ,
and RMSS. Posteriorly, from the six surveys mentioned above, only three were selected (TUQ,
SUTAQ, and RMSS), as the remaining three had very similar questions. The five-point Likert scale
was chosen as its most often used in these questionnaires and a universal method of collecting data.
We considered this scale the most simple and intuitive. It covers all degrees of agreement (1 for
“strongly disagree”, 2 for “disagree”, 3 for “neutral”, 4 for “agree”, and 5 for “strongly agree)%.

The final questionnaire has already been applied to 10 participants of another project.
Similarly to the CardioFollow.Al project, this project involves cardio-thoracic surgical patients using
a digital device. The researchers stated that, in general, the items didn't raise doubts and the feedback
received by the researchers is significantly better than the feedback obtained from the application of
the UEQ questionnaire. However, patients demonstrated difficulty understanding the statement "This
service interferes with my daily routine"; namely, the word "interferes™ seems hard to interpret.

Validating a questionnaire is a complex methodology that requires a large-scale pilot test.
Nonetheless, initially, to assess the extent to which the survey items are representative of the
theoretical construct it's meant to study, a panel of experts who are familiar with digital healthcare
services should be tasked with evaluating the content validity of the questionnaire. Posteriorly, a
preliminary pilot study with a group of 30 participants is highly advisable to evaluate the feasibility,
that is, to understand if there is confusion in any questions such as the one mentioned above®.
Evaluating feasibility is particularly relevant in a healthcare context as there is a higher probability
that some respondents have low literacy.

Additionally, this step will allow us to understand if 13 items are sufficient to measure the
construct of interest or if it is too extended, causing respondents to experience fatigue or lose
motivation in completing the questionnaire. For example, if all participants answer one of the items
with top scores, the measurement scale may have to be modified to include more options that
distinguish the high values. Another possible source of error in this questionnaire is its translation, as
guestions may be interpreted differently before and after translation. Therefore, this preliminary pilot
study can also be helpful to ensure that the translated version of the questionnaire is equal to the
original version by asking the participants to say what they think each item means®®’. Finally, we can
also get a rough idea of the response distribution to each item to assess whether there is enough
variation in response to justify moving forward with a large-scale pilot test.

Posteriorly, a large-scale pilot test is necessary to evaluate if questions that measure the same
topic are consistent; inter-content reliability must be calculated within each topic. Reliability is a
metric that depends on the sample of respondents. Therefore, it should be estimated each time this
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guestionnaire is administered. Furthermore, we should administer this survey with similar pre-existing
validated instruments to the same group of individuals. With the answers to both questionnaires,
correlation measures are used to compare different constructs of the same measure®®.

5.2 Analysis of unstructured verbal data using NLP

5.2.1 Pre-processing and Exploratory Analysis

Figure 5.1 shows the text data before and after it was pre-processed in python. Regarding the
lemmatizer, as we can see, it works well in some cases, but in general its performance is still not
very accurate, due to the lack of available corpus for Portuguese. For example, in the case of Figure
5.1, we can see that the word "sinto" (“feel” in the singular present tense) should be replaced by its
respective lemma "sentir" (“feel” in its standard verbal form), and in fact such change does not
occur.

INPUT OUTPUT
<Researcher_1>: E foi facil para si utilizar?
[ 'facil', 'recuperacgdo’, 'ser’, '6tima’,
'sinto’, 'diariamente’, 'forca’, 'sinto’,
'forga’ ]

<Patient>: Foi, foi f&cil, a recuperacdo foi (...)

foi, e estd a ser Otima, sinto-me diariamente

com (..) com mais forga, sinto-me com mais
forca (...)

Figure 5.1 — Portion of raw text (left) and the exact text after removing researchers’ questions, tokenizing,
punctuation removal, stopword removal, and lemmatizing the tokens (right)

The most frequent unigrams, bigrams and trigrams calculated with the FregDist functions were
not meaningful and weren’t very useful to for exploratory analysis purposes. Examples of the most
common words in the dataset are “aqui” (“here”) and “coisa” (“thing”). Nevertheless, one could
infer that the overall satisfaction was good, as the unigram ‘bem’ (“good” or “well’) was the most
frequent unigram, and that there are no apparent negative words in any of the n-grams. The trigrams
are more meaningful, as they already include words like “recuperacdo” (“recovery”), and “servigo”
(“service”), however, the occurrence frequency of each trigram is too low to be considered
significant to characterize the overall dataset, occurring three or four times in the text.

Figure 5.2 shows the most frequent adjectives, verbs and nouns present in the document
obtained using the FreqgDist function from NLTK. Regarding the adjectives, we can see that the
most of them are positive, such as “bom” (“good”), “importante” (“important”), “interessante”
(“interesting”) and “excitante” (“exciting”). Therefore, extracting the adjectives is a good
alternative for a simple frequency analysis, namely in patient experience datasets, and may give
more insights of the sentiment tone of the dataset in its whole. In terms of the POS tagger’s
performance in Portuguese, I identified some mistakes, for example, the word “hospital”
(“hospital”) was identified as an adjective when it should be tagged as a noun.

Another drawback is that semantic aspects are not considered, which generates highly
inaccurate results. For example, the word “preciso” was identified as a frequent adjective.
However, this word can have two meanings: the verb “need” in the simple present tense, or the
adjective “precise”. After reading the interview transcripts, we knew beforehand that this word was
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mostly used as a verb and not as an adjective. This problem also applies to the word “bom”, which
is identified as an adjective but can be used as an interjection. This aspect could be improved by
taking in consideration the words surrounding it, and in this case, we would know the word is an
adjective if it is associated to a noun. spaCy provides a function for this purpose, called the
“dependency parser,” that learns sentence segmentations and identifies syntactic dependency of
words within a sentence. Using this function could be implemented in future work and improve the
results.

On the other hand, verbs and nouns don’t show to have much significance. The most common
verbs identified were “dizer” (“say”) and “fazer” (“do”), which in my view is coherent with the fact
that this interview was part of a telemonitoring service, and may be due to the fact that patients had
to measure their vitals (“fazer medi¢Ges”) and speak to the medical staff during their recovery
period. However, looking at raw verbs and nouns solely alone may not lead to any conclusions
about the dataset.
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Figure 5.2 - Ten most common nouns (purple), verbs (blue) and adjectives (green) present in the dataset.

5.2.2 TFIDF vectorizer

The output of the TFIDF vectorizer was a document-term matrix containing the vocabulary and
the IDF score for each feature, that is, for each unique term. A 20 by 1622 words sparse matrix was
obtained, in other words, the dataset contains a total of 1622 unique words. Figure 5.4 and shows the
n-grams with highest TFIDF scores. Figure 5.5 shows the highest TFIDF scores within each
document, and Figure 5.3 shows a word cloud to help visualize each word importance depending on
its score. In this heat map, it is possible to visualize the main topics to which each patient gave more
importance. Figure 5.5 may be an interesting visual representation for patient or costumer experience
analyses in which each individual opinion is worth analysing.

The obtained terms give much better insights into the topics of the text compared to a simple
frequency count distribution. By reading the unigrams “projeto” ("project") and “tecnologia”,
("technology™), one could easily infer that the main topic of the document is a technological project
for monitorization. The same thing applies to the trigrams “Lisboa, ser, monitorizar” ("Lisbon, be,
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monitorized") and “através, projeto, fiquei”, ("through, project, stayed"). Therefore, the algorithm
shows results that are consistent with the reality of the study. The bigrams didn’t give any insights on
the study or patient experience.

Regarding patient experience, the words "positivo"” ("positive"), "valer, pena™ (from "valer a
pena”, Portuguese expression which can be translated to "worth it"), "ajudar todo dia" (“help, all,
day"), already suggest that the main satisfaction feedback is positive. Likewise, several words
mention disease related terms such as "dor, sentir, peito” (“pain, feel, chest").

The fact that these terms obtained the highest scores indicates that the most mentioned health
aspects are chest pain, which is consistent with the study since they are cardiac patients. In addition,
the unigram "gordura” ("fat") was classified with the highest score. This result remains consistent
with the study, as some patients mentioned their physical condition or eating habits. Also, the terms
"carregar" ("charge™) and "pilha" ("battery") appear with high TFIDF scores. These results allow us
to conclude that it is worth analysing aspects related to the battery charge of some of the equipment in
the telemonitoring kit. Furthermore, as there was no question about this specific subject, it
demonstrates that it was an important aspect for patients.
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Figure 5.3 - Word cloud of the terms with highest TFIDF scores. Larger words have higher scores.
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Figure 5.4 - TFIDF scores for the highest scored unigrams, bigrams, and trigrams
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Figure 5.5 - Terms with highest TFIDF scores in each document

5.2.3 Sentiment Analysis

5.2.3.1 Dictionary-based classifier

The dataset consisted of 1597 tokenized, clean and lemmatized patient answers. After two
independent raters labelled each answer, the inter-rater coherence score obtained was k = 0.454.
Cohen suggested that this value of coherence score is considered “moderate”**. A likely reason for
this low value is that one rater knew the dataset's context, and the other didn't. Therefore, the first
rater could infer an answer's sentiment based on previous knowledge. On the other hand, it may also
suggest that the patient's responses in the dataset didn't have a clear sentiment associated. Specifically,
the interview parts when the patient was not directly answering a question, naming a sentiment was
not an obvious task. Also, a portion of the answers had a mixed sentiment, that is, having positive and
negative words.

The accuracy of the computer, compared with the coded data, was k = 0.680. This value is
mainly because this method consists of a dictionary-based approach, which doesn't consider the
semantics of a sentence but the meanings of individual words. Furthermore, the dictionary provided
for the calculator may need to be more representative of each sentiment, especially within the scope of
healthcare. However, the obtained accuracy value can be a matter of the dataset itself. As suggested
by the interrater score, the dataset is not obvious to classify as "positive"”, "neutral”, or "negative".

The obtained accuracy was reasonable but one must recall that the words used in a healthcare
context expressing positive and negative sentiments differ from others. For example, the term "safe"
isn’t considered positive sentiment words in the used dictionary but express positive experience in
healthcare. Another possible reason for low accuracy is the fact that this calculator only considers the
number of positive or negative words. Therefore, if a comment contains multiple sentences with
positive and negative sentiments, then it may be considered neutral. For example, consider a comment
that contains two sentences. One of the sentences contains a negative word and is scored -1 by the
calculator. The other is scored +1 as it contains a positive word. The comment would be considered as
neutral as the sum of both scores is zero.

48



0 que foi mais importante no Foi facil utilizar 0 que foi mais dificil no

periodo de recuperagdo? o0 equipamento? periodo de recuperagdo?
n-grams Score n-grams Score n-grams Score
descansar 1.00 faci 1.00 dor 100
mpeortante recuperagéo sempre 0.7 sentir
saber apoiar 063 sempre sempre 0.53 dificuldade
apoiar 063 sentir 0.51 parte
ecuperacdo ontade 0.38 usa 4
fala 52 El 0.3 conduzir 43
saber Af alium 0.3¢ desvia 4
bom 0.43 atinei 0.3 poder desviar 4
mportante realmente a2 0.36 dnico 040
sentir a2 0.36 Gniceo dificuldade 040
Positive
Positive | nayral 18:2%
Neutral 28.6% 31.8%
37%
Positive
59.3%
Neutral
Negative :
37% T1A% Negative

50%

Figure 5.6 - Unigrams and bigrams with highest TFIDF scores for three interview questions: (Left)"What was most
important to you during the recovery period?", (Middle) “Was it easy to use the equipment?”, (Right) “What was hardest
during the recovery period? . Sentiment percentages are represented in pie charts for each question.

Figure 5.6 shows the highest TFIDF scores for three interview questions. Regarding the first
guestion, "What was most important to you during the recovery period?", we can see that most words
relate to the support patients received. Even though it is not possible to understand from who or what
it is referring, the terms "apoiar” ("to support™) and "falar" ("to talk") indicate that the support
patients receive is what is most relevant in a recovery period. This answer was expected, as it relates
to one of the identified dimensions contributing to the digital healthcare experience identified in
chapter 3.2.1: support and availability. Indeed, we knew beforehand that patients mostly talked about
family support and the support they received from the telemonitoring service when answering this
guestion.

Also, the word "descansar" ("'to rest") appears as most relevant, which is aligned with the fact
that patients feel more "in peace" with themselves knowing they are being monitored during their
recovery period. The main sentiment obtained for this question was positive. However, this sentiment
isn't relevant to analyze for this specific question because the question is already inherent to positive
sentiment. Similarly, the question "What was hardest for you during the recovery period?" is
inherently associated with a negative sentiment. This is aligned with the sentiment score obtained, as
50% of the answers received were negative.

The word "dor" (“pain”) was the most relevant when patients were asked to discuss the most
challenging part of the recovery. The results are aligned with the fact that, based on the pre -
knowledge of the dataset, patients only had negative comments about the discomfort during the
recovery period. The remaining n-grams don't allow us to make significant conclusions about the
question answers. Finally, the question "What is easy to use the equipment?" had as most relevant
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words the word "facil" (“easy"), "sempre" (“always"), "conseguir" (“to accomplish™) and "atinei"
(Portuguese expression that can be translated to "l figured out™). Additionally, none of the answers
were classified as negative by the calculator. Therefore, we can conclude that it was generally easy for
patients to learn how to use the equipment.

5.2.3.2 Machine Learning approach

Figure 5.6 (left) shows the size of the labelled dataset's positive, negative, and neutral classes
used to train the ML model. As shown, the classes are imbalanced, the negative class being the
minority class and the neutral the majority. Having previous knowledge of the dataset, we could
preview that this dataset would be imbalanced because the patients gave little negative feedback when
interviewed. Furthermore, the minor negative feedback obtained was related to the disease and not the
service quality. Therefore, a more balanced dataset would be needed to improve the machine-learning
models' performance.

The accuracy value for the NB model was acc = 0.74. In fact, the model was mostly correct
when classifying the majority class data, correctly classifying 90% of the neutral class responses. This
value causes the accuracy value to be high and disregards the results obtained in the minority class.
Hence, accuracy is an inadequate measure to quantify predictive performance in an imbalanced
setting and can be misleading in these cases. In cases of imbalanced data, the value of f1 is more
useful because it considers the measure of precision and recall. The obtained f1 for the neutral class
was 0.84 and 0.11 for the negative class.

After applying the SMOTE technique, classes were balanced; each class had 784 examples.
The obtained results, represented in Figure 5.7 (middle and right), were significantly better after
oversampling. However, as shown in table 5.2 the precision values remain higher for the neutral
sentiment class and lower for the negative sentiment class. 30% of the correctly evaluated cases were
of negative sentiment, and 82% were of neutral sentiment. Since this study aims to create a tool that
supports assessing patients' experience, it is crucial that the model classifies cases of negative
sentiment as such. Thus, more than the precision value, we are interested in evaluating the recall
value, since it is essential to assess false negatives, that is, comments on the patient's experience that
have a negative feeling and are classified as positive. The recall value for the negative sentiment class
is 0.62, that is, 62% of the negative sentiment cases were classified as such. Comparing both models,
despite the SVM model having higher accuracy, it has a recall for negative cases of 0.54, which is
lower than the previous model. As such, the second model performs better for the neutral instances
but not for the other cases.

It should be noted that, in this case, over-sampling was performed; the algorithm generated new
cases in the data to increase their effect on the classifier while all instances of the majority class were
maintained. This approach can lead to overfitting, introducing duplicate instances into an already
reduced database. SMOTE can also allow overgeneralization, that is, mixing classes, since it
generalizes the negative class without considering the majority class.

Compared with Dey et al*®*,, which used a similar approach to predict movie review
sentiments, the results were significantly poorer. The accuracy they have obtained for 2000 movie
reviews was 79.14%, with a recall of 77.26% for positive cases and 81.02% for negative. The
performance achieved in this study may be due to the size of the dataset, the fact that each answer
doesn't have a clear sentiment, and the dataset only contains 1597 patient answers with very few
negative examples. Other possible reasons are related to text pre-processing, as the available options
for the Portuguese language are scarce. Comparing this model with the dictionary-based one, this
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approach is preferable as it is trained with data from the same context it will be applied to, making it

more adequate.
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Table 5.2 - Precision, Recall an F1-score for the NB (blue) and SVM (green) classification models

Precision Recall F1-score

Positive 0.30 0.62 0.41
m | Neutral 0.82 0.57 0.67
Z | Negative 0.46 0.65 0.54

Accuracy 0.59

Positive 0.62 0.54 0.58
S | Neutral 0.84 0.87 0.86
& | Negative 0.64 0.64 0.64

Accuracy 0.78

5.2.4 Topic modelling

LDA utilizes optimization algorithms that require the user to select the number of features
desired before developing a model based on the vocabulary of the corpus. In this study, the number
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of topics was used based on the coherence score, as mentioned previously. The number of chosen
topics was 6, with a coherence value of 0.2274, which was the most significant value obtained, as
shown in Figure 5.8. However, one should note that LDA is a generative probabilistic model, using
Dirichlet distributions, which depends on random number generators. Therefore, every time the
code is executed, different coherence results are obtained. Still, it is to emphasize that this method
was only used to make an initial selection of the number of topics and that interpretability of topics
is a more important criterion for social science purposes. The goal is to describe the data with less
dimensions to make its interpretation simpler, but with enough dimensions so that there is no loss of
information?®’. Therefore, in these types of studies, it is natural that the researcher manually
inspects these topic models and, decides on the correct number of topics by trial and error, as long
with interpretation the words in the topic.
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Figure 5.9 - Coherence values for each number of topics in the LDA
model

Topic 1 Topic 2

24.9% of tokens

Topic 3 Topic 4 Topic 5 Topic 6

28.5% of tokens 18.2% of tokens 14.2% of tokens 12%% of tokens 4.9% of tokens

importante pessoa ligar pessoa ano recuperacio
peso ajudar trabalhar pergunta filha recomendar
tensio casa casa servico conseguir valioso
pessoa andar pessoa hospital gostar escrever
pergunta noite noite experiéncia casa casa
dor pulseira fotografia recomendar més dor
divida facil pulseira importante viver ligar
enfermeiro filha gostar casa sozinha valor
problema importante filho melhorar interessante
situacdo hospital gostar periodo
questiondrio manhi
obrigar gostar
servico acompanhar
médico operar
SErvico
descansar
motivante
tratar

Figure 5.10 - Topics generated by the LDA model. Each topic is represented by a colour that represents the obtained
sentiment by the sentiment calculator. Red is negative, blue is neutral, and green is positive



Some studies that explore NLP in patient experience use databases like Press Ganey, in which
comments are already classified into topics®. The advantage of using topic modelling strategies like
LDA is that the research isn't limited to previously known topics but allows the model to discover
unexpected topics. This fact is even more relevant in healthcare context. Methods that are sensitive to
new topics in patients’ experiences are essential in the constantly changing healthcare environment?,

By analysing Figure 5.9 , it is easily noticeable that there is little coherence within each topic,
that is, it is difficult to infer the topic by reading each topic's words. Although, in general, there is a
reduced coherence between the words of each topic, it is possible to infer the theme of topics 1 and 6.
In topic 1, we can see that it mainly includes words related to recovery from surgery and aspects

disease-related (i.e. "peso”,

tensao", "dor", "enfermeiro”, "médico”, in English, "weight", "pressure",
"pain”, "nurse", "doctor"), together with words related to the hospital's support when patients raise
concerns about their recovery (i.e. "pergunta”, "duvida", "problema”, "situacdo", in English

"guestion", "doubt", "problem", "situation ").

Topic 6 includes the smallest percentage of tokens. Still, it is easy to see that it is related to the
telemonitoring service due to the use of the words "acompanhar", "recuperag¢éo”, and "servi¢o" (in
English, "accompany”, "recovery", and "service"). Additionally, this topic includes words that reveal
the positive feedback received from patients regarding the service (i.e. "recomendar”, "valioso",
"valor”, "interessante", "gostar", "motivacdo"”, in English, "recommend"”, "valuable", "value",

"interesting", "like", "motivating™). The positive feedback was confirmed by the sentiment calculator,
which output the result “positive”.

Topic 2 consists mainly of words related to recovery at home (i.e. "casa"”, "noite", in English
"home", "night™) with reference to family members, in this case the word that stands out is "filha" (in
English, "daughter"), and the telemonitoring system, with reference to the word "pulseira” and
"hospital” (in English, "bracelet” and "hospital™). Note that the word "pulseira" in this context refers
to the smartwatch that was part of the telemonitoring Kit. It was not possible to extract a theme for
topics 3, 4, and 5, but they are more related to topic 2, that is, with recovery at home. The underlying
sentiment was positive because of the word “gostar”.

Regarding the sentiment of each topic, we can conclude that most of the topics are positive and
only one is negative, the one related to the surgery recovery. Therefore, with the topic modelling
approach, the major conclusion is that that the overall patient sentiment regarding the
CardioFollow.Al service is positive. Additionally, without knowing about the topics of the interview,
researchers can conclude that the main concerns patients have are related to doubts about their
recovery and the pain associated with recovery, by analysing topic 1. Also, general satisfaction was
good as most topics are positive and contain mostly positive adjectives. To conclude, even if this
approach doesn't immediately answer the research question, it can be used for preliminary analysis
and enhance further manual analysis by inductively showing which topics occur. Consequently, LDA
may give insights to the researcher to create or improve the codebook that would be used initially, and
suggesting new codes.

5.3 Limitations

This study's main limitation is related to the dataset's size and quality. The dataset contained only
20 interview transcripts, and only patient responses were considered, some of which were relatively
short. NLP and ML models are not very effective on small datasets as these algorithms rely on
frequency counting, word and n-gram repetition, and patterns. As such, the models may be less
fruitful due to the reduced amount of raw text data*. One should also consider that the dataset consists
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of a conversation transcription; therefore, there are speech expressions that wouldn't appear in written
text data or scientific articles, for example. All these aspects increase the noise and complexity of the
data. In addition, the videos that made up the dataset not only consisted of the interview but also
included recordings of the conversations before, during, and after the interview that were unrelated to
the subject. Additionally, recordings included the moment the patients filled out a quantitative
satisfaction questionnaire.

A possible approach to solve this would be only to select the relevant parts of transcripts.
However, this was not done because, in addition to being a very time-consuming job, it could increase
the bias for an investigator to choose what is considered to be relevant. Nevertheless, considering this
limitation, the main contribution of this study lies in its methodology rather than its performance.

As mentioned by Cammel et al.®, a notable aspect that interferes with these results, is that this
dataset was obtained from patients' answers to a semi-structured interview. The topics in the
document are influenced by the questions asked. Regarding the sentiment analysis, the sentiment of
an answer was related to the question asked. For instance, the question “what was most difficult
during the recovery period?” is associated with negative sentiments.

Regarding topic modelling, considering the obtained results and my literature review, it is not
recommended using this approach for short text. Other than the LDA model, LSA and NMF were also
implemented, but the results weren’t worth analysing because of how inaccurate they were.
Particularly for LDA, which infers topics iterating through documents, in case there aren’t enough
words, it is difficult to infer a reliable topic distribution for that document. As observed in the
literature review of this research document (section 2), topic modelling is mostly used in big data
from social media platforms or customer review datasets, for example!®. However, even in these
cases, if we consider, for example, a twitter dataset, each post or comment on twitter is typically short
text, and a post may not discuss one single topic. Similarly, in the case of this study, the dataset
consists of relatively short answers for interview questions, they don't discuss a specific topic
coherently.

There are some limitations with the pre-processing of textual data due to the lack of resources
available for the Portuguese language. For example, lemmatization is important because the computer
cannot distinguish the word "eat" from "ate" even though they have the same meaning. However, the
function that exists in python for lemmatization in Portuguese still has many errors, probably due to
the available dataset in Brazilian Portuguese.

The use of frequencies can provide useful information; however the model treats each term
without considering its context. Evidently, depending on the context, the meaning of words and
interpretations can vary greatly. This situation applies not only to the word count but also to each
individual response. Currently, a model that can evaluate text considering the context is BERT, an
algorithm that is the ideal alternative for healthcare institutions, due to its ability to process large
amounts of text and its processing speed.
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6 Conclusion

This study describes the development and validation of a comprehensive tool for surveying
patient experience in digital care in Portuguese language. It contributes to the literature as there are
currently no surveys for patient experience in digital healthcare in Portuguese. Furthermore, even
though the survey wasn't validated, we gathered validated questionnaire items from the literature
adequate for digital healthcare.

This work also provides a tool that may be useful for researchers to analyse patient experience in
healthcare services in the Portuguese language, replacing the tedious tasks of reviewing textual data.
It consists of a comprehensive method that combines an NLP pipeline and a visualization and
supports healthcare professionals in defining quality improvements from the results.

By combining fundamental numerical analysis of textual content from patient feedback and ML,
this study demonstrated that patient comments in the Portuguese language could be processed to
obtain meaningful and actionable insights. Firstly, NLP enhances the analysis of patient feedback by
discovering the most relevant words in documents using TFIDF statistics, which is a better measure
than solely calculating word frequency. Besides, obtaining n-gram frequency is helpful to bring light
to aspects that may not be clear by analysing single words. POS tagging has shown to be beneficial,
especially when extracting adjectives; however, the libraries that perform these tasks in Portuguese
could be more accurate.

Training NB and Support Vector ML models with labelled data proved to be a valuable approach
to classifying documents according to their sentiment at high speed. However, the obtained accuracy
results were poor; a more extensive dataset would enhance this performance. The same limitation
applies to topic modelling; yet, although the performance wasn't ideal due to the reduced dataset, the
combination of topic modelling with sentiment analysis showed to be a good indicator of the aspects
to work on and aspects to celebrate when analysing patient experience. Also, topic modelling is
extremely beneficial because it doesn’t limit information to specific topics and lets the model discover
unexpected issues. The pipeline allowed us to conclude that most of the negative comments were
related to disease and recovery aspects and that the overall satisfaction with the CardioFollow.Al
project was positive.

In conclusion, this work contributed to developing tools to collect patients' experiences in
European Portuguese. We proposed a questionnaire that makes it simple to analyse patient experience
in digital healthcare services and automatic tools to allow the collection of experience through
interviews with patients in the European Portuguese language. Simple questionnaires and unstructured
data analysis are relevant, considering that patients have low literacy and are not prepared to report
their experience in complex data surveys. The results will be used as outcomes of the Cardiofollow.Al
project, as patient experience is a relevant indicator of value in digital healthcare services.

6.1 Future Work

Firstly, the proposed questionnaire to evaluate patient experience using digital healthcare
services must be validated and tested for feasibility with a small population sample, and then tested
for validity and reliability with a larger population pilot test.

A possible approach to increase the sentiments dictionary's accuracy is to create a more complete
and adequate dictionary. To complete the dictionary list, a researcher could read through all sentences
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that weren't classified correctly and select the words that make that sentence positive or negative,
adding them to the list. The downside of this process is that manual labelling is required to test the
calculators' accuracy and to review all comments. Furthermore, to obtain more meaningful results,
researchers could manually label each word in the dictionary with a score according to how positive
or negative the word is; for example, the term "bad" is negative but would have a lower score than the
word "terrible". Posteriorly, the calculator could be used to score each answer in the dataset by
calculating an average of the scores of each word.

Regarding the topic model, the accuracy could have been computed by manually annotating
patients' answers and comparing them to the model's results. To do so, one must select part of the
dataset and assign each response to one of the generated topics. Another interesting approach made by
Doing-Harris et al.'*®* which could be future work in this thesis, is to select only negative sentiment
data and use them for topic modelling to identify the aspects causing a negative experience.
Ultimately, to obtain more meaningful results from the topic modelling approach, instead of analysing
a whole transcript at once, researchers could explore the answers to each question separately. In this
way, it would be easier could understand the underlying topics that are referred to, within each
answer. This is already done, in section 5.2.3.1, by using the sentiment calculator for each interview
guestion separately.

Finally, a larger patient experience dataset is needed to examine the feasibility of the model. The
main goal for future work is to optimize the code in order to make it generalizable to any dataset. In
this way, by inputting transcript files, the model would return a visual representation of the results,
allowing researchers to conclude about patients' experience in a healthcare study in a comprehensive
way.
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8 Appendix

Top-30 Most Relevant Terms for Topic 6 (4.9% of tokens)

Intertopic Distance Map (via multidimensional scaling)
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Appendix A - LDA topic model vizualization using pyLDAvis. The selected topic model here is number 6. The frequency of
each term within this topic is shown on the right.
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Questionario de avaliacao da experiéncia do doente em relagéo ao servico digital

Este questionario foi desenvolvido pela equipa de investigagdo do laboratério colaborativo Value for Health CoLAB.
Resultou da necessidade de termos um questionario, em lingua portuguesa, que permitisse avaliar a experiéncia do doente
em projetos de inovagdo de servigos digitais em salde, com crescente relevancia numa cultura de sadde baseada em valor. O
seu desenvolvimento foi feito com base nas referéncias citadas no fim deste questionario e na nossa experiéncia na

implementacéo de estudos em contextos reais de cuidados de saude.

Pretendemos partilhar o questionario com equipas que possam contribuir para a sua validagdo, esperando receber
comentarios sobre a experiéncia da sua aplicagdo em diferentes contextos de cuidados de salde.

O questionario poderd ser utilizado apenas para fins de investigac&o.

Assinale uma opgdo para cada uma das seguintes afirmacoes:

A. Satisfacdo geral

1. Senti-me bem acompanhado/a com este servico.

O O O O O
Discordo Discordo Concordo Concordo N3o sei
totalmente totalmente
2. O servico interfere com a minha rotina diéria.
O O O O O
Discordo Discordo Concordo Concordo N3o sei
totalmente totalmente

3. O servico deve ser recomendado a pessoas com uma condicdo de salde semelhante & minha.

O O O O O
Discordo Discordo Concordo Concordo N3o sei
totalmente totalmente

4. Estou satisfeito com este servico.
O O O -
Concordo

Discordo Discordo Concordo totalmente N3o sei
totalmente

B. Satisfacdo com o equipamento

5. Aexplicacdo dada no momento de entrega do equipamento foi suficientemente esclarecedora.

O O O O O
Discordo Discordo Concordo Concordo N3o sei
totalmente totalmente
6. Foi facil aprender a utilizar o equipamento.
O O O O O
Discordo Discordo Concordo Concordo N3o sei
totalmente totalmente

7. O tempo que demoro a fazer as medicdes didrias € aceitavel.

O a O

O a
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Discordo Discordo Concordo Concordo N3o sei

totalmente totalmente
8. Sempre gue me engano a usar o equipamento, consigo ultrapassar com facilidade.
O O O O O
Discordo Discordo Concordo Concordo Né&o sei
totalmente totalmente
9. O equipamento é confidvel e tem poucos problemas técnicos.
O O O O O
Discordo Discordo Concordo Concordo N3o sei
totalmente totalmente
10. A equipa é ripida a responder quando ocorrem problemas técnicos.
O O O O O
Discordo Discordo Concordo Concordo N&o sei
totalmente totalmente
11. O equipamento que recebi invade a minha privacidade.
O O O O O
Discordo Discordo Concordo Concordo N3o sei
totalmente totalmente
12. O equipamento faz-me sentir desconfortavel fisica ou emocionalmente.
O O O O O
Discordo Discordo Concordo Concordo N3o sei
totalmente totalmente
13. O equipamento permite que os profissionais acompanhem melhor a minha condicgéo a
distancia.
O O O O O
Discordo Discordo Concordo Concordo N3o sei
totalmente totalmente
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Appendix B - Final version of the questionnaire to evaluate patient experience with digital healthcare services.
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