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Abstract 

The relevance of Alzheimer’s disease (AD) is growing due to ageing population, and an 

increasing amount of research is being conducted in both treatment development and early 

detection of the disease. Previous research has shown that changes in language use could be 

one of the earliest signs of cognitive decline in AD, and these changes could be automatically 

detected using natural language processing (NLP) and artificial intelligence (AI). While NLP- and 

AI-based tools could contribute to detecting AD early in a non-invasive, fast, cheap, and 

accessible way, there is still a major gap between the scientific knowledge and its applicability 

to clinical practice.  

In the current thesis, I first conducted a systematic literature review of the studies looking at 

automatic speech-based AD detection and identified the key challenges in the state-of-the-art: 

(1) the lack of longitudinal language data; (2) the lack of replicability, generalisability, and 

standardisation; and (3) the lack of ethical guidelines. To tackle these issues, I first present a 

novel corpus of longitudinal transcripts of interview recordings with public figures, and 

demonstrate the usefulness of this kind of data in understanding longitudinal language changes 

in AD. Second, I replicate a previous case study on a larger group of individuals, explore the 

generalisability of the language change, and identify the most informative language features 

that change consistently across individual speakers. Third, I focus on the standardisation of data 

collection methods and investigate the role of sample length in analysing AD-related language 

change. Fourth, I outline the ethical considerations in AI- and NLP-based AD detection from 

speech and language and provide a list of suggestions that could be incorporated in the 

development of ethical guidelines and best practices. 

This work aims to address some of the main challenges in automatic speech-based AD 

detection and fill the gaps in the existing literature to contribute to developing robust, fair, and 

ethical methods for the automatic detection of early signs of AD in speech and language. 
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1. Introduction 

This thesis explores the automatic detection of early signs of Alzheimer’s disease (AD) in speech 

and language using natural language processing (NLP) and artificial intelligence (AI).  

In this Introduction section, I will (1) briefly summarise what is AD, (2) discuss the challenges 

and benefits of the early detection of the condition, (3) summarise how language changes in 

AD, (4) recap the methods and tools that can be used to detect these changes, and (5) outline 

the ethical considerations that arise in the process. I will also provide (6) the motivation behind 

writing this thesis, (7) the contributions this work brings to the field, and (8) outline the 

chapters and the structure of the thesis. 

1.1. What is Alzheimer’s disease? 

Alzheimer’s disease (AD) is a progressive neurodegenerative disease, contributing to 60-70% of 

dementia cases (WHO, 2023), making it the main cause for dementia (Scheltens et al., 2021). 

Dementia affects around 50 million people worldwide, and due to the ageing population, the 

number of individuals suffering from dementia is expected to triple by 2050 (WHO, 2023). AD 

has been considered one of the greatest healthcare challenges and the most burdening, 

expensive, and lethal disease of the current century (Scheltens et al., 2016; Scheltens et al., 

2021). 

Clinical manifestation of AD appears in the loss of synapses and synaptic plasticity, and these 

changes are parallel to the cognitive decline (Lopez et al., 2019). Some of the cognitive and 

functional abilities that are affected in AD include memory (Kramer et al., 2004), language and 

speech (de Lira et al., 2018), executive and visuospatial functioning and attention (Scheltens et 

al., 2017) and intellectual function (Casserly & Topol, 2009). In the first stages of the disease, 

the individuals can experience difficulties in encoding and storing new memories; in the later 

stages, progressive changes in cognition and behaviour appear (Lopez et al., 2019). A more 

detailed description of AD will be provided in the Background chapter (section 2.1). 
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1.2. Early detection of Alzheimer’s disease 

Early detection of dementia and AD can be challenging for several reasons: the symptoms often 

overlap with normal ageing, clear manifestations do not often appear until several years after 

onset, diagnosing can be costly and time-consuming and require access to a qualified clinician 

(Casserly & Toppol., 2009). This contributes to a large number of undiagnosed dementia cases, 

for example, Prince and colleagues (2013) estimate that 55% of dementia cases in the US 

remain undiagnosed, and this number is believed to be even bigger in less developed countries 

(Sadeghian et al., 2021), illustrating the need for cheap, accessible, robust and scalable 

screening tools. 

Although there is currently no cure for AD, recent research has reported cautious positive 

effects of disease-modifying treatment (Scheltens et al., 2016). For example, a recent study on 

lecanemab shows some slowing of cognitive decline (van Dyck et al., 2023). Similarly, 

pharmacological interventions, such as donepezil, rivastigmine patch, or galantamine have 

shown benefits in the early and moderate stages of the disease, with less clear impact in the 

later stages (Lopez et al., 2019), advocating for the importance of early detection. Early 

detection could also allow introducing preventative lifestyle changes, accessing services that 

could help with adjusting to the condition, lessen the economic and emotional burden of the 

patients and their families, and empower the affected individuals to make decisions about the 

future as self-determining agents (Calza et al., 2021; Schictanz et al., 2014; Alzheimer’s 

Association, 2008; Tanaka et al., 2017; Brock, 1993; Porteri et al., 2017; Mattson et al., 2010; 

Markesbery et al., 2006). 

Typical diagnosis tools that are used for AD include blood tests, magnetic resonance imaging 

(MRI) and positron emission tomography (PET) scans. Blood tests are cost-effective and can be 

conducted at primary care clinics, however, they are invasive. MRI is non-invasive, but both MRI 

and PET are costly cannot be conducted at a primary care clinic. Numerous studies suggest that 

changes in language are among the first manifestations of cognitive decline in AD (Calza et al., 

2021; Fang et al., 2017; Yancheva et al., 2015) and could therefore act as early biomarkers of 

the condition (Luz et al., 2018; Fraser et al., 2016; Satt et al., 2013). In comparison to blood 

tests, MRI and PET scans, automating language processing could provide a non-invasive and 
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cost-effective approach to detecting signs of AD, which could benefit clinicians during in-

hospital screenings. While these technologies would be useful, they are still in the development 

stage and are not yet in clinical use. A more detailed overview of the state-of-the-art is 

provided in the Background section (section 2.2). 

1.3. How does language change in Alzheimer’s disease? 

Language changes in AD interact with changes in other cognitive domains such as attention and 

memory. Memory impairment typical in AD contributes to many of the changes in language 

use, for example, individuals with AD often experience difficulties in retrieving words (Appell et 

al., 1982; Bayles, 1982; Obler, 1983), which can manifest in challenges in verbal naming (Silagi 

et al., 2015; Lopez et al., 2019), affecting accurate meaning communication (Mirheidari et al., 

2017), pausation, speech tempo, fluency and acoustics (Meilan et al., 2012; Pistono et al., 2016; 

Gosztolya et al., 2016; Hoffmann et al., 2010), lexical diversity (Critchley, 1964; de Ajuriaguerra 

& Tissot, 1975; Stengel, 1964) and speech content density and quantity (de Lira et al., 2018). 

Memory and attention deficit also contributes to the tendency to repeat words and concepts 

(Lopez et al., 2019) which can result in communication errors, lower coherence and information 

density (Gosztolya et al., 2019). In addition to memory deficit, semantic dysfunction is another 

major factor contributing to the changes in language in AD (Forbes-McKay & Venneri, 2005; 

Venneri et al., 2018; Rodriguez-Aranda et al., 2016; Garrard & Carroll, 2006; Hamberger et al., 

1995). It has been proposed that the impaired storage of information, together with naming 

difficulties and semantic dysfunction could help discriminate AD from other overlapping 

conditions (Weintraub et al., 2012; Rascovsky et al., 2007; Lopez et al., 2019). AD-related 

changes have also been reported in syntactic complexity (Ahmed et al., 2013; Garrard et al., 

2005a) and discourse (Hodges et al., 1992; Lima et al., 2014). 

1.4. How can language change in Alzheimer’s disease be detected? 

While until recently language data was analysed manually, the development of technology has 

enabled automating the analysis. Automation promotes the inclusion of more data and more 

detailed analysis revealing patterns that may go unrecognised in manual analysis. Promising 



 

   4 
 

results in AD detection have been achieved using natural language processing (NLP), signal 

processing (SP), and machine learning (ML). NLP is concerned with understanding, learning, and 

producing human language using computational tools (Hirschberg & Manning, 2015). SP 

explores signals and the information they convey and is concerned with how they can be 

transformed, manipulated, and represented (Oppenheim et al., 1998). ML focuses on the 

questions concerned with constructing computer programs that can improve automatically 

based on experience (Mitchell, 1997). 

Typical steps in automated language analysis include recording an individual’s speech (normally 

triggered by casual conversation, picture description or recall tasks, verbal fluency tasks or 

other language tests), transcription (for linguistic analysis) and feature extraction. The choice 

and extraction of language features has mostly relied on clinical research, using the knowledge 

of language changes in AD described in section 1.3, and the features have been manually 

engineered based on domain expertise. However, fully automated analysis could also base the 

features on data and performance and use all the evidence in language. Figure 1 summarises 

some of the language and speech features that have been used in previous studies, and links 

them to the linguistic domain and the underlying AD-related deficit that makes the changes in 

these features informative. The extracted features can then be analysed depending on the 

research question. Most studies have focussed on classification tasks, which have achieved over 

90% accuracy (Petti et al., 2020), however, the current research direction is moving towards 

detecting the earliest signs, tracking longitudinal changes and response to treatment. Although 

challenged by lack of data, automated analysis shows promising results (Luz et al., 2018; Fraser 

et al., 2016; Satt et al., 2013). 
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1.5. Ethical considerations 

 While the use of speech data, NLP- and AI-based tools has a great potential to contribute to 

detecting the early signs of AD, numerous ethical concerns that arise in the process must be 

addressed before practical application of this technology. The concerns can arise on different 

levels and at different stages of the process. For the start, any research involving human 

subjects must be based on informed consent, but how will AD affect an individual’s ability to 

understand the research and give consent? Additionally, cognitive testing and producing 

language can be burdensome to an individual experiencing difficulties in the proposed tasks. It 

is also important to recognise that the capacity of language tests can be limited, potentially 

insensitive to cultural differences, and blind to the real challenges the individuals with AD 

experience in everyday conversational situations. This can paint a skewed picture of the 

speaker’s abilities, which can be both depersonalising and compromise the accuracy of the 

research outcome. Accuracy can also be affected by small sample size, inconsistent and sparse 

data, which are common issues in AD-related speech research. Accurate results, however, are 

extremely important when working in a clinical domain, as false outcomes can lead to 

otherwise preventable harm, such as wrong or denied treatment, missed interventions, or 

refused access to services, and cause emotional burden that can have devastating impact on 

the affected individual. Even when the outcome of the test is accurate, ethical issues related to 

communicating the results must be considered. When working with speech data, it must also 

be acknowledged that speech can carry personal content and act as an identifier, which is 

especially relevant when working with sensitive medical information such as cognitive decline. 

It is also necessary to consider the potential misuse of the technology being developed – 

private use of automatic speech-based AD-detection tools may lead to risk of discrimination in 

employment opportunities, health insurance or legal status, which is why this technology 

should be aimed for clinical use. Clinician input should also be included in model development 

to ensure interpretability of the models and language features. In addition, it is also important 

to consider the equal distribution of research benefits and acknowledge potential biases. AD 

disproportionately impacts minority populations, highlighting the need to include these 
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populations in the research on early detection. Ethical considerations are addressed in more 

detail in Chapter 6. 

  

1.6. Motivations 

There are several motivations for writing this thesis. Firstly, while there are many studies 

focussing on speech-based classification between the individuals with and without AD, very few 

studies focus on long-term longitudinal decline and exploring the earliest markers of the 

condition, and the studies that do tend to be based on individual cases. This is largely due to 

limited availability of longitudinal recordings. I aim to tackle this issue by creating a novel 

corpus consisting of decades of interview recordings with 20 famous individuals, half of whom 

will eventually be diagnosed with AD, and explore the potential earliest signs of AD-related 

change, as well as their generalisability across a larger group of speakers. Detecting these 

changes early could contribute to timely intervention and help start the treatment early, which, 

considering the ageing population, could be beneficial to many. In addition, there is currently 

little standardisation in the data collection and analysis methods in the studies focussing on 

speech and language changes in AD. I aim to tackle this by exploring the optimal length of the 

recordings needed for informative and reliable analysis, considering the potentially 

burdensome process of producing spontaneous speech as well as the computation and analysis 

time. Another motivation for part of the thesis is the lack of ethical guidelines and suggestions 

in this fast-developing and promising, but under-regulated area of research. While the research 

into speech-based early detection of AD using AI and automated analysis could promote the 

screening process and positively impact the affected individuals, there are numerous ethical 

considerations that arise and cannot go overlooked. As part of the thesis, I provide a list of 

suggestions that could be incorporated into ethical guidelines for researchers and clinicians 

working in this area. 
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1.7. Contributions 

The novel contribution of this thesis include: 

● a systematic literature review summarising the state-of-the-art of automatic language-

based AD detection; 

● a longitudinal corpus of spontaneous speech transcripts from famous individuals, half of 

whom will eventually be diagnosed with AD; 

● a demonstration that this kind of data can provide useful information in tracking AD-

related changes in language; 

● an identification of language features that change similarly in many individuals who will 

eventually develop AD; 

● an examination of the impact of sample length and the robustness of the language 

features, informing the standardisation of data collection methods; 

● a list of recommendations that could aid the development of ethical guidelines for 

research in speech-based and AI-aided AD detection. 

 

1.8. Chapters 

The Introduction will be followed by a Background chapter, four main chapters and 

Conclusions. In the Background chapter, I will discuss AD in more detail and provide a 

systematic literature review on the state-of-the-art of automatic AD detection from speech and 

language published in JAMIA, as well as give an overview of the impact it has had on the 

direction of the current thesis and the developments in the area since the publication of the 

article. In Chapter 3, I will present the corpus I collected and show how this corpus can be 

useful in examining signs of cognitive decline. In Chapter 4, I will focus on the generalisability of 

the AD-related longitudinal changes in language and identify the language features that change 

the most consistently across participants with AD. In Chapter 5, I will address the lack of 

standardisation in data collection methods, and investigate the impact of the length of the 

speech sample on the language features and the results, with an aim to establish how much 

speech data is needed for informative analysis of language changes in AD. In Chapter 6, I will 

focus on the ethical issues that arise in detecting early signs of AD using speech and AI, and 
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provide a list of suggestions for ethical research and tool development. These chapters will be 

followed by the Conclusions chapter. 

  

The chapters are based on and use materials from the following articles published during the 
PhD: 

● Petti, U., Baker, S., & Korhonen, A. (2020). A systematic literature review of automatic 

Alzheimer’s disease detection from speech and language. Journal of the American 

Medical Informatics Association, 27(11), 1784-1797. (Chapter 2) 

● Petti, U. & Korhonen, A. (2024). LoSST-AD: A Longitudinal Corpus for Tracking 

Alzheimer’s Disease Related Changes in Spontaneous Speech. (Accepted to LREC-Coling 

2024) (Chapter 3) 

● Petti, U., Baker, S., Korhonen, A., & Robin, J. (2023a). The Generalizability of 

Longitudinal Changes in Speech Before Alzheimer’s Disease Diagnosis. Journal of 

Alzheimer's Disease, 1-18. (Chapter 4) 

● Petti, U., Baker, S., Korhonen, A., & Robin, J. (2023b). How Much Speech Data Is Needed 

for Tracking Language Change in Alzheimer’s Disease? A Comparison of Random Length, 

5-Min, and 1-Min Spontaneous Speech Samples. Digital Biomarkers, 7(1), 157. (Chapter 

5) 

● Petti, U., Nyrup, R., Skopek, J. M., & Korhonen, A. (2023c). Ethical considerations in the 

early detection of Alzheimer's disease using speech and AI. In Proceedings of the 2023 

ACM Conference on Fairness, Accountability, and Transparency (pp. 1062-1075). 

(Chapter 6) 

 
I have carried out and led the work in the co-authored papers included in the thesis, with other 

co-authors providing only advice, with the following exceptions. Simon Baker acted as a second 

reviewer in the selection of studies in the systematic literature review in section 2.2, and 

Winterlight Labs employees performed the cutting of the audio and feature extraction in Petti 

et al. (2023b) that the analysis in Chapter 5 is based on. All contributions have also been stated 

in the text. I have run all the experiments and conducted all the analysis reported in this thesis. 
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2. Background and systematic literature review 

In this chapter, I will introduce the previous literature on automatic AD detection from speech 

and language. This chapter includes three sub-sections: in the first subsection, I will give a more 

detailed overview of AD; the second subsection is based on a published systematic literature 

review conducted over the first year of the PhD (Petti et al., 2020); in the third subsection, I will 

discuss the impacts of the literature review: how it has informed the directions taken in the 

current thesis as well as the impact it has had on further research. A summary of the chapter 

will follow the three sub-sections. My own research reported in this chapter has been published 

in the Journal of American Medical Informatics (JAMIA).  

2.1. Alzheimer’s disease 

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder that impacts memory, 

cognitive, mental, and functional abilities, and eventually results in death (Srivastava et al., 

2021; Alzheimer’s Association, 2019; DeTure et al., 2019). It was named after Alois Alzheimer 

who first described the condition in 1906 (Lopez et al., 2019; Breijyeh & Karaman, 2020). AD is 

the most common cause of neurodegenerative dementia, accounting for approximately 60-70% 

of all dementia cases and it has been recognised as a global public health priority by WHO 

(Srivastava et al., 2021; Lopez et al., 2019; DeTure et al., 2019). Other common causes of 

dementia include conditions like Parkinson’s disease with dementia, Lewy body dementia, 

frontotemporal dementia, and vascular dementia, which all make up around 5-10% of dementia 

cases (DeTure et al., 2019). 

AD is characterised by progressive cognitive decline caused by the degeneration of brain cells 

and the loss of synaptic plasticity (Breijyeh & Karaman, 2020; Lopez et al., 2019; Wenk, 2003). 

This affects the individual’s independence, reasoning, behaviour, motor system, visuospatial 

orientation, and speech (Breijyeh & Karaman, 2020; DeTure et al., 2019). Individuals with AD 

experience loss of episodic memory which leads to repeating conversations and questions, 

deficit in storing and making new memories, and difficulties in remembering names of people 

and objects (Lopez et al., 2019). Neurodegenerative diseases that have shared characteristics 

with AD include vascular cognitive impairment, Lewy body dementia and frontotemporal 
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dementia (Srivastava et al., 2021). While the individuals with AD also often suffer from other 

neurodegenerative diseases (DeTure et al., 2019), it has been proposed that difficulties with 

naming people and objects, semantic fluency, and storing information can help distinguish AD 

from other conditions (Lopez et al., 2019).  

Breijyeh and Karaman (2020) describe the following 4 phases of AD: (1) pre-clinical or pre-

symptomatic stage, (2) mild or early stage, (3) moderate stage, and (4) severe or late stage. AD 

has a long pre-clinical phase (DeTure et al., 2019), with neurodegeneration thought to start 20 

or more years before clinical symptoms (Alzheimer’s Association, 2019; Masters et al., 2015; 

Goedert & Spillantini, 2006). In this stage, the individual’s daily activities and functioning are 

not affected, but mild memory loss and changes in the ability to store new memories can 

appear (Breijyeh & Karaman, 2020; Lopez et al., 2019). In the mild stages of AD, the individuals 

remain independent but can experience decline in executive function, followed by impaired 

language abilities and visuospatial skills (Kumar et al., 2022). Other symptoms in the mild phase 

can include disorientation, loss of concentration, mood changes and depression (Breijyeh & 

Karaman, 2020). With the progression of the disease, the changes in behaviour and the 

impairment of memory, cognition, social abilities, and motor skills become more severe 

(DeTure et al., 2019; Lopez et al., 2019). In the moderate stage of AD, individuals can 

experience difficulties with recognising their families, as well as with reading, writing, and 

speaking (Kumar et al., 2022; Breijyeh & Karaman, 2020). Other symptoms in this stage can 

include wandering, social withdrawal, apathy, and psychosis (Kumar et al., 2022). In the latest 

stage of AD, the patients may experience sleep disturbances and difficulties in motor tasks, 

followed by becoming bedridden and completely dependent on the caregiver, with difficulties 

with swallowing and urination, eventually leading to death (Kumar et al., 2022; Breijyeh & 

Karaman, 2020). The clinical phase of AD usually lasts for 8-10 years (Masters et al., 2015). 

While the cause of AD-related pathological changes remains a topic of discussion and research, 

with no universally accepted theory (Breijyeh & Karaman, 2020; Lopez et al., 2019), there are 

two main hypotheses: the impairment of cholinergic function, and the changes in the 

production and processing of amyloid β-protein (Breijyeh & Karaman, 2020). While the exact 

cause of the condition is not fully understood, it has been found that the development of AD is 



 

   12 
 

strongly dependent on heritable factors, such as changes in gene expression (Scheltens et al., 

2021; Breijyeh & Karaman, 2020; Armstrong, 2019).  

Age is the most important risk factor in AD (Breijyeh & Karaman, 2020; DeTure et al., 2019; 

Goedert & Spillantini, 2006). Based on the age at onset, AD can be divided into early-onset AD 

(EOAD) (before age 65) and late-onset AD (LOAD) (after age 65) (DeTure et al., 2019; Breijyeh & 

Karaman, 2020). EOAD is rare and makes up approximately 1-6% of the cases, while LOAD is 

more common (Breijyeh & Karaman, 2020). The risk of AD is higher in individuals over 65 years 

of age, growing year by year. In the US, 3% of the people aged 65-74 have AD, rising to 17% in 

the population aged 75-84, and 32% in the population older than 85 (Alzheimer’s Association, 

2019). AD disproportionately affects minority populations (Lopez et al., 2019) and women 

(Kumar et al., 2022; Srivastava et al., 2021).  

Identifying other risk factors for AD has been an active area of research for decades. However, 

understanding the full picture remains a major challenge as there are many potential and 

unrelated factors associated with the condition (Armstrong, 2019). Some known risk factors 

include cardiovascular disease, head injuries, hypertension, infection, diabetes, environmental 

factors such as air pollution and exposure to certain metals, nutrition, and lifestyle (Srivastava 

et al., 2021; Breijyeh & Karaman, 2020). The risk of AD and cognitive decline could potentially 

be reduced by increased physical and cognitive activity, and healthy diet (Scheltens et al., 2019; 

Armstrong, 2019). 

While Mini Mental State Examination (MMSE) (Folstein et al., 1975) and Montreal Cognitive 

Assessment (MoCA) (Nasreddine et al., 2011) are often used in screening to evaluate the 

patterns of cognitive decline in AD (Lopez et al., 2019), these tests can lack sensitivity and 

specificity (Kumar et al., 2022). For a more comprehensive examination of the disease stage, 

and distinguishing it for other conditions, a complete physical, neurological, and mental status 

examination is needed (Kumar et al., 2022). While the definitive diagnosis of clinical AD can 

only be completed post-mortem, the criteria for diagnosis in living patients has been developed 

over decades, and it is getting more accurate with the use of imaging studies, bodily fluids, and 

clinical biomarkers (Breijyeh & Karaman, 2020; DeTure et al., 2019). The novel promising 

biomarkers include PET scans and cerebrospinal fluid (CSF) for amyloid β and tau (Scheltens et 
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al., 2021; Breijyeh & Karaman, 2020; Masters et al., 2015). Active area of research is also 

focussed on identifying non-invasive biomarkers, such as those based on the changes in 

language use.  

There is currently no cure for AD, although there are some available drugs that offer modest 

symptomatic treatment (Kumar et al., 2022; Srivastava et al., 2021; Lopez et al., 2019). There 

are several phase 3 trials for pharmacological treatment against amyloid β pathology, but their 

lack of success has sparked scepticism (Scheltens et al., 2021; Lei et al., 2021; Srivastava et al., 

2021).  

There is an eminent need to better understand AD pathology and design effective drugs as the 

number of people and families affected by the condition as well as the personal and financial 

costs of the disease are growing rapidly (Breijyeh & Karaman, 2020; DeTure et al., 2019). 

Research efforts are also focussed on early detection of the condition, as it increases the 

possibility of successful treatment (Breijyeh & Karaman, 2020; Lopez et al., 2019).  

 

2.2. A systematic literature review of automatic Alzheimer’s disease detection 

from speech and language 

2.2.1. Introduction 

To have a comprehensive overview of the state-of-the-art in automatic AD detection from 

speech and language and identify the main challenges and areas that needed improvement, I 

completed a systematic literature review of the available articles in this field (Petti et al., 2020). 

This systematic literature review was published in JAMIA in 2020 and at the time of writing this 

thesis has been cited over 140 times, informing both future research and the directions taken in 

this thesis. 

In this review, I searched the main databases using relevant keywords, systematically selected 

the articles to review based on an established inclusion criteria and analysed them following 

the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) checklist 

(Moher et al., 2015). 

 

 



 

   14 
 

The aim of this review was to answer five key questions: 

● What were the characteristics of the participant groups involved in the studies? 

● What type of language data was collected and how? 

● Which were the most informative language and speech features? 

● What classification methods were used? 

● What classification performance was achieved?  

 

These questions are useful to clinicians and researchers because they help to identify best 

practices, summarise the state-of-the-art in automatic language processing for AD detection, 

and guide further research. The current subsection is based on the published article (Petti et al., 

2020). 

2.2.2. Materials and methods 

The search of the articles was conducted in the following databases: PubMed, Web of Science, 

and Ovid, using the keywords (1) automatic Alzheimer’s disease detection, (2) Alzheimer 

natural language processing, (3) Alzheimer speech processing. All articles were published 

between 2013 and 2019 to allow capturing the most recent literature at the time and focussing 

on the time period where NLP, SP, and ML have been increasingly used in disease detection 

from speech and language. The developments since the publication of this article, from 2019-

2023, are addressed in the following section (2.3). 

 

The following inclusion criteria was established for all studies: 

1) AD or mild cognitive impairment (MCI) was the condition of at least one of 

the participants (MCI has been described as the stage between normal 

ageing and dementia (Greenaway et al., 2006); examining MCI could 

contribute to detecting the earliest signs of AD (Schneider et al., 2009; 

Markesbery et al., 2006), however, not all people with MCI develop AD 

(Lezak, 2004)); 

2) participants’ language or speech was considered; 
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3) there was either an NLP, SP, or ML element; 

4) the focus was on language or speech production, and not comprehension; 

5) experimental data was included; 

6) full articles were available in English. 

  

The initial study selection was performed by 1 reviewer (Ulla Petti). To minimise the bias in 

selecting studies, a sample of 274 articles consisting of a random sample of 10% of the articles 

excluded by the first reviewer (n=241), and all the articles included by the first reviewer (n=33) 

were independently reviewed by a second reviewer (Simon Baker). The initial overall 

agreement between the two reviewers was 97%, with 100% agreement on the 33 included 

articles. Remaining disagreement was resolved in a discussion with the third author (Anna 

Korhonen). 

The following data relevant to the 5 research questions was extracted from all included articles: 

participant information, the type of language data and the language tests used, the most 

informative language and speech features, classification methods, and classification 

performance. 

2.2.3. Results 

The number of articles retrieved from the initial search was 2447. The flow diagram displayed in 

Figure 2 details the selection process that resulted in 33 included articles. 

Out of 33 studies, 18 focussed on AD, 9 on both AD and MCI, and 6 solely on MCI. Twenty-eight 

studies focussed on spontaneous speech (SS), and 7 on both verbal fluency tasks (VF) and other 

tasks (OT). On average, 92 participants were included in the studies, with the number of 

participants ranging from 3 to 484. One study only reported the number of recordings (Luz et 

al., 2018) and all but 2 studies (Konig et al., 2018; Garrard et al., 2017) had a healthy control 

group. The average size of the control group was 43, ranging from 2 to 242 and the average size 

of the AD group was 45, the MCI group was 30, and the dementia group was 27. A large 

majority of the studies were conducted in European languages: 10 studies in English, 4 in 

French and Hungarian, 3 in Greek and Turkish, and 1 in Spanish and Italian. One study was 
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carried out with Taiwanese speakers, 5 studies used a dataset consisting of several languages, 

and 4 studies did not specify the language used. The number of studies grew year by year; 3 

studies were published in 2013, 5 studies in 2014, 2015 and 2016, 6 studies in 2017, and 9 

studies in 2018. This shows that research in the area is growing. 

The information extracted from the 33 studies is summarised in Table 1. 

 

 
Figure 2: Flow diagram of study selection (NLP: natural language processing; SP: signal 

processing; ML: machine learning) 
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Study examples 

In this section I briefly describe 2 studies to provide the reader with a better understanding of 

what was examined. These 2 studies are chosen to cover different condition groups, data 

collection and analysis methods. 

Fraser and colleagues (2016) used the recordings of 264 participants describing the Cookie 

Theft picture available on DementiaBank corpus. Cookie Theft picture is a commonly used test 

in language and cognitive disorder assessment because it features a complex scene and 

describing it triggers diverse language. DementiaBank is a corpus available for research 

purposes that gathers speech and language data from people with AD and other forms of 

dementia. The two participant groups in Fraser and colleagues’ study were the AD and the 

healthy control group. A total of 370 language and speech features related to part-of-speech 

(POS), syntactic complexity, grammatical constituents, psycholinguistics, vocabulary richness, 

information content, repetitiveness, and acoustics categories were extracted. The dataset was 

divided into test and training data, and ML techniques were applied to explore the accuracy of 

automatic classification between healthy and AD groups. Standard accuracy of over 81% was 

achieved. 

Clark and colleagues (2016) included both semantic verbal fluency (SVF) and phonemic verbal 

fluency (PVF) tasks from 107 MCI patients and 51 healthy control group participants. The tests 

were transcribed, and language features, such as the raw count of words, intrusions, 

repetitions, clusters, switches, mean word frequency, mean number of syllables, algebraic 

connectivity, and many more were captured. The study paired linguistic measures with the 

information from MRI scans which allowed creating novel scores. The study concludes that the 

classifiers trained on novel scores outperformed those trained on raw scores. 

2.2.4. Research questions 

The research questions were grouped into 5 categories. 
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What were the characteristics of control and impaired groups? 

In 33 studies, 32 different datasets were used. While some studies included up to 3 different 

datasets for different experiments, a few datasets were used more than once across the 

studies. The conditions considered in this study were AD and MCI. Although MCI did not feature 

in the search terms, I decided not to exclude the studies focussing solely on MCI because while 

MCI patients do not meet the diagnostic criteria of dementia, they can sometimes convert to 

AD. The studies may therefore provide an insight into the early stages of the disease as well as 

capture the characteristics of those MCI patients who develop AD and of those who do not. To 

address the heterogeneity this approach creates, the studies focussing on MCI are looked at 

separately from the studies concerned with AD detection. Two studies also included other 

dementia groups (early dementia and mixed dementia) but as both groups only appeared once 

in the dataset, these groups were not included in further analyses. 

64% of all studies reported participants’ gender and age. The average number of male 

participants was 35, and of female participants was 50. The number of male and female 

participants was stated to be balanced in 13 studies and notable differences in the number of 

male and female participants appeared in 15 studies. There were significant differences in 

participants’ average age between healthy control (66.94 +/- 5.75) and AD group (74.75 +/- 

4.36), t(30) = -4.223, P = .000, and between MCI (70.21 +/- 5.64) and AD group (74.75 +/- 4.36), 

t(25) = -2.351, P = .027. Participants’ education level was considered in 45% of the studies. The 

control group participants had spent on average more years in education than the impaired 

group in all but 1 study where the participants’ education level was considered. Handedness 

was controlled for in 2 studies, and all but 4 studies mentioned the language the participants’ 

spoke. See Table 2 for participant information. 
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Table 2: Participant information (AD: Alzheimer’s disease; aMCI: amnestic mild cognitive 

impairment; MCI-con: mild cognitive impairment later converted into AD; MCI-non: mild 

cognitive impairment not converted into AD; MD: mixed dementia; mdMCI: multiple domain 

mild cognitive impairment; SD: standard deviation) 

 

What kind of language data was collected and how? 

From the 33 studies, 28 included at least one spontaneous speech (SS) task, 7 studies included a 

verbal fluency (VF) task, and 7 studies other tasks (OT). 

The aim of SS tasks is to trigger spontaneous speech. This was most often attempted by asking 

the participants to describe a picture or by engaging in a conversation with the participants. 

Other tasks used to induce SS included recalling a movie, a day, an event, or a dream. In one 

study, the transcripts from press conferences were used as a source of SS. SS tasks allow 

analysing a variety of language attributes, such as word retrieval processes, syntactic, semantic, 

and acoustic impairment, lexical complexity, and communication errors (Ahmed et al., 2013; de 

Lira et al., 2014; Garrard et al., 2005b). 

There are 2 types of VF tasks: phonemic verbal fluency (PVF) and semantic verbal fluency (SVF) 

task. In the PVF task, the participants are instructed to name as many words as possible in 1 

minute that start with the same letter, such as the letter F. In the SVF task, the participants are 

instructed to name as many words from the same semantic category as possible in 1 minute, 

such as animals. Traditionally, the measure most commonly used to evaluate performance in 

fluency tests is the number of total or correct words produced in 1 minute. These tasks also 
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allow assessing how lexical and semantic information is accessed, as well as the prevalence of 

repetitions and memory dysfunction. NLP tools have been used for automatic analysis of 

semantic clusters and SP for the analysis of temporal and acoustic measures. 

OT include all the tests that were not concerned with SS or VF, for example, repeating a 

sentence, reading out a paragraph, writing a story, counting down numbers, pronunciation, or 

denomination test. These tasks allow for the examination of different aspects of memory, 

semantic processing, and acoustic and phonetic measures. 

In all tests, the language data was audio or video recorded and/or transcribed. 

Figure 3 provides a summary of the methods and tasks used to collect language and speech 

data. 

 
Figure 3: Division of language tests used to differentiate between the conditions 

 

What language and speech features were the most informative? 

The 33 studies included experiments from 21 individual research groups. Out of the individual 

research groups, 18 included SS tasks and 5 VF and OT tasks. The most informative language 

and speech features are looked at in 2 categories: those characteristic to AD, and those to MCI. 
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The number of the language and speech features used in the analyses ranged from 4 to 920. As 

the studies with a large number of features did not report all the features considered, it was 

difficult to examine what features were studied the most extensively. To avoid synthesis bias 

towards the features that have been studied more (Papaioannou et al., 2016), and multiple 

publication bias of over-representing one study or research group with significant results (Song 

et al., 2010), each feature that has been reported the most informative by at least one research 

group is reported on equal basis. See Tables 3-5 for the most informative language features 

from SS, VF, and OT tasks. 

 

What methods were used to classify healthy people and the people with dementia? 

Out of 33 studies, 27 used ML to distinguish between healthy people and the people with 

different medical conditions. Different ML algorithms were used across studies: Neural 

Networks (NN) were used in 17 studies, Support Vector Machines (SVM) in 16, Decision Trees 

(DT) in 11, Naive Bayes in 7, and logistic regression in 2 studies. See Table 6 for details and 

definitions. 

 

What classification performance has been achieved? 

The studies reviewed in this paper tend to use different measures to report classification 

performance (accuracy, precision, Area Under Curve Receiver Operating Characteristics (AUC – 

ROC), making the comparison of performance difficult. Standard accuracy refers to the level of 

agreement between the reference value and the test result, and precision refers to the level of 

agreement between independent test results obtained under stipulated conditions (ISO, 1994). 

The ROC curve shows the relationship between clinical sensitivity and specificity for every 

possible decision threshold. AUC measures the ability of the model to distinguish between the 

groups for all decision thresholds. 

The heterogeneity of the performance measures, as well as the participant groups, data 

collection, and analysis methods does not allow for a direct comparison of classification 

accuracy. I aim to tackle this issue in 2 steps. First, I provide a table with qualitative information 

about the methods that each study concluded to have worked best. Second, as standard 
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accuracy was the most widely used performance measure, I compare the results and the 

methods used to achieve them in the studies that reported standard accuracy. 

Table 7 presents the settings and the approaches that were used when top performance was 

achieved in each study. 

 

 

Table 3: Most informative language and speech features in spontaneous speech tasks (AD: 

Alzheimer’s disease; MCI: mild cognitive impairment; POS: part-of-speech; SD: standard 

deviation) 

Alzheimer's disease 
(AD)

both AD & MCI
Mild cognitive impairment 

(MCI)

sy
nt

ac
tic

 c
om

pl
ex

ity inflected verbs
reported speech

interpolated clauses
depth of parsing tree
width of parsing tree

ratio depth:width parsing tree
go-ahead utterances

past tense
past particles

speech or utternace duration or length

ac
ou

st
ic

 im
pa

irm
en

t

harmonicity
voicing activation

frequency
average absolute delta pitch

average absolute delta formant

voiced segment percentage short-time energy
spectral centroid

difficulty in word finding
imporverished vocabulary and language

limited answers
Honere's statistic

words indicating quantities
Brunet's index
unique words

number, frequency, and rate  of specific words
type:token ratio

ratio features
content density

vocabulary richness

PO
S

pronoun:noun ratio 
pronoun frequency

prepositions
auxilliaries

determiners
adverbs

conjunctions
adverbs

verb frequency and rate
number of nouns / noun rate

adjective rate

open:closed class words ratio
information coverage

flu
en

cy
 a

nd
 p

au
sa

tio
n

fraction of pauses greater than 10 seconds
silence rate

average continuous word count
logarithm voicing rate

bigrams
trigrams

number of turns

speech rate
articulaiton rate

number of pauses (total, silent, filled)
length of pauses

length of silent pauses
pause:duration ratio

filled pause:duration ratio

total length of filled pauses
speech tempo

speech continuity
SD of speech segment duration

SD of (un)voiced segment duration
temporal regularity of voiced segments

er
ro

rs

number of stutters
self-corrections

incomplete sentences
unitelligible word rate

confusion rate
no answer rate

repetitions

se
m

an
tic

 p
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g

semantic error rate
semantic attributes

w
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Table 4: Most informative language and speech features in verbal fluency tasks (AD: Alzheimer’s 

disease; MCI: mild cognitive impairment) 

 

 
 

Table 5: Most informative language and speech features in other tasks (AD: Alzheimer’s disease; 

MCI: mild cognitive impairment) 
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Table 7: Most effective technologies (Acc: accuracy; AD: Alzheimer’s disease; CNN: 

convolutional neural networks; DT: decision tree; ET, emotional temperature; kNN: k-nearest 

neighbour; LSTM RNN: long short-term memory recurrent neural network; MLP: multilayer 

perceptron; MMSE: mini-mental state examination; MRI: magnetic resonance imaging; RFC: 

random forest classifier; SVM: support vector machine) 
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Standard accuracy was used as a classification performance measure in 17 tasks across 15 

studies that aimed to distinguish the people with AD from the people without AD and in 8 

studies looking at MCI. The average classification accuracy was significantly lower when 

detecting MCI (81.7% +/- 5.3%) than when detecting AD (88.9% +/- 8.0%), t (14) = 2.40, P = 

.031. 

Top result in AD detection (95% classification accuracy) was achieved using an SS task to collect 

information about voiced and unvoiced segments and other acoustic and phonetic features. 

Lopez-de-Ipina and colleagues (2015, 2018) used NN to distinguish the people with AD from 

those without AD. 

Top result in MCI detection (86% classification accuracy) was reached by Konig and colleagues 

(2018) using SVF and PVF to collect language data, SP to analyse the data, and SVM to 

discriminate between the people with and without MCI. 

  

2.2.5. Discussion 

This review shows that the sociodemographic variables, especially age, often differ between 

the healthy and the impaired group. The language data was usually collected using SS tasks, 

with the most informative language features falling under lexical, syntactic, semantic, and 

acoustic impairment. NNs, SVMs, and DTs performed well as classifiers; 89% average 

classification accuracy was reached in AD detection and 82% in MCI detection. 

 

Synthesis 

The majority of the studies reviewed in this review demonstrate promising results in identifying 

AD or MCI based on speech and language data. While the results are promising, there is also 

room for improvement. For example, age, gender, education level, and handedness can affect 

speech and the outcome of language tests. However, there were significant differences in 

participants’ ages between healthy and AD groups, more female than male participants were 

included in the studies, people with a clinical condition tended to be less educated than the 

control group, and only 6% of the studies considered whether the participants were right- or 
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left-handed, even though language behaviour tends to differ in the right- and-left-handed 

individuals: greater left hemisphere reliance is thought to emphasise syntactic relations when it 

comes to language processing, and greater right hemisphere reliance tends to emphasise 

meaning (Townsend et al., 2001). Similarly, the majority of the participants spoke European 

languages, leading to very few non-European languages being considered. 

Two popular and well-performing language tasks were SS and VF. Promising results were 

achieved using language features relating to word retrieval, semantic and acoustic impairment, 

and error rate. 

Various ML algorithms were used to classify between different condition groups. The best 

performing models were NNs, SVMs, and DTs. 

The measures used to report performance were heterogeneous, making the comparison of the 

technologies difficult. Focussing only on the studies that used accuracy as a metric, the highest 

classification accuracy was achieved using SS task, SP method, and NN classifiers when 

distinguishing between AD and healthy groups, and VF task, SP method, and SVM classifier 

when detecting MCI. Average classification accuracy was 89% in the AD and healthy group 

distinction, and 82% in MCI detection. 

 

Recommendations for future research 

Based on the findings of this study, I propose the following directions for future research: 

● constructing demographically and socioeconomically balanced datasets to minimise the 

effect of age and other factors on the results; 

● including a larger number of participants to allow more data to be used when training a 

machine learning model; 

● including non-European languages in future studies as the vast majority of the studies so 

far have been conducted in European languages; 

● conducting longitudinal studies concerned with MCI to examine the language of those 

participants who convert from MCI to AD and of those who do not (this approach was 

taken in Clark and colleagues (2016)); 
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● integrating linguistic analysis and signal processing to achieve maximum accuracy. Most 

studies focus on either SP and acoustic features or NLP and linguistic features. However, 

most language tasks are audio recorded which would allow collecting both acoustic and 

linguistic data (using both audio samples and transcripts). I suggest that adding linguistic 

variables (lexical, semantic, syntactic) to SP approach, and vice versa, adding SP 

measures (acoustic, voiced and unvoiced segment analysis) to studies mainly focussing 

on linguistic features. This will allow for the expansion of the set of variables beneficial 

in ML approach and could lead to more accurate classification results. An example of a 

study that has used both acoustic and linguistic measures was conducted by Fraser and 

colleagues (2016); 

● using the 4 standard measures to report the performance: Accuracy, Precision, Recall, 

F1-score (AUC can be used in addition to those four). 

  

The studies reviewed in this article include 19 additional suggestions for future research:  

(1) ensure standardised recordings and language samples;  

(2) add new and challenging tasks; 

(3) calibrate audio measurements; 

(4) add new features; 

(5) couple speech analysis with neuroimaging; 

(6) include follow-up studies; 

(7) conduct longitudinal studies; 

(8) add linguistic and acoustic features; 

(9) automate feature selection; 

(10) include voice onset time; 

(11) extend the number of MCI samples; 

(12) research the effect of sample size in healthy control groups; 

(13) perform cross-linguistic studies; 

(14) use automatic transcription of language tasks; 

(15) include nonverbal communication (gestures); 
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(16) include syllable-timed and low-resource languages; 

(17) replicate the results of currently available studies; 

(18) evaluate the temporal change and the severity of the disease; 

(19) include more forms of dementia, such as vascular dementia. 

 

Study limitations 

To evaluate the limitations and establish the confidence level of the outcomes, I adapt GRADE 

guidelines (Guyatt et al., 2011a). There are 5 main limitations, 4 of which contributed to the 

decision to rate down the outcome confidence level from high to moderate. 

● Potential publication bias 

This refers to the possibility of only the studies with more significant results being 

published (Rosenthal, 1979; Guyatt et al., 2011b). Although publication bias was 

undetected in the current review, it is especially common in literature reviews written in 

the early stages of the specific research area due to negative studies being delayed 

(Guyatt et al., 2011b) and should therefore be mentioned. Potential publication bias was 

not used to decrease the confidence level. 

● Potential synthesis bias  

This refers to only articles written in English being included in the current analysis 

(Papaioannou et al., 2016; Song et al., 2010), not allowing the data available in other 

languages to be considered, limiting the dataset, and possibly contributing to the small 

number of non-European languages being included. Language bias can especially affect 

the outcomes relating to the most informative language features, as these are directly 

dependent on the language used. 

● Age difference between AD and HC groups 

This refers to the risk of bias in the outcome of studies focussing on AD detection 

because the AD group was very often significantly older than the control group. This 

increases the chance of the most informative language features being characteristic to 

older age instead of AD, as well as the classification algorithms differentiating between 

older and younger, and not necessarily detecting AD. 
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● MCI not being included in the search terms 

This refers to the risk of bias when reporting the outcomes of the studies concerned 

with MCI. The fact that the search terms did not include MCI is likely to have led to a 

situation where additional studies did exist—but were inaccessible —and therefore did 

not get included in the analysis. 

● Reporting classification performance 

This refers to the potential risk of bias in reporting the classification performance, as 

often only the best outcomes are included, potentially leading to skewed understanding 

of how well the algorithms worked. 

 

The last 4 limitations (potential synthesis bias, age difference between AD and control group, 

MCI not being included in search terms, and potential bias in reporting classification 

performance) contributed to the confidence levels of the outcomes concerned with informative 

language features, classification algorithms, and classification performance to decrease from 

high to moderate. 

2.2.6. Conclusion 

In this systematic review on automatic AD detection from speech and language, I report the 

characteristics of healthy and impaired groups, summarise the language tests that have been 

used, present the language and speech features that have shown to be the most informative, 

and identify the ML algorithms used and the classification performance achieved. 

The findings show that the balance in demographic variables across AD and healthy groups 

could be improved, and that the SS-based studies have achieved top accuracy in distinguishing 

between AD and healthy conditions. Informative language and speech features capture 

problems with word retrieval, semantic processing, acoustic impairment, and errors in speech 

and communication. From ML algorithms, NNs and SVMs were the most widely used, and top 

accuracy was also achieved with these models. Standard accuracy was the most common 

metric used to report the classification performance, with the average accuracy in AD detection 

being 89%, and in MCI detection 82%. 



 

   34 
 

In future studies, I suggest constructing larger, balanced, and more diverse datasets, focussing 

on the earliest markers of AD and longitudinal change, standardising the metrics used to report 

classification performance, combining linguistic features with other types of data and 

constructing novel, more informative and universal features. 

2.3. Further developments 

The findings of the systematic literature review have informed the research directions taken 

during the rest of the PhD as well as contributed to further developments in the field in other 

studies. 

Based on the outcomes of the review and the recommendations from the studies included in 

the review, the rest of the thesis sets out to address some of the main challenges in the current 

practice:  

(1) the lack of longitudinal datasets and studies;  

(2) the replicability of previous results and the standardisation of research methods;  

(3) the issues with fairness, accountability and transparency, including data balance, 

potential bias, and other ethical considerations that arise in the process of deploying AI 

and NLP in speech-based AD detection.  

I will discuss each of these challenges in the next three sub-sections, including the recent 

literature addressing these issues and the developments that have been made after the 

publication of the systematic literature review. 

2.3.1. Lack of longitudinal datasets 

As the literature review showed, language-based classification between those already 

diagnosed with AD and the healthy individuals has achieved high accuracy. Therefore, the focus 

of current studies is increasingly moving towards longitudinal changes and the earliest signs of 

potential cognitive decline (Meltzer, 2020; Khoury & Ghossoub, 2019). This shift can also be 

seen in the studies published after the publication of the systematic literature review, with 

many more studies focussing on MCI. For example, Vetrab and colleagues (2022) employ 

sequence-to-sequence deep autoencoders to analyse spontaneous speech and report 
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competitive performance in differentiating 25 MCI subjects and 25 healthy controls. Liang and 

colleagues (2022) look at home-based cognitive assessment for detecting early markers of 

cognitive decline by examining voice commands using Voice-Assistant Systems. Nagumo and 

colleagues (2020) performed a classification task between healthy controls and MCI, global 

cognitive impairment and MCI with global cognitive impairment based on the acoustic features 

extracted from sentence reading task. Several recent studies (Sadeghian et al., 2021; Bertini et 

al., 2021; Al-Atroshi et al., 2022; Chau et al., 2022) have focussed on developing fully automatic 

systems to assess the speech of those with cognitive impairment and differentiate them for 

healthy individuals using an easy, cheap, and non-invasive tool. 

However, due to the limited availability of language data from the early stages of the disease as 

well as longitudinal data, there are still relatively few studies conducted on the earliest changes 

in language, and the changes over time (Calza et al., 2021; Luz et al., 2021a; Lopez-de-Ipina et 

al., 2018), even though these changes could be promising indicators for early detection and a 

reflection of the regression of cognitive abilities. 

Earlier studies have tackled the issue of limited availability of longitudinal language data by 

comparing the writings of authors some of whom eventually develop AD (Le et al., 2011), or the 

transcripts of press conferences (Berisha et al., 2015; Fang et al., 2017). There are also some 

available longitudinal datasets, such as the ADReSSo Challenge corpus (Luz et al., 2021a) and Pitt 

corpus (Becker et al., 1994), but these mostly span over a short time period and are based on 

picture description or semantic verbal fluency (SVF) tasks. While these datasets are extremely 

valuable and allow for controlling for the content of the speech data by using structured speech 

tasks, collecting spontaneous speech data that spans over a longer period of time and is not 

based on visual cues has its advantages. For example, it has been proposed that the earliest 

manifestations of cognitive decline can appear years or even decades before the diagnosis (Fox 

et al., 1998; Grundman et al., 2006; Ringman, 2017) - having a longitudinal corpus that consists 

of speech data from several decades can contribute to detecting these earliest pre-diagnostic 

changes. Using spontaneous conversational speech also allows for data collection in a more 

naturalistic setting, reflecting the everyday challenges that the AD sufferers face in 

communicative situations (Sabat & Harre, 1994) while causing less stress for the participants 
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which is often experienced during cognitive testing (Lopez-de-Ipina et al., 2018; Sabat & Harre 

1994; Chien et al., 2018). Studies focussing on spontaneous speech also outperformed other 

tasks in the systematic literature review. 

Although collecting spontaneous speech data in an everyday situation is becoming more 

feasible as speech can easily be gathered using mobile devices, and the process requires 

minimal instructions and equipment (Chien et al., 2018; Robin et al., 2021; Yamada et al., 2021), 

there is a lack longitudinal datasets spanning over a longer time period as these are time 

consuming and expensive to collect (Yancheva et al., 2015; Meltzer, 2020; Robin et al., 2021). In 

this thesis, I aim to tackle this issue by constructing a novel corpus of transcripts of public 

interviews with famous individuals recorded over several decades, half of whom will eventually 

be diagnosed with AD (Chapter 3). This corpus allows looking at the changes that appear in 

spontaneous speech over time as well as assess the generalisability of the results (Chapter 4) 

and the robustness of the features (Chapter 5). The motivation behind constructing the corpus 

builds primarily on two outcomes of the literature review: (1) spontaneous speech tasks being 

the most informative in language data analysis, and (2) the need to understand longitudinal 

changes and identify the earliest markers. 

  

2.3.2. Replication of previous studies and standardisation of methods 

Previous research analysed for the literature review recommends repeating the results of the 

published studies and increasing overall replicability by standardising the data collection and 

analysis methods, as well as the reporting standards. I incorporate these suggestions in 

Chapters 4 and 5 using the novel longitudinal corpus I created. 

Chapter 4 focuses on the generalisability of the language features. Among other positive 

impacts, understanding the generalisability of language change would contribute to reducing 

dimensionality in the models (Berisha et al., 2021). Decreased dimensionality is desirable for 

more robust, accurate and interpretable models. Therefore, it is important to identify a small 

set of features that change consistently with the disease based on domain knowledge and 

existing theory, rather than using hundreds of features (Berisha et al., 2021). When analysing 
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the data in the novel corpus I created (Chapter 3), I follow this approach (Chapters 3 and 4) and 

make use of the list of the most informative language features identified in the literature 

review (section 2.2).  

To tackle the issues of replicability and generalisability, in Chapter 4, I start by replicating the 

methods used by Berisha and colleagues (2015) on a larger sample size, examining the 

generalisability of the changes in language. Due to relatively low comparability of the results, I 

give suggestions for advancing the data analysis methods and conduct relevant experiments, 

looking at language change in relation to time before diagnosis rather than age, experimenting 

with a different set of language features that have shown to be informative in previous studies, 

and constructing aggregate scores. 

Generalisability and standardisation are related challenges. Luz and colleagues (2021a) point 

out that the lack of standardisation “has hindered the benchmarking of the various approaches 

proposed to date”. They claim that this has also contributed to the slow translation of the 

technologies into clinical practice. To tackle standardisation issues, Luz and colleagues (2021a) 

have developed a standardised dataset and the ADReSSo challenge that allows developing 

approaches of cognitive decline detection from standardised language data. Other approaches 

to examine the robustness of the language features have included looking at how the stability 

of the extracted features changes from one recording to another within an individual, finding 

notable variation (Stegmann et al., 2020), and comparing the performance between manual 

and automatic transcription concluding that human verification of automatic transcripts would 

increase the performance in spontaneous speech tasks (Soroski et al., 2022). 

In the current thesis, I address the issue of standardisation in Chapter 5, focussing on data 

collection methods, specifically on the optimal length of the recordings. I aim to examine how 

much speech data is needed for informative analysis, and how sample length impacts the 

robustness of the extracted language features. 

2.3.3. Ethical considerations 

The ethics of early dementia detection in general have been discussed extensively in previous 

literature. One argument for early detection is the potential earlier start of treatment, however, 
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others argue that there is currently no approved treatment, although advances in treatment 

development are being made. Similarly, early detection could allow access to support and 

services, however Brayne and Kelly (2019) argue that there is no trial to show how and whether 

it would work and claim that early detection might instead overstretch the services. Other 

arguments for early detection include positive change for families and individuals and improved 

life quality, however, Brayne and Kelly (2019) and Ford and colleagues (2023) state that there is 

limited evidence for that in dementia. 

Another area of discussion is the use of automatic, potentially app-based tools: who should 

have access to them, should they be freely available for at-home screening, or accessed only by 

professionals in a clinical setting? The arguments for free use include the opportunity to self-

check for those who cannot or do not want to see a clinician, as well as having a relaxed setting, 

less anxiety and therefore more accurate outcome (Mirheidari et al., 2019) while the 

arguments against highlight the risk of dual use and potential discrimination, for example, in 

acquiring health insurance or applying for jobs. Several advantages for automatic speech-based 

in-clinic AD detection have been pointed out in previous work, such as the potential to:  

(1) help clinicians detect the early changes in language that may otherwise go unnoticed 

but could aid further referrals;  

(2) discriminate between anxiety or stress impact on language and dementia-related 

memory problems; 

(3) monitor disease progression and response to treatment; 

(4) identify people in the early stages for drug trials contributing to drug development. 

 (Mirheidari et al., 2019; Ford et al., 2023) 

  

On the contrary, Brayne and Kelly (2019) argue that the drive for early diagnosis can lead to 

delayed referrals and have a negative impact on timely diagnosis. 

Using speech and AI for early AD detection raises novel ethical questions which I will discuss in 

Chapter 6. While language-based detection could provide a cost-effective, accessible, fast, and 

non-invasive solution for AD screening, potential issues of autonomy, privacy, data and model 

bias and transparency arise. The findings of the literature review also highlight these issues by 
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revealing unbalanced datasets and small sample sizes which can lead to unfair distribution of 

research benefits as the model will work only on the population it has been trained on. Berisha 

and colleagues (2021) conducted a meta-analysis of this systematic literature review (Petti et 

al., 2020) and a similar review by de la Fuente Garcia and colleagues (2020), highlighting the 

issue of the best performing models having been trained on smaller datasets, leading to low 

applicability or failure in a real world setting where the data is more diverse. Figure 4 from 

Berisha and colleagues (2021) shows the meta-analysis of these two literature reviews, 

comparing model accuracy in classifying between the individuals with AD and healthy 

individuals (blue) and healthy individuals and those with cognitive impairment (red) in relation 

to the reported sample size. 

  

  
Figure 4: The relationship between model accuracy and sample size in classifying between 

healthy controls and the people with Alzheimer’s disease (blue), and healthy controls and the 

people with cognitive impairment (red) (Con: control group; AD: Alzheimer’s disease; CI: 

cognitive impairment) (Berisha et al., 2021) 

  
  
The literature review in section 2.2 (Petti et al., 2020) also highlighted the issue of the majority 

of the studies being conducted on English language. Since the publication of the literature 

review, several studies have addressed this issue. For example, Kalman and colleagues (2022) 

tested an automatic speech recognition (ASR) -based system on Hungarian language and 

compared it to the performance on English, concluding that changes in acoustics that help 
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distinguish between MCI and HC participants might be present in different languages. Similarly, 

Schäfer and colleagues (2023) looked at Dutch and Swedish populations and reported the 

algorithm using acoustic features being relatively robust and language-agnostic. Notable work 

has also been done on adapting different cognitive and language tests to Thai language and 

culture since 2020. For example, Munthuli and colleagues (2021) used cognitive assessment 

tests that had been adapted to Thai culture and looked at the language-based classification 

between healthy controls, the individuals with MCI and AD. Similarly, Sangchocanonta and 

colleagues (2021) used a picture description task that is relatable to Thai culture, and a POS 

tagger that lines with Thai word types. Metarugcheep and colleagues (2022) adapt verbal 

fluency tests to Thai and perform language-specific feature extraction. All of these studies 

report promising results that could contribute to non-invasive and cheap screening tools that 

could aid the detection of cognitive decline in Thai speakers. 

I will discuss these and other novel ethical considerations that arise in using NLP and AI to 

detect AD from speech in more detail in Chapter 6, including the issues with data balance, 

potential bias, and distribution of research benefits. 

 

2.4. Summary 

In this Background chapter, I first provided a more detailed description of AD (2.1), and 

conducted a systematic literature review on the state-of-the-art of automatic AD detection 

from speech and language (2.2).  

I identified 3 main areas of improvement based on the literature review - the lack of: 

(1) longitudinal datasets and studies; 

(2) replicability of previous results and the standardisation of research methods;  

(3) attention on ethical considerations that arise in deploying AI and NLP in speech-based 

AD detection.  

I discussed how these questions have been addressed in the literature, and how this thesis sets 

out to tackle these challenges (2.3). 
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3. LoSST-AD: A longitudinal corpus for tracking Alzheimer’s disease 

related changes in spontaneous speech 

3.1. Introduction  

In this chapter, I will introduce the corpus that I created during the PhD, and show how it can 

inform us about the longitudinal speech changes in AD. This chapter was motivated by the 

findings of the literature review, according to which, while the changes in language can appear 

years or even decades before AD diagnosis (Ringman, 2017; Grundman et al., 2006), there is a 

lack of studies focussing on the earliest AD-related language changes due to the limited 

availability of large-scale longitudinal datasets (Luz et al., 2021a; López-de-Ipiña et al., 2018). 

Detecting the early changes in language is critical for deeper linguistic understanding of AD and 

the development of technologies for its early detection that would allow early interventions, 

but research into the earliest signs is challenging, as it requires large longitudinal datasets. 

Finding recordings of spontaneous speech that have been conducted over longer periods of 

time, ideally several decades, can be difficult as this data is unlikely to exist. These datasets are 

also time-consuming and expensive to collect. Also, the process has numerous ethical issues, 

contributing to data sparsity in this domain (Luz et al., 2021a). Therefore, there is a need for 

alternative methods for monitoring longitudinal language change, including NLP and speech 

recognition technologies. 

As a way around this challenge, I have chosen to focus on famous people who have TV and 

radio interviews of them available over a long period of time, and who are known to have died 

of Alzheimer’s disease. I present a novel corpus of Longitudinal Spontaneous Speech Transcripts 

for tracking Azheimer’s Disease related changes in language (LoSST-AD). The corpus consists of 

135 public interviews recorded over several decades with 20 famous individuals, half of whom 

will eventually be diagnosed with AD. Unlike previous studies in the domain that have either 

focussed on a few individuals (such as Le et al., 2011; Berisha et al., 2015), used picture 

description task, or spanned over a shorter time period (such as Luz et al., 2021a; Becker et al., 

1994), LoSST-AD consists of several decades of transcribed public spontaneous speech data 
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from a larger group of individuals, allowing us to examine longitudinal AD-related changes in 

language use. 

However, this data also comes with several limitations. For example, public figures who 

perform on media are likely to have had media training which makes comparing their 

spontaneous speech produced under spotlight to the general population challenging. Similarly, 

it is impossible to know how much of the interviews are scripted or if there are any other 

factors impacting the participants’ speech, such as other medical conditions or intoxication. 

Additionally, as I do not have access to the speakers’ medical records, the time of diagnosis is 

based on media entries. However, this date is more representative of when the speakers made 

their condition public, and lacks accuracy in terms of the actual onset of the disease.  

Nevertheless, this data provides a unique insight into the longitudinal Alzheimer’s disease 

related changes in language use that can inform future research.  

I evaluate the corpus by validating the patterns of language change known from Alzheimer’s 

literature, focussing on vocabulary richness. I show that such data can provide valuable insights 

into longitudinal language changes in AD, and help to develop non-invasive screening tools such 

as those based on NLP and speech technologies. When interpreting the results, the limitations 

of this data, as well as the size of the sample must be considered.  

I collected, transcribed, and processed the data, performed all the analysis and conducted all 

the experiments in this chapter. This chapter is based on an article published in LREC-Coling 

2024. 

3.2. The language changes I expect to capture 

AD-related changes have been documented in various speech and language domains such as 

lexicon, semantics, syntax, discourse, and acoustics (Bayles, 1982; Lima et al., 2014; Gosztolya 

et al., 2019). Due to the scope of this chapter and the nature of the data (varying audio quality, 

uncontrolled content due to secondary data, inconsistent turn-taking), I will focus on the 

changes in vocabulary richness and demonstrate that lexical diversity features can provide 

comprehensive results in tracking AD-related language change. Changes in vocabulary richness 

mostly fall under lexical-semantic domain, which in AD is affected by changes in cognitive 
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function, semantic, procedural, and declarative memory (Dijkstra et al., 2004; Ullman, 2004; 

Orange & Purves, 1996). These changes manifest in impoverished vocabulary and word finding 

difficulties. The two are connected – if the speaker cannot access the correct word, a simpler 

word, usually of higher frequency and decreased length, tends to be used instead (Saito & 

Takeda, 2001; Hodges et al., 1992). This results in producing less unique words, affecting 

type:token ratio (referring to the number of unique words used divided by the number of total 

words used) and vocabulary richness indices (such as the Brunet index (Brunet, 1978)) (Guinn et 

al., 2014; Hernández-Dominguez et al., 2018; Fang et al., 2017). The speakers with AD often 

struggle to find nouns, and therefore both noun and adposition frequency can be affected 

(Jarrold et al., 2014; Bucks et al., 2000; Ammar & Ayed, 2018). Other strategies to cope with not 

remembering a word include repeating the last word uttered (Croot et al., 2000), stuttering 

(Boyé et al., 2014), using fillers, and laughter (Sidnell & Stivers, 2012). Figure 1 illustrates the 

underlying AD-related problems that affect different domains in language, including the 

lexical/semantic domain and vocabulary richness, as well as how these changes manifest in 

speech, and which respective language features could be extracted from the transcripts. 

The aim of this chapter is to: 

● introduce and make available a new language resource – a longitudinal corpus of 

transcripts of interviews with public figures, half of whom will eventually develop AD;  

● and evaluate the corpus by validating the patterns of AD-related vocabulary richness 

changes known from the literature. I report an evaluation that shows that this new 

resource can provide a highly valuable starting point for the development of NLP and 

speech -based early detection tools for AD. 

 

3.3. Corpus creation 

I collected publicly available TV and radio interviews from 20 famous individuals, half of whom 

will eventually be diagnosed with AD. I chose to focus on famous individuals, as they are more 

likely to have publicly available spontaneous speech recordings over several decades available 

than the people who are not public figures. This approach contributes to tackling the data 

availability challenge. It is important to look at how individuals’ speech changes over decades, 
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as the language changes can be heterogeneous, and this kind of longitudinal data allows to use 

the participants’ younger selves’ speech as a point of comparison to their speech later in life. It 

also allows to investigate individual changes as well as spot potentially generalisable patterns 

across individuals to give us a better understanding of individual variabilities and the language 

changes that can provide more universal information about the manifestations of cognitive 

decline in AD. 

 

The inclusion criteria for the AD group was based on: 

1) known AD diagnosis - the individuals with AD were identified based on internet 

searches, using websites such as the Wikipedia page ‘Deaths from Alzheimer’s disease’; 

2) the largest number of publicly available interviews in English language on YouTube; 

3) gender balance (5 male and 5 female speakers). 

 

The participants with coexisting medical conditions that potentially also affect speech, such as 

Parkinson’s disease, were excluded.  

Each AD participant is paired with a control participant (HC) based on demographic data, such 

as year of birth (within a 5-year range), gender, place of residence or growing up, and 

occupation when possible. The control group participants had no known diagnosis of AD. 

Handedness, education level, and the number of languages spoken could not be controlled for 

in either group as this data was often not available in public domain. 

I identified and transcribed all publicly available interviews of the 20 individuals. A total of 135 

interviews are included in the corpus. The number of interviews per speaker ranges from 3 to 

25, with the earliest AD group interview being recorded 37 years before the diagnosis, and the 

latest 2 years after the diagnosis. See Figure 5 for the distribution of interviews over time, and 

Table 8 for the participant group demographic information. 

This research project was approved by the Ethics Committee of the School of Humanities and 

Social Sciences of the University of Cambridge. All transcripts and datasets – along with the 

datasheet with standardised data description (Gebru et al., 2021; Papakyriakopoulos et al., 

2023) – are available online at: https://www.losst-ad.com/. 
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Figure 5: Distribution of interview recordings (AD: Alzheimer’s disease; HC: healthy control) 

 

 

  
  

AD group  
(10 participants, 82 recordings) 

HC group  
(10 participants, 53 recordings) 

Average age over all recordings 
(years) 

60 (SD: 11, range: 32-79) 70 (SD: 16, range: 30-97) 

Average time before diagnosis 
(years) 

13 (SD: 11, range: 37 years before 
diagnosis - 2 year after diagnosis) 

- 

Sex 5 female, 5 male 5 female, 5 male 

 

Table 8: Participants’ demographic information (AD: Alzheimer’s disease; HC: healthy control; 

SD: standard deviation) 

3.4. Data processing 

I transcribed all interviews manually. Speaker diarisation was applied, excluding the speech of 

the interviewer. Direct quotes, such as song lyrics, were also excluded from the transcripts to 

allow more accurate analysis of vocabulary richness in spontaneous speech. Transcripts were 

anonymised using the guidance from Saunders and colleagues’ (2015) paper regarding people’s 

names, places, cultural background, occupation, family relations and other identifying 

information. 

Given the variation in audio quality (some interviews were recorded decades ago, some in noisy 

environments, using different settings and microphones) acoustic features were not analysed in 

the current study. The transcripts included filled pauses (such as “uh”), false starts, and stutter, 

but did not include speech tempo related features, such as the length of pauses. While the 
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syntactic and semantic changes could also be explored based on this data, I have focussed 

specifically on vocabulary richness features in the current chapter. 

SpaCy and NLTK were used to automatically extract language features from every transcript. 

One transcript refers to one interview, and all features were extracted on interview level. The 

extracted vocabulary richness features include Brunet index, hapax legomena frequency, 

type:token ratio, word frequency (referring to higher use of more frequent words), word 

length, the number of words used once and twice, noun and adposition frequency, and uni- and 

bigram repetitions. All extracted features have been proposed to be highly informative by 

previous studies (Ammar & Ayed, 2018; Guinn et al., 2014; Hernández-Dominguez et al., 2018; 

Yeung et al., 2021). 

I controlled for text-length-sensitivity of the extracted feature values by conducting Pearson 

correlations between the feature value and transcript length. Since the majority of the 

extracted features were dependent on text length, I constructed a capped sub-corpus to 

minimise text length impact on the analysis. Building on the methods used to tackle text-length-

sensitivity in Le and colleagues (2011), I capped all transcripts at the same length within each 

participant pair (the AD speaker and their matched control), keeping at least three transcripts 

per participant to allow for tracking longitudinal change. I aimed to keep as much speech data 

as possible, resulting in excluding the shortest samples from the capped corpus. The capped 

corpus consists of 99 transcripts in total. The lengths of both, the transcripts in the full and in 

the capped corpus, are given in Table 9. 

Both corpora are available online at: https://www.losst-ad.com/. I have provided only the 

transcripts, and do not include links to the interviews or audio for ethical reasons. 
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Speaker pairs (AD 
and HC speaker) 

The length of transcripts in the full corpus in 
each pair. 

Average (range) 

The cut-off points in the 
capped corpus in each pair 

Pair 1 880 (125-2561) words 417 words 
Pair 2 1723 (260-6792) words 390 words 
Pair 3 553 (183-1134) words 216 words 
Pair 4 1110 (350-2848) words 350 words 
Pair 5 1452 (159-4424) words 251 words 
Pair 6 887 (141-2170) words 740 words 
Pair 7 1510 (275-6385) words 574 words 
Pair 8 3702 (197-8621) words 3065 words 
Pair 9 1614 (67-5653) words 116 words 
Pair 10 2693 (301-6327) words 3554 words 

Table 9: The length of transcripts in the full corpus and in the capped corpus (in words) (AD: 

Alzheimer’s disease, HC: healthy control) 

3.5. Tracking changes in vocabulary richness 

I evaluate the corpus against what is known about the development of AD in the medical 

literature. I conduct two experiments. First, I compare the earliest and latest recordings across 

the AD and HC group, hypothesising that based on previous literature, the change in the AD 

group should be more severe. Second, I investigate longitudinal change in vocabulary richness 

in relation to the time before diagnosis. In both experiments, I use the capped corpus if the 

language feature of interest is text-length-sensitive, and the full-length corpus if the language 

feature is not text-length-sensitive. 

3.5.1. Comparison of the earliest and the latest samples 

I created a subset of samples, consisting of the earliest and latest available recording from each 

AD participant. The control group samples were chosen by matching the ages of each 

participant as closely as possible to the respective AD group participant, or when the same age 

range was not available, by matching the recording intervals. I compared the difference in 

vocabulary richness features in the earliest samples to the latest recordings between the AD 

and the HC group. 

To compare the values of the earliest and the latest samples, I used a two-tailed paired t-test 

for the features that were normally distributed, and a two-tailed Wilcoxon signed rank test for 

those that were not. The results indicate that the average noun frequency, word length and 
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word frequency differed significantly between the earliest and latest sample in the AD group, 

but not in the HC group. The statistical details are provided in Table 10. 

Figure 6 visualises the data and illustrates the findings: the first column shows the difference 

between the feature values in the earliest and latest recordings in the AD and the HC group; the 

second column compares the average change in the feature values between the first and last 

recording; the third column shows how the feature values of each individual change from the 

earliest to the latest time point. 

 

 

Feature AD early 

(mean 

unless 

specified) 

AD late 

(mean 

unless 

specified) 

AD group 

difference 

HC early 

(mean) 

HC late 

(mean) 

HC group 

difference 

Noun 

frequency 

0.130 0.098 Paired t-test 

p=0.028* 

0.138 0.123 Paired t-test 

p=0.062 

Word length 3.752 3.552 Paired t-test 

p=0.002** 

3.852 3.833 Paired t-test 

p=0.832 

Word 

frequency 

12.621 

(median) 

12.963 

(median) 

Wilcoxon 

p=0.004** 

12.828 12.759 Paired t-test 

p=0.466 

Table 10: Statistical details of the comparison of noun frequency, word length, and word 

frequency values between the earliest and the latest recordings (AD: Alzheimer’s disease; HC: 

healthy control) 
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Figure 6: Comparison of noun frequency, word length, and word frequency values between the 

earliest and latest recordings (AD: Alzheimer’s disease; HC: healthy control) 

 

3.5.2. Longitudinal change 

In this experiment, I investigated whether longitudinal change in vocabulary richness in relation 

to the time before diagnosis can be detected from the corpus, using all the available recordings 

and time points. Time before diagnosis was established based on available public sources and 

media entries. As the control group participants did not have a date of diagnosis, their 

recordings were mapped to the respective AD participants based on age at any given time 

point. 

A simple linear regression showed that the number of years before the diagnosis in the AD 

group was a significant predictor of noun frequency (p=0.022), hapax legomena (words used 

once) (p=0.030), words used once or twice (p=0.035), Brunet index (p=0.031), type:token ratio 

(p=0.023), adposition frequency (p=0.025), word frequency (Zipf p=0.0005, Subtl p=0.0004), 
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and the interval of the uni- and bigram repetitions (p=0.003). Significant changes were not 

detected in the HC group. Noun frequency, hapax legomena, words used once or twice, Brunet 

index, type:token ratio, and adposition frequency were extracted from the capped corpus, and 

word frequency measures and the interval of the uni- and bigram repetitions were extracted 

from the full corpus. The change in vocabulary richness values in relation to the year before 

diagnosis is shown on Figure 7. 

 

3.6. Discussion and conclusion 

In this chapter, I presented a novel language resource - a longitudinal corpus of 135 

spontaneous speech transcripts of public interviews with 20 famous individuals, half of whom 

will eventually be diagnosed with AD, recorded over several decades. This corpus could be 

highly valuable for research on AD as well as to train a system to automatically detect the risk 

for AD in speech. The corpus is available online at: https://www.losst-ad.com/. 

I demonstrate that public data, the collection of which does not cause extra discomfort for the 

participants, can carry important information and has a great potential to contribute to 

developing language-based, fast, cheap, accessible, and non-invasive tools that could aid 

clinicians and help detect signs of AD early, as well as broaden our understanding of language 

change in AD in general. 

Limited data availability is one of the most challenging issues in tracking language-based 

cognitive decline in AD, mostly due to data collection being time-consuming and expensive (Luz 

et al., 2021a). I show that collecting secondary, already publicly available data can help tackle 

this issue and capture AD-related changes in speech comprehensively, demonstrating the 

potential of such an approach, and encouraging the collection of more large-scale and 

controlled datasets to allow for more detailed analysis that could help understand the language 

changes in AD better. 

Using secondary data as in the current study can help reduce participant burden, as no new 

recordings are conducted. This is not to say that ethical considerations can be overlooked when 

working with secondary data - researchers are still expected to handle data with care and make 

decisions with the best interest of the participants in mind. In the current study, I have aimed to 
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Figure 7: Change in vocabulary richness features in relation to the year before diagnosis (AD: 

Alzheimer’s disease; HC: healthy control) 

  

protect the participants’ identity by only providing anonymised transcripts, and not include the 

names of the speakers, links to the interviews or audio. The ethical considerations that arise in 

the process of speech- and language-based AD detection using NLP and AI are addressed in 

more detail in Chapter 6. 

I conducted two experiments to evaluate the corpus and investigate its ability to track AD-

related longitudinal changes in vocabulary richness, and found that significant changes in noun 

and adposition frequency, word length and frequency, unique words, Brunet index, and 

repetitions can be captured. 

Noun frequency is expected to decline as AD gets more severe (Jarrold et al., 2014; Bucks et al., 

2000). In line with previous literature, I found a significant difference in noun frequency 

between the earliest and the latest recording in the AD group – a change that does not 
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manifest in the healthy group (Figure 6A-C). Similarly, looking at how noun frequency changes 

over time reveals an expected declining pattern closer to the time of diagnosis (Figure 7A). As 

adpositions in English tend to appear together with nouns, the decrease in adposition 

frequency is also detected as expected (Figure 7F). Supporting these findings, Guinn and 

colleagues (2014) and Ammar and Ayed (2018) conclude that noun frequency and adposition 

frequency are among the most informative features in distinguishing those with AD from 

healthy individuals. My findings suggest that not only can these features contribute to 

distinguishing the speakers already diagnosed with AD from their healthy peers, but that the 

significant longitudinal change captured in the current study could indicate that these changes 

could potentially be captured years before the diagnosis, encouraging more large-scale data 

collection for in-depth analysis into when these changes manifest, and how reliably they can be 

captured. 

Changes in word length have also been identified as one of the most informative 

manifestations of AD (Yeung et al., 2021). For example, Balagopalan and colleagues (2021) 

found that using shorter words can be associated with lower MMSE scores. In line with these 

findings, the current corpus also captures significantly shorter word length in the late 

recordings compared to the early ones in the speakers who will go on to develop AD, but not in 

those who remain healthy (Figure 6D-F). 

Previous literature also highlights the importance of word frequency (Yeung et al., 2021) and 

points out that the people with AD tend to start using more general and frequent words instead 

of specific ones (for example, “animal” instead of “dog”) (Saito & Takeda, 2001; Hodges et al., 

1992). The current study supports these findings: word frequency (measured using either Zipf 

or Subtl libraries) increases significantly closer to the time of diagnosis in the AD group (Figure 

7G-H), and the average values in the early and the late samples also differ significantly (Figure 

6G-I). 

Hapax legomena, words used once and twice, Brunet index, and type:token ratio are all 

dependent on the number of unique words used. The decline in unique words, and the 

importance of these features in AD has been addressed by many (Guinn et al., 2014; 

Hernández-Dominguez et al., 2018; Fang et al., 2017). In the current study, all four features 
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reflect a significant decrease in unique words, and therefore point to a decline in vocabulary 

richness (Figure 7B-E). 

I also looked at how well the corpus captures repetition frequency (measured by the number of 

words between every occasion of a one- or two-word-repetition). These repetitions can reflect 

false starts (Croot et al., 2000) or stutter (Boyé et al., 2014), both of which are common in AD. I 

found that the repetitions get significantly more frequent closer to the diagnosis (Figure 7I). In 

support, Guinn and colleagues (2014) and Ammar and Ayed (2018) propose that repetitions and 

related errors are among the most informative features of AD-related language changes. 

The primary aim of this study was to demonstrate the usefulness of this type of corpus data. I 

emphasise that this study serves as an indication for future research and does not aim to 

generalise based on 2x10 individuals. Similarly, the type of data and the lack of medical 

information allows this study to only be descriptive in nature, and more in-depth medical 

information and expertise would be needed to argue for a causation between AD and the 

language changes.  

Future work could collect more data with regular intervals to allow for more complex analysis 

and precise representation of longitudinal changes, explore the AD-related syntactic changes 

(such as shorter utterance length and lower depths of structure, less frequent use of reported 

speech and interpolated clauses, and unfinished phrases closer to AD diagnosis) and semantic 

complexity (such as lower content density, use of information units, and cohesiveness, more 

frequent topic shifts, revisions, aborted phrases and indefinite words closer to AD diagnosis), 

and replicate the experiments with automatic transcription and anonymisation. 

The main limitations of this study are the small size of the dataset and the lack of medical 

information, such as the year of diagnosis, stage or severity of the disease, or any co-existing 

conditions. The information related to the year of diagnosis was based on media entries, but it 

was not validated by a health professional, and might be untrue - for example, the public 

figures may not have disclosed their diagnosis immediately. Similarly, there is a lack of medical 

information about the control group speakers, and while their public information did not 

include AD-related entries, I did not have access to their validated health records. Unknown 

medical conditions or potential AD in the control group could have had an impact on the 
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language changes. For example, Figure 6 shows one HC group participant whose slope differs 

from the rest of the HC group and is more similar to the AD group participants. It is important 

to consider the potential impact of the lack of medical information when interpreting these 

results. 

Additionally, the speech data was uncontrolled: using secondary data, it was not possible to 

control for the content of the questions, or how scripted the interviews were, contributing 

great variation in the data. Similarly, it was impossible to know if any other factors, such as 

intoxication, were affecting the participant’s speech during the interview. The variability of the 

data should be considered when interpreting the results, especially the linear regression in 

Figure 7. 

All in all, even with some limitations, the constructed corpus demonstrates that changes in 

vocabulary richness can be comprehensively captured using public data. These findings are 

promising and encourage future work in collecting large-scale datasets and developing 

spontaneous-speech-based tools for early AD detection. 

 

3.7. Summary 

In this chapter, I introduced a novel corpus that I collected, consisting of transcripts of public 

figures’ interview recordings, half of whom will eventually receive AD diagnosis. The aim of 

collecting the corpus was to tackle the issues with data availability, and to build a resource that 

would allow tracking longitudinal AD-related changes in language. I discussed the language 

changes that I expect to capture based on previous literature (3.2), and provided details of how 

I collected the corpus (3.3) and processed the data (3.4). I validated the corpus based on what is 

known about language changes in AD in the medical literature focussing on vocabulary 

richness, and showed that this kind of data can be useful in understanding language changes in 

AD, as vocabulary richness indeed declined significantly over time in the speakers with AD as 

expected (3.5, 3.6). 
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4. The generalisability of longitudinal changes in speech before AD 

diagnosis 

4.1. Introduction 

In Chapter 3, I showed that longitudinal interview recordings can capture AD-related changes in 

language known from previous literature. In this chapter, I will focus on the generalisability of 

these language changes and explore whether they manifest similarly across multiple speakers. 

The aim of this chapter is to: 

●  replicate previous findings from Berisha and colleagues (2015) on a larger group of 

individuals, as suggested by the literature review in section 2.2 (Petti et al., 2020); 

● and to address the issue of generalisability and explore the similarities and differences 

in language changes across multiple speakers who eventually develop AD.  

 

Understanding how language use changes in a larger group of individuals would provide a 

better understanding of AD-related linguistic changes and help identify the most reliable 

language features that could capture cognitive decline. This knowledge would contribute to 

developing more robust, low-dimensional, and interpretable non-invasive tools for detecting 

the early signs of AD as well as analysing response to treatment and changes over time. 

As previously discussed, extensive research into the long-term AD-related changes in language 

has been challenging due to the lack of available longitudinal language data. Therefore, 

previous studies have taken alternative approaches, for example, using secondary data from 

book authors (Le et al., 2011) or comparing press conference transcripts (Berisha et al., 2015). 

Comparing the writings of Iris Murdoch, Agatha Christie, and Phyllis Dorothy James, Le and 

colleagues (2011) found that Murdoch showed signs of impoverished vocabulary and syntax in 

her novels associated with her later dementia diagnosis and proposed that based on the change 

in Christie’s writings, she too was likely to suffer from dementia. Berisha and colleagues (2015) 

showed that President Reagan, who was later diagnosed with AD, used less unique words and 

more low imageability verbs than President Bush, and that the number of unique words, fillers 
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and nonspecific words changed significantly over time in President Reagan’s press conferences, 

but not in Bush’s, suggesting that the early signs of dementia were evident in Reagan’s speech 

prior to the diagnosis. Fang and colleagues (2017) found differences in the length of sentences, 

unique, non-specific, and special words, and the ratio of depth to width of the sentences’ 

parsing tree when comparing the news conference transcripts of Reagan and Bush. 

While these studies provide an insight into the individual cases of language changes in 

dementia, they still represent small, specialised samples, and the need to identify the changes 

that are generalisable and representative of many cases remains (Sabat & Harre, 1994; Bucks et 

al., 2000). 

To tackle this issue, in this chapter I will analyse the data from two corpora that consist of the 

transcripts of interviews with public figures, half of whom eventually developed AD. In addition 

to the LoSST-AD corpus introduced in the previous chapter, I will include a corpus constructed 

by Winterlight Labs in this analysis to allow including more participants and validate the results. 

Both corpora consist of the transcripts of public interviews that span over several decades and 

include 10 and 9 AD-healthy participant pairs. 

I aim to understand the extent to which the longitudinal changes in language that manifest 

prior to AD diagnosis are generalisable in a group of individuals with AD, and which linguistic 

features, if any, show consistent patterns across the individuals who later in life receive AD 

diagnosis compared to the matched healthy controls. I first replicate the methods from Berisha 

and colleagues (2015), and then explore several different approaches to improve the 

generalisability of the patterns of language change: using an alternative set of language 

features, age correlations, and compiling single features into aggregate scores. 

This chapter is based on an article published in the Journal of Alzheimer’s Disease (Petti et al., 

2023a). 

 

4.2. Materials and methods 

I used two separate corpora of interview transcripts, featuring public figures who eventually 

develop AD, and their paired controls. I first replicated the methods from Berisha and 

colleagues (2015), and second, proposed alternative approaches for analysing longitudinal 
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speech data. The two corpora were collected independently: the first one is the LoSST-AD 

corpus that I collected as part of this thesis and described in the previous chapter, and the 

second one was collected by Winterlight Labs. As the corpora were collected separately by 

different researchers at different times, the methods used to gather, process, and analyse the 

data varied, further illustrating the need for standardisation in this field, addressed in more 

detail in Chapter 5. I carried out the same experiments on both corpora to maximise the validity 

of the results. The methods used to construct LoSST-AD corpus were described in the previous 

chapter. In the following sections, I will give an overview of the Winterlight Labs Famous People 

corpus, discuss the extracted language features, and explain the procedure used in this study. 

  

4.2.1. Winterlight Labs corpus 

This corpus included 9 individuals and their matched controls (paired based on the same 

criteria as in the LoSST-AD corpus). The individuals were identified through internet search, and 

clips of them speaking (e.g. interviews, public appearances, press conferences) that were found 

on YouTube were used as a data source. This corpus consisted of 405 manually transcribed 

interviews and monologues that were recorded over a period starting from 46 years before the 

diagnosis and up to 13 years after the diagnosis. Two participant pairs were female and seven 

were male. All data was publicly available on YouTube. The two corpora had 5 overlapping AD 

participants, resulting in the use of some of the same speech samples. See an overview of 

participants’ demographic information in both corpora in Table 11, and Figure 8 for an overview 

of the distribution of available recordings over time in the two corpora. 

 

4.2.2. Extracted language features 

Two datasets of language feature values extracted from the transcripts were constructed based 

on the two corpora. The approaches to feature extraction differed in the two datasets. In the 

first dataset, I used the theory-based approach recommended by Berisha and colleagues (2021) 

and extracted 34 linguistic features that had been identified as the most informative by 

previous literature. The motivation behind the feature selection was to investigate whether the  
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  LoSST-AD corpus (Dataset 1) Winterlight Labs corpus (Dataset 2) 

  AD group 

(10 participants, 82 

recordings) 

HC group 

(10 participants, 53 

recordings) 

AD group 

(9 participants, 

217 recordings) 

HC group 

(9 participants, 188 

recordings) 

Average age over 

all recordings 

(years) 

60 (SD: 11, range: 

32-79) 

70 (SD: 16, range: 

30-97) 

65 (SD: 12, range: 

31-97) 

60 (SD: 16, range: 

28-88) 

Average time 

before diagnosis 

(years)  

13 (SD: 11, range: 37 

years before 

diagnosis - 2 year 

after diagnosis) 

- 11 (SD: 12, range: 

46 years before 

diagnosis – 13 years 

after diagnosis) 

  

Sex 5F, 5M 5F, 5M 2F, 7M 2F, 7M 

 

Table 11: Participants’ demographic information in the two corpora (AD: Alzheimer’s disease; 

HC: healthy control; SD: standard deviation; F: female; M: male) 

 

 
 

Figure 8: Distribution of recordings over time in the two corpora (AD: Alzheimer’s disease; HC: 

healthy control) 
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features that have shown the clearest difference between the AD and the control group in prior 

research also produce measurable and generalisable patterns of language change in 

longitudinal speech data. Berisha and colleagues (2021) argues that rather than using a large 

set of automatically extracted features, research should focus on identifying a small set of 

consistently changing features, as this would contribute to lowering the dimensionality of the 

models and boost robustness. 

As some feature values in this dataset were dependent on transcript length (significant Pearson 

correlation between the feature value and the number of tokens), I adopted a method of 

capping the transcripts at an even number of words for extracting only the text-length-sensitive 

features - a method also used by Le and colleagues (2011), and described in the previous 

chapter. I established a separate word limit for each participant pair that would allow keeping 

the longer samples while also maintaining at least 3 samples per participant to allow 

investigating longitudinal change. This resulted in each participant pair having a different length 

of the capped transcripts that were used for calculating the text-length-sensitive features only 

but allowed within-pair comparison as both the HC and the AD participant samples were the 

same length. Details of the lengths of the capped transcripts are given in Table 9. 

See Table 12 for details of the features extracted from the LoSST-AD corpus, including the 

studies that have previously reported these features to be informative, and the information 

about whether the feature was text-length-sensitive and therefore extracted using the capped 

transcripts. 

 

The dataset based on Winterlight Labs corpus included 300 linguistic features extracted from 

the transcripts, including lexical, syntactic, and semantic features, such as the proportions of 

different parts-of-speech (POS) tags, vocabulary richness statistics, syntax tree features, 

coherence features measured using cosine distances, and sentiment scores. The length of the 

speech samples in this corpus was not limited. 
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category variable informative according to sensitive to 
text length 

vocabulary  
richness  
  

Brunet’s index Guinn et al., 2014 YES 

Honoré’s statistic Fraser et al., 2016, Yancheva et al., 
2015, Guinn et al., 2014 

YES 

indefinite nouns Le et al., 2011 NO 

open:closed class ratio Beltrami et al., 2018, Zimmerer et al., 
2016 

NO 

proportion of frequent 
verbs 

Le et al., 2011 NO 

hapax legomena frequency Hernandez-Dominguez et al., 2018 YES 

type:token ratio Guinn et al., 2014 YES 

word frequency Yeung et al., 2021 NO 

word length Yeung et al., 2021 YES 

words used once and twice Hernandez-Dominguez et al., 2018, 
combined with Sichel’s S 

YES 

POS-related  adjective frequency Guinn et al., 2014 YES 

adjective type frequency Le et al., 2011 NO 

adposition frequency Ammar & Ayed, 2018 YES 

adverb frequency Beltrami et al., 2018, Fraser et al., 
2016, Ammar & Ayed, 2018 

YES 

adverb type frequency Le et al., 2011 NO 

auxiliary frequency Hernandez-Dominguez et al., 2018, 
Ammar & Ayed 2018 

YES 

be - get difference Le et al., 2011 YES 

be:auxiliary ratio Le et al., 2011 YES 

conjunction frequency Ammar & Ayed, 2018 NO 

determiner frequency Ammar & Ayed, 2018 YES 

get:auxiliary ratio Le et al., 2011 NO 

noun frequency Guinn et al., 2014, Ammar & Ayed, 
2018 

YES 
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category variable informative according to sensitive to 
text length 

noun type frequency Le et al., 2011 YES 

noun:pronoun ratio Fraser et al., 2016, Khodabakhsh et 
al., 2015 

YES 

pronoun frequency Khodabakhsh et al., 2015, Ammar & 
Ayed, 2018, Yancheva et al., 2015 

YES 

verb frequency Guinn et al., 2014 NO 

verb type frequency Le et al., 2011 YES 

words indicating quantities Sadeghian et al., 2017 NO 

grammatical inflected verbs Fraser et al., 2016; Zimmerer et al., 
2016 

NO 

past Ammar & Ayed, 2018 YES 

reported speech Boye et al., 2014 YES 

errors number of repeated open 
class words in 10 
consecutive open class 
words 

Le et al., 2011 NO 

unigram + bigram 
repetitions 

Guinn et al., 2014, Ammar & Ayad, 
2018 

YES 

  filler frequency Boye et al., 2014, Gosztolya et al., 
2016 

NO 

 

Table 12: Features extracted from the LoSST-AD corpus  
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While I acknowledge that there have been recent developments in detecting AD from acoustic 

speech signals, such as using the extraction of higher order spectra features (Nasrolahzadeh et 

al., 2022), non-linear features (Lopez-de-Ipina et al., 2020), and emotional factors (Lopez-de-

Ipina et al., 2018), there are several reasons why I have focussed only on the linguistic features 

in the current study: 

• The datasets are based on YouTube videos with extensively varying audio 

quality, making the extraction of the acoustic features challenging. 

• Sophisticated acoustic methods can be hard to interpret or relate back to 

clinically observable phenomena, which make clinicians hesitant to use 

them. 

• This work is aiming to replicate the methods from Berisha and colleagues 

(2015) who have used written text and focussed on linguistic features in 

their analysis. 

  

4.2.3. Procedure 

I conducted 5 experiments. The first two experiments replicated the methods from Berisha and 

colleagues (2015) on two larger datasets to understand whether their findings are generalisable 

to a larger group of people who develop AD. The following three experiments proposed 

alternative ways of data analysis by looking at different language features, age instead of 

transcript index, and compiling single language features into aggregate scores. 

  

Experiment 1 

The aim of this experiment was to investigate whether the AD and HC groups show differences 

in the use of the language features reported by Berisha and colleagues (2015), as well as to find 

out how many participant pairs independently show differences between the AD and the HC 

participant. 

I first conducted independent t-tests in both datasets using all the available samples to 

compare the performance of the AD and HC groups in the features similar to unique words, low 

imageability (LI) verbs, fillers, and non-specific words that were used by Berisha and colleagues. 
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In the LoSST-AD corpus, these features were type:token ratio (TTR), frequent verbs, fillers, and 

indefinite nouns and pronouns respectively. In the Winterlight Labs corpus, these features were 

TTR and moving average TTR (MATTR), light verbs, interjections, and pronouns respectively. 

Then, I looked at the differences at the participant pair level.  

I hypothesised that if the language changes reported in the case study (lower number of unique 

words, and higher number of LI verbs, fillers, and nonspecific words in the AD group) are 

generalisable to a larger group of speakers, the group and participant level t-tests should reflect 

that. 

  

Experiment 2 

In the second experiment, I replicated Berisha and colleagues’ approach of analysing the 

Pearson correlation between the transcript index (assigned based on the order in which the 

samples were recorded) and the feature value, using the same language features as in 

Experiment 1 and both group and single participant pair analyses. The aim of this experiment 

was to explore the patterns of change in the language features over time. 

I hypothesised that if the language changes reported in the case study (decline in the number of 

unique words, and rise in the number of LI verbs, fillers, and nonspecific words in the AD group 

over time) are generalisable to a larger group of speakers, the AD group samples should show a 

more significant correlation between the transcript index and language feature value than the 

healthy group samples. 

  

Experiment 3 

In Experiment 3, I used the same methodology as in Experiment 2, but introduced new 

language features that have been identified as informative in previous studies: average word 

length, noun:pronoun ratio, particle frequency, noun frequency, word frequency and 

constituency average depth. The aim was to understand whether using different language 

features improves the generalisability of the patterns of language change.  
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I hypothesised that the AD group speakers should have a significantly lower word length, 

noun:pronoun ratio, and constituency average depth, and higher particle value and word 

frequency, compared to the control group speakers. 

  

Experiment 4 

In Experiment 4, I investigated the Pearson correlations between participants’ age and the 

values of the language features that had been used in the previous experiments. The aim was 

to investigate whether using participants’ age instead of transcript index improves the results 

by accounting for the different time intervals of the recordings. I hypothesised that the 

language changes over time would be more significant in the AD group speakers. 

  

Experiment 5 

In Experiment 5, I introduced an approach of compiling single language features into aggregate 

scores based on the previous literature. The aim of this experiment was to tackle the issue of 

single language features failing to show highly generalisable patterns of language change across 

the participants, and to understand whether there is a benefit to using a sum score of a group 

of features relating to a certain type of impairment instead of single language features. Using 

aggregate scores also improves the interpretability and accessibility of the results as the single 

language features are often technical, specific, and difficult to interpret. 

The following five aggregate scores were computed:  

(1) lexical diversity; 

(2) word finding difficulty; 

(3) discourse; 

(4) syntactic;  

(5) parts-of-speech (POS) scores. 

 

The lexical diversity aggregate score consisted of vocabulary richness indices (Brunet index 

(Brunet, 1978), Honoré statistic (Honore, 1979)), pronoun proportions, type:token ratio (TTR) 

features, hapax legomena, indefinite nouns, total number of words, speech rate, and maximum 
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utterance length. This aggregate was based on Fang et al. (2017), Pistono et al. (2016), Luz et al. 

(2021b), Beltrami et al. (2018), Boye et al. (2014), Baldas et al. (2011), and Dijkstra et al. (2004). 

The word finding difficulty aggregate score consisted of the proportion of function and open 

class words, fillers, repetitions and stutters, pronouns, indefinite nouns, word frequency, filled 

and unfilled pauses, and their ratio to words, and hesitations. This aggregate was based on 

Appell et al. (1982), Hodges et al. (1992), Obler and Albert (1981), Pistono et al. (2016), Guinn 

et al. (2014), Khodabakhsh et al. (2015), Boye et al. (2014), Baldas et al. (2011), Gosztolya et al. 

(2019), Rousseaux et al. (2010), Singh et al. (2001), and Szatloczki et al. (2015). 

The syntactic aggregate score consisted of utterance length and constituency features and was 

based on Beltrami et al. (2018), Boye et al. (2014) and Ullman (2004). 

The discourse aggregate score consisted of local coherence features calculated using cosine 

distances, TTR features, adpositions, pronouns, conjunctions, hapax legomena, indefinite nouns 

and open:closed class ratio. This aggregate was based on Lima et al. (2014), Taler and Phillips 

(2008), Beltrami et al. (2018), and Dijkstra et al. (2004). 

The POS aggregate score consisted of the proportions and ratios of nouns, pronouns, verbs, 

and adjectives, and was based on Appell et al. (1982), Khodabakhsh et al. (2015), Boye et al. 

(2014), and Baldas et al. (2011). 

 

To calculate the aggregate scores, all single features belonging to the aggregate were z-scored, 

the polarity of the features was considered, and the average of the polarised z-scores was used 

as the aggregate score. The syntactic aggregate score was not constructed for Dataset 1 due to 

the nature of the data and the extracted features. 

I compared the AD and HC groups as well as the independent participant pairs in both corpora 

using independent t-tests. Transcript index and age correlations with aggregate scores to 

analyse longitudinal change were conducted only in Dataset 2, as in Dataset 1, some of the 

features in each aggregate were text-length-sensitive and therefore calculated based on 

capped transcripts, resulting in often having only three data points per participant for which the 

aggregate score was available. I hypothesised that the aggregate scores would change more 

significantly over time in the AD group and show a clearer pattern that the single features. 
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4.3. Results 

4.3.1. Experiment 1 

In this experiment I replicated the independent t-tests from Berisha and colleagues (2015), 

focussing on the features relating to unique words, low imageability (LI) verbs, fillers, and 

nonspecific words. I conducted t-tests on group level, comparing all samples from the AD and 

HC groups, and on the participant pair level, comparing the samples of the matched individuals 

in each pair. To follow the methods from Berisha and colleagues (2015), when comparing the 

results on participant pair level, I did not lower the p-value for significance testing although 

multiple pairs were tested. Therefore, the potential occurrence of false positives must be 

acknowledged. Details of results are given in Table 13. 

I found no significant differences between the HC and AD participant groups in either corpus 

when looking at unique words, measured in type:token ratio (TTR) and moving average TTR 

(MATTR) features, or LI verbs, measured in frequent and light verbs. 

When looking at the participant pairs separately, I found that 3 out of 9 AD participants differed 

significantly in the expected direction from the matched HC participants in the moving average 

TTR (MATTR) values in Corpus 2 (MATTR was measured in 10-, 20-, 30,- 40-, and 50-word 

windows but as all MATTR features acted similarly, I only report the findings of the 20-word 

window in Table 13 to avoid repetition). For TTR and LI verb features, 0 or 1 participant pair 

differed in the expected direction in both corpora. 

While the use of fillers and nonspecific words did not differ significantly in Berisha and 

colleagues’ study (2015), both datasets in the current study showed significant differences 

when comparing the AD and HC groups in fillers and pronouns, but not in indefinite nouns. 

However, fillers in Dataset 1 differed in unexpected direction in group comparison and no 

differences were found in participant pair comparison, and only 1 pair differed significantly in 

the expected direction in Dataset 2. 

The use of pronouns was significantly higher in the AD group in both datasets, with 2 and 3 

participant pairs showing expected patterns in Dataset 1 and 2 respectively. 
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Table 13: Independent samples t-test between AD and HC participants (AD: Alzheimer’s disease; 

HC: healthy controls; SD: standard deviation; dataset B: Berisha et al. (2015) results comparison; 

TTR: type:token ratio; MATTR_20: moving average type:token ratio in 20-word window; LI: low 

imageability) 

  

4.3.2. Experiment 2 

In Experiment 2, I replicated the transcript index and feature value correlations from Berisha 

and colleagues (2015) using Pearson correlation. I compared the number of AD and HC 

participants that showed significant correlations. 

While the use of unique words differed significantly in the AD participant in Berisha and 

colleagues’ study (2015), TTR values only differed in the expected direction in 1 or 2 AD 

participants in the current datasets, and in 1 HC participant in both datasets. However, MATTR 

values showed promising results with more than half of the AD participants showing significant 

correlation between the feature value and transcript index in Dataset 2 (as MATTR features act 

similarly, only the 20-word window results presented in Table 14 to avoid repetition). 

In line with Berisha and colleagues’ study (2015), features related to LI verbs did not show 

significant correlation in the expected direction with transcript index in the AD participants. 

While fillers showed significant change with transcript index in the single tested participant pair 
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in Berisha and colleagues (2015), only one AD participant differed in the expected direction in 

the two larger corpora of the current study. 

From the nonspecific word category, pronoun use changed significantly in the expected 

direction in 3/9 participants in Dataset 2. 

See Table 14 for details.  

When interpreting these results, it must be kept in mind that the participant-level correlations 

of the text-length-sensitive features (shown in Table 12) in Dataset 1 can be based on very few 

(minimum 3) observations, and only serve as an indication. I have not included the r value for 

these features in Table 14 as due to the low number of observations, the correlation can be 

exaggerated. 

 

 

 
Table 14: Transcript index correlations between AD and HC participants (AD: Alzheimer’s 

disease; HC: healthy controls; dataset B: Berisha et al. (2015) results comparison; TTR: 

type:token ratio; MATTR_20: moving average type:token ratio in 20-word window; LI: low 

imageability) 
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4.3.3. Experiment 3 

As the features used in Experiment 1 and 2 did not show consistent patterns across all pairs, in 

this experiment I looked at an alternative set of features that have been informative in previous 

studies (average word length, noun:pronoun ratio, particle frequency, noun frequency, word 

frequency and constituency average depth) (Robin et al., 2022) and tested their correlation 

with the transcript index. The results were as promising as those of the previous experiments, 

with the strongest results emerging in the ratio of pronouns to the sum of pronouns and nouns 

in Dataset 2 where 4 out 9 AD participants changed significantly in the expected direction. 3/9 

of the AD participants showed significant correlation in the expected direction between the 

transcript index and the average word length, word frequency and the constituency average 

depth in Dataset 2. See Table 15 for details. 

As the average word length and noun:pronoun ratio in Dataset 1 were text-length-sensitive, 

resulting in very few observations on participant-pair-level due to the capped transcripts, the r 

values of these correlations have not been included in the table, and the number of 

correlations in these two features should be treated with caution. 

 
Table 15: Alternative features correlating with transcript index in AD and HC (AD: Alzheimer’s 

disease; HC: healthy control) 
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4.3.4. Experiment 4 

To account for the fact that the interviews were not recorded with consistent time intervals, in 

this experiment I used participants’ age instead of transcript index to measure Pearson 

correlation with the features from previous experiments. However, no significant 

improvements in generalisability were achieved. See Table 16 for details. 

As the correlations for TTR, fillers, pronouns, average word length, noun:pronoun ratio and 

noun frequency were calculated on very few data points in Dataset 1 due to the text-length-

sensitivity of these features, the r values for these features have not been included in Table 16, 

and the number of correlations for these features in this dataset should be interpreted with 

caution. 

4.3.5. Experiment 5 

To address the issue of generalisability demonstrated by the single features, I compiled 

aggregate scores of lexical diversity, word finding difficulty, discourse building, syntactic 

complexity and POS-related features in this experiment. 

First, I looked at the differences between the AD and HC groups, and the single participant pairs 

using independent t-tests as I did in Experiment 1 with the single features. I found that word 

finding difficulty scores differed significantly between the AD and the HC group in both 

datasets, however, only Dataset 2 showed greater word finding difficulty in the AD group, and 

this tendency did not carry on to the individual participant pair level. A maximum of 2 

participant pairs per dataset showed significant difference in the expected direction across 

aggregate scores (lexical diversity, discourse, and POS aggregates). See Table 17 for details. 

Second, I looked at Pearson correlations between the aggregate scores, and age and transcript 

index in the participant pairs in Dataset 2. Dataset 1 was excluded from this experiment due to 

the limited data availability because of transcript capping.  

I found that lexical diversity scores correlated with age and transcript index in the majority of 

the AD participants. While the number of AD participants that showed a significant correlation 

between the aggregate score with both transcript index and age was higher in all aggregates 
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compared to the number of HC participants, it did not exceed half the group for any other 

aggregate scores, with between 1 and 4 significant correlations. See Table 18 for details. 

 

 

 
Table 16: All features correlating with participants’ age in AD and HC (AD: Alzheimer’s disease; 

HC: healthy control; TTR: type:token ratio; MATTR_20: moving average type:token ratio in 20-

word window) 
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Table 17: Independent t-test between AD and HC participants using aggregate scores (AD: 

Alzheimer’s disease; HC: healthy control; SD: standard deviation; POS: part-of-speech) 

  

 

 

Table 18: Transcript index and age correlations with aggregate scores (AD: Alzheimer’s disease; 

HC: healthy control; POS: part-of-speech) 

  

4.4. Discussion and conclusion 

The current chapter focussed on the generalisability of longitudinal language change in AD.  

I started by replicating the methods from Berisha and colleagues (2015), who compared the 

speech of President Bush (HC) and President Reagan (AD) looking at unique words, low 

imageability (LI) verbs, fillers, and nonspecific words. Instead of using just one participant pair, I 

included two similar corpora of spontaneous speech recordings with public figures, consisting 

of 10 and 9 AD-HC participant pairs. As I could not replicate the results of the previous study or 
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find other generalisable patterns using these methods, I proposed 3 alternative approaches to 

data analysis: 

● using different single features; 

● using age instead of transcript index; 

● and compiling single features into aggregate scores. 

 

While universal patterns of language change representative of many cases were challenging to 

capture, highlighting the relevance of individual variabilities during speech and use of language, 

moving average type:token ratio, pronoun-related features, and lexical diversity aggregate 

score showed the most promising results. 

The flowchart on Figure 9 presents an overview of the methods and results of the study. 

While Berisha and colleagues (2015) found that the use of unique words and LI verbs was 

significantly different between the two participants, I failed to replicate these results in larger 

groups in either corpus. Looking at the number of individual pairs where the AD and the HC 

participant’s performance differed significantly in the expected direction, type:token ratio in 

20-word window (MATTR_20) in Dataset 2 performed best, but still only 3 out of 9 participant 

pairs showed the pattern captured by Berisha and colleagues (2015) and Fang and colleagues 

(2017), suggesting that the results are generalisable to one third of the participants. When 

considering the potential effect of multiple comparisons and the chance of false positives, this 

number could be even smaller. 

While Berisha and colleagues (2015) did not find a significant difference in the use of non-

specific words and fillers when comparing the speech of Bush and Reagan, Fang and colleagues 

(2017) reported a difference in the use of non-specific words. The current study found 

significant group differences in the use of fillers and pronouns in both datasets, but the use of 

fillers differed in an opposite direction in the two datasets. The number of individual pairs with 

significant differences in the expected direction in these features was the highest in the 

pronoun category in Dataset 2, with one third of the participants with AD using significantly 

more pronouns than their matched controls. These findings suggest that although group 

differences between the HC and the AD participants may appear, the differences are often not  
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Figure 9: Flowchart of the overview of the study (AD: Alzheimer’s disease; MATTR: moving 

average type:token ratio) 
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seen on individual participant pair level in more than half of the pairs. These findings support 

the critique by Sabat (1994), who argues that the statistically significant mean differences 

between the groups of individuals with AD and healthy controls should not be looked at as 

representative of the individual participants, as the standard deviations often overlap. Sabat 

(1994) also argues that there is no “typical” AD sufferer and that focussing the average AD 

participant’s performance can overlook the actual abilities of the individual. Therefore, the 

individual variabilities of the way language and speech changes must be acknowledged. 

Next, I replicated the transcript index and language feature correlations from Berisha and 

colleagues’ study (2015) who found that the use of unique words, fillers, and nonspecific words 

changes significantly over time in Reagan’s, but not in Bush’s speech. Looking at the individual 

pairs, I failed to replicate these results in the majority of the pairs. The feature showing the 

most promising results was the moving average of type:token ratio in 20-word window 

(MATTR_20), changing in 5 out of 9 AD participants in Corpus 2. However, this feature also 

changed similarly in 2 healthy participants. Moving average type:token ratio features were 

proposed by Covington and McFall (2010) to overcome the text-length-sensitivity of type:token 

ratio.  

Based on Experiment 1 and 2, the findings of the current study failed to replicate the results of 

the previous study, suggesting that either a) change in speech in AD is heterogeneous; 

or b) different approaches to capture the change are needed. Next, I explored three alternative 

approaches:  

(1) using different language features; 

(2) using age instead of transcript index to analyse longitudinal change; 

(3) and grouping the features into aggregate scores instead of using single features. 

 

Switching to different single language features known as informative from previous studies or 

using age instead of transcript index to track longitudinal change did not improve the 

universality of the patterns of language change compared to the methods used in Experiments 

1 and 2, with less than half of the AD participants showing statistically significant results. The 
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best performing feature in these experiments was the number of pronouns divided by the sum 

of nouns and pronouns in Dataset 2 where 4 out of 9 AD and 2 out of 9 HC participants changed 

in the expected direction. The lack of generalisability in language patterns across participants is 

also addressed in Sabat (1994) who stresses that there is a great variability from one AD 

sufferer to another, resulting from the differences in personal history, pathological process and 

social relationships potentially affecting the individual markers of cognitive abilities. 

Due to the inconsistency of single language features showing generalisable changes in the 

speech of the AD participants, I compiled the single features into aggregate scores based on the 

literature on known language dysfunctions in AD and their manifestations in speech. I focussed 

on lexical diversity, word finding difficulty, discourse building, syntactic complexity, and POS-

related aggregates. I found that only word finding difficulty showed significant differences 

between the AD and the HC group in both datasets, and even then, the direction of the change 

was inconsistent. The correlations between the transcript index or age and the aggregate 

scores were more promising, with all aggregates changing in the expected and consistent 

direction in a larger number of the AD than the HC participants. Lexical diversity aggregate 

score showed the best results, with two thirds of the AD participants declining significantly over 

time. 

One of the limitations of this study is the uncontrolled nature of the speech data. While the 

included samples consisted of free, naturalistic speech, offering a more realistic reflection of 

the participants’ condition, speech content and the potential scriptedness of interviews or 

speeches could not be controlled for as the samples were pre-recorded. One way to control the 

speech content in the future is using tasks like picture description or conducting structured 

interviews. However, this approach would compromise the naturalistic nature of the speech 

data, and its resemblance to an everyday conversational situation. Structured speech tasks are 

also known to cause more stress for the participants with dementia. Similarly, as the data was 

collected from YouTube videos, it was not possible to include the participants’ medical history 

and clinical characteristics, or control for potential confounders. The recordings were also 

conducted in different time intervals, contributing to the data sparsity issue illustrated on 

Figure 8. The time period covered in the current study was also notably longer than in the 
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original study, potentially decreasing the comparability of the results. However, the longer 

timespan can also be seen as an improvement of the dataset as it covers a longer time period 

and allows investigating long-term changes in speech. The recordings also varied in audio 

quality due to the differences in set-up and available technology at the time as some of the 

samples were recorded decades ago which is one of the reasons I have not included the 

acoustic features in the analysis and focussed only on the transcript-based linguistic features 

like the study I was replicating, despite the recent developments and promising classification 

accuracy in studies using acoustic speech signal analysis (Lopez-de-Ipina et al., 2018; 

Nasrolahzaden et al., 2022; Lopez-de-Ipina et al., 2020). While the acoustic features have been 

promising, they are often more difficult to understand and raise the question of interpretability 

in a clinical setting. Another limitation was the sample size - although I included more 

participants than the original study, the datasets were still relatively small, with 10 and 9 AD-HC 

participant pairs in the two corpora. The length of the transcripts used in the current and the 

original study also differed - while Berisha and colleagues (2015) used 1400-word transcripts, 

the transcript lengths in the current study varied, and were mostly shorter due to data 

availability. Although the data in both corpora were challenging and at times noisy, the findings 

across the two corpora demonstrate consistency, contributing to the reliability of the results. 

In the future, a controlled longitudinal dataset with consistent time intervals, length and audio 

quality could be collected. Larger and higher-quality datasets could contribute to detecting 

more universal patterns of language change in the people who eventually develop AD, which 

would aid developing a non-invasive, cheap, and accessible language-based screening tool. 

As the current chapter found little generalisability in the patterns of language change in the 

individuals with AD, different analysis methods for longitudinal change could also be developed. 

The current chapter suggests that the significant group differences in the language features are 

often not evident on individual participant pair level, resulting in the majority of AD participants 

not replicating the difference suggested by group comparisons. Future studies should take this 

into account when interpreting the results based on mean values, as the mean may not be 

representative of the individual cases. Similarly, focussing on participant level analysis to 

understand language change in AD in more detail, and finding more generalisable language 
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features or feature groupings could be considered. In the current study, some aggregate scores 

showed promising results, and future studies could focus on developing comprehensive 

measures for monitoring change in lexical diversity and word finding difficulty in spontaneous 

speech. Compiling the features into group scores could also be improved by more detailed 

analysis into the importance of the individual single features in the sum score calculation, for 

example, by placing more weight on the moving average type:token ratio in 20-word window 

(MATTR_20) which showed the most promising results in the current study when calculating 

the lexical diversity aggregate score. It would also be relevant to analyse how the longitudinal 

nature of the data affects the computation of aggregate scores and feature weights, for 

example, how long before the diagnosis does the importance of a single feature become 

apparent. 

In sum, this chapter contributes to understanding the long-term change in language use in the 

individuals who later in life develop AD by using longitudinal spontaneous speech datasets 

where speech data spans over several decades, and investigates whether the longitudinal 

linguistic change previously identified in a single participant is generalisable to 10 and 9 

participant pairs in the two corpora, or whether any other generalisable patterns can be 

detected. I highlight the issues of generalisability of language change by comparing the 

individual trajectories of the participants and show that language decline in AD is not 

homogeneous. I propose that different methods to detect more universal patterns should be 

developed, and demonstrate the potential of using aggregate scores, especially lexical diversity. 

I also show that, out of the single language features used, the most universal patterns of 

language decline are captured by moving average type:token ratio (MATTR) and pronoun-

related features. As little generalisability was found, this study encourages acknowledging that 

the manifestations of cognitive decline in language can vary from one individual to another. As 

the classification tasks are already quite accurate, understanding the longitudinal change and 

the uniqueness of each individual’s language change is a crucial research direction as it 

contributes to developing tools for detecting the earliest signs of cognitive decline, disease 

prediction and tracking, taking the individual differences into account. 
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While the change in language in AD seems to be heterogeneous across participants, the current 

study found that the most informative single features were MATTR and pronoun-related 

features. Aggregate scores captured change over time better than the single features, with 

lexical diversity scores showing the most promising results. 

 

4.5. Summary 

In this chapter, I tackled the issues of replicability and generalisability. First, I replicated a 

previous case study on a larger group of individuals, using the corpus that I created (described 

in Chapter 3) and an additional corpus. As I found little generalisability of the results reported in 

the case study, I proposed several alternative methods for data analysis. I concluded that while 

aggregate scores tend to produce more generalisable results compared to the single language 

features, there seems to be a lot of individual variability in the way humans speak changes over 

time, both in AD and non-AD aging. When interpreting these results, it must be remembered 

that these findings are based on two small and specific corpora (2x10 and 2x9 famous people), 

and therefore provide a starting into the research on generalisability of longitudinal language 

changes, rather than aim to offer any conclusive statements. 

  



 

   80 
 

5. How much speech data is needed for language-based AD 

detection? A comparison of random length, 5-minute and 1-

minute spontaneous speech samples 

5.1. Introduction 

In addition to the lack of longitudinal data (addressed in Chapter 3) and generalisability 

(addressed in Chapter 4), there is also a lack of standardisation in data collection and analysis 

methods in the studies looking at AD-related language changes. For example, the methods of 

speech data collection, such as optimal sample length, have not been standardised (Voleti et 

al., 2019; Sajjadi et al., 2012), limiting the comparability across studies and the transferability of 

research methods, as well as their translation to clinical practice. Previous studies have often 

used random sample length which can lead to bias in feature values due to their text-length-

sensitive, especially as people with AD tend to speak less (Lopez-de-Ipina et al., 2018; Ash et al., 

2006; Knibb et al., 2009; Graham et al., 2004). The analysis in Chapter 3 and Chapter 4 also 

showed that many language features extracted from the transcripts tend to be dependent on 

text length.  

The aim of this chapter is to: 

● explore how much speech data is needed for informative analysis of speech in AD; 

● and how the length of the speech sample impacts the robustness of the features.  

Having a better understanding of the optimal sample length as well as the relationship between 

the language feature value and the length of transcript it was extracted from would contribute 

to the standardisation of the methods, boosting the replicability of the studies, as well as lead 

to more reliable analysis and robust models.   

Different strategies have previously been proposed to cope with text-length-sensitivity, for 

example, extracting language features as ratios (Beltrami et al., 2018; Bucks et al., 2000; 

Gosztolya et al., 2019; Guinn et al., 2014), however, ratio features can be unreliable as the 

proportion of specific language features does not change linearly with text length (Duran et al., 

2004; Le et al., 2011). Another strategy is capping the samples at a maximum length (Duran et 

al., 2004), however, the minimum amount of speech data needed to spot AD-related changes 
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remains debated (Sajjadi et al., 2012). Previous studies have proposed that 150-word interviews 

can reflect language impairment in dementia realistically (Sajjadi et al., 2012), used 1-minute- 

(Chien et al., 2018), 4-minute- (Romero & Kurz, 1996), or 1400-word-samples (Berisha et al., 

2015), capped the transcripts only when analysing text-length-sensitive features (Le et al., 

2011), or removed the acoustic features that correlate with duration (Haider et al., 2019). All in 

all, there is no standard method for dealing with text-length-sensitivity, and very different 

sample lengths have been used in previous research. 

Due to limited availability of longitudinal datasets, previous work on standardising the duration 

of the samples has not, to the best of my knowledge, considered the ability of different length 

speech samples to capture language change over time. While longitudinal changes in speech 

have received little attention compared to classification studies (Lopez-de-Ipina et al., 2018; Luz 

et al., 2021b) as the datasets are expensive and time-consuming to collect (Yancheva et al., 

2015; Meltzer, 2020; Robin et al., 2021), previous literature suggests that changes in language 

use, such as vocabulary richness (Fox et al., 1998; Simon et al., 2018; Berisha et al., 2015), 

syntax (Le et al., 2011; Fang et al., 2017), and pausation patterns affected by word retrieval 

difficulties (Pistono et al., 2016; Meilan et al., 2012) begin before the clinical diagnosis and 

worsen over time. 

This chapter aims to provide an insight into the effect of sample length in analysing longitudinal 

recordings of spontaneous speech in AD by comparing the original random length, 5- and 1-

minute-long samples. The length of the samples is determined based on common sample or 

transcript lengths in previous studies or language tests. I hope to understand whether capping 

the audio improves the accuracy of the analysis, and whether an extra 4 minutes conveys 

necessary information. Using shorter samples would promote data collection and analysis by 

requiring less effort from vulnerable subjects and minimising computation time, but the 

samples must be long enough to be informative. This study aims to provide a starting point to 

exploring the trade-off between more data and practicality in the context of speech-based AD 

assessment, which future studies could investigate further using, for example, a larger variety 

of sample lengths.  

This chapter is based on a journal article published in Digital Biomarkers (Petti et al., 2023b). 
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5.2. Materials and methods 

5.2.1. Materials 

The data used in this study is based on a subset of the Winterlight Labs corpus described in 

Chapter 4. This dataset consists of transcripts of public interviews with famous individuals, 

some of whom eventually develop AD. The original dataset consisted of 405 recordings from 9 

AD - healthy control (HC) participant pairs of public figures. As the design of the current study 

required the length of the samples to be at least 5 minutes long, all shorter samples were 

excluded from the original dataset, resulting in a subset of 110 speech samples from 17 

individuals. See Table 19 for details of the individual participants and the recordings included in 

the final dataset. As the clinical information of the public figures was not accessible, the time of 

diagnosis was based on Wikipedia and media entries. 

 

 
Table 19: Individual participant and recording information in the final dataset (AD: Alzheimer’s 

disease; HC: healthy control; F: female; M: male) 

  

Three different length datasets were constructed from the same voice samples by cutting the 

transcripts and audio: original random length, 5-minute, and 1-minute dataset. All included 

speech samples in the original random length dataset were at least 5-minutes long after 
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diarisation, but their length was not capped, ranging from 5 to 21 minutes (mean=9.75), and 

479 to 6665 words (mean=1893). 

To create the 5-minute dataset, a cut-off point was applied at the 300-second mark of these 

samples. The number of words across the 110 samples in the 5-minute dataset ranged from 

479 to 1339 (mean=908). 

To avoid re-transcription and potential between-transcriber differences, the 1-minute cut-off 

point was established at the nearest utterance boundary of the 60-second mark, resulting in +/-

5-second variation in sample length. The transcript length in the 1-minute dataset ranged from 

102 to 278 words (mean=179). 

This process resulted in three different length datasets consisting of the same speech samples, 

so that the first minute was the same in all datasets, and the first 5 minutes was the same in 

the 5-minute and original random length dataset. 

456 identical linguistic and acoustic features were automatically extracted from each dataset. 

The linguistic features were related to coherence (such as cosine similarity between 

utterances), syntactic structures (such as t-units - the shortest grammatical sentences into 

which text can be split), lexical features (such as age of acquisition (AoA) or level of arousal), 

and vocabulary richness (such as type:token ratio (TTR) – the number of different words divided 

by the number of total words; moving average type:token ratio (MATTR) (Covington & McFall, 

2010) – TTR in different moving window sizes of consecutive words; Brunet index (Brunet, 

1978) - based on text length and vocabulary size (Bucks et al., 2000); Honoré statistic (Honore, 

1979) - based on hapax legomena and an assumption that growth in their use is constant to the 

logarithm of text size (Tweedie & Baayen, 1998)). 

Acoustic features included speech tempo- and pause-related features, Mel-frequency cepstral 

coefficient (MFCC) measures and zero-crossing rate (ZCR) statistics. Acoustic features were 

extracted using Praat and Parselmouth software (Boersma & Weenink; Jadoul et al., 2018).  

The data collection, transcription, the cutting of audio and feature extraction for this dataset 

was conducted by Winterlight Labs employees. 
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While this dataset cannot replace clinical studies, it has several advantages: 

● collecting longitudinal data from pre-recorded interviews in the public domain provides 

an insight into language change in AD without expert labelling and extensive privacy 

concerns, unlike clinical data (Voleti et al., 2019), and allows to explore how speech 

duration affects the robustness of the extracted features; 

● while cognitive tasks conducted in laboratory setting can have methodological 

advantages, spontaneous speech is considered to provide a more realistic reflection of 

cognitive abilities and promotes longitudinal data collection due to natural setting (de la 

Fuente Garcia et al., 2020); 

● using multiple speech samples recorded over several decades from a number of 

participants allows to explore longitudinal change instead of the difference at a single 

time point, contributing to finding the earliest markers and monitoring disease progress; 

● using over 450 language features contributes to detailed analysis of the changes in 

speech patterns in a wide range of language areas, and automated feature calculation 

improves the objectivity of the analysis (Voleti et al., 2019). 

  

5.2.2. Procedure 

I conducted 3 experiments to explore the text-length-sensitivity and the robustness of the 

language features, and to understand how much speech data is needed for comprehensive 

analysis of language changes in AD over time. 

Experiment 1  

The aim of this experiment was to explore the text-length-sensitivity of the language features in 

three different datasets by measuring the Spearman correlations between the language feature 

values and the number of words. This was done separately in each dataset (n=3), between each 

feature (n=456) and text length, resulting in 3x456 correlations using 110 data points. 

Bonferroni correction was applied to account for multiple comparisons, resulting in a significant 

p-value of p=0.0001. For informative analysis of speech in AD, I would expect the feature values 

not to be extensively affected by transcript length. 
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Experiment 2 

The aim of this experiment was to investigate the comparability of the feature values across the 

different length datasets using Kruskal-Wallis test to identify the number of features that 

differed in the three datasets, and Dunn test for post-hoc analysis to identify the datasets 

where these differences occurred. Spearman correlation was used to analyse whether the 

values of the features that differed in the two datasets correlated with each other. I 

hypothesised that if the datasets of different lengths capture the same information, the feature 

values across the datasets should be comparable or strongly correlated. 

Experiment 3  

The aim of this experiment was to analyse how well the datasets of different length capture 

language change over time. To do this, I investigated the relationship between participant age, 

dataset length, and language features. I first explored the number of significant Spearman 

correlations between participant’s age and the language feature values in each dataset, 

comparing the AD and HC groups. I expected an informative dataset to capture the largest 

number of significant correlations with age in the AD group as a representation of a more rapid 

decline in language due to progressing cognitive difficulties, and the correlations between age 

and language feature values in the HC group to be less significant. Second, I used a linear mixed 

effect model (LMER) to better understand whether the age impact on the language features 

differs depending on dataset length in the AD group. 

  

5.3. Results 

5.3.1. Experiment 1 

I found 120 text-length-sensitive features in the original random length, 30 in the 5-minute, and 

22 in the 1-minute dataset. 104 text-length-sensitive features in the original random length 

dataset were acoustic MFCC features, compared to 0 and 1 in the other two datasets. Figure 10 

shows the details of the text-length-sensitivity of the features, with the MFCC features removed 

due to strong correlations with each other. See Table 20 for examples of feature categories and 

their text-length-sensitivity. 
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Figure 10: The number of features correlating with text length in each dataset, with Mel-

frequency cepstral coefficient (MFCC) features excluded 

 

 
Table 20: Examples of language features according to their category and text-length-sensitivity 
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5.3.2. Experiment 2 

226 language features showed significant differences across datasets in Kruskal-Wallis test (118 

acoustic, 55 syntactic, 18 vocabulary richness and POS proportions, 15 coherence, 11 graph, 

and 9 fluency features). Table 21 shows a breakdown of post-hoc analysis exploring the 

difference between dataset pairs using Dunn test, as well as the number of features correlating 

significantly between the datasets using Spearman correlation, and the number of features that 

remained incomparable (significantly different and not correlated). 

 

 

Table 21: Dataset comparability – number of features that show significant differences in the 

Kruskal Wallis tests, Dunn test, and Spearman correlation across different length datasets 

 

5.3.3. Experiment 3 

The 5-minute dataset captured a significant correlation with age in six language features in the 

AD group: AoA of words, AoA of nouns, average word duration, articulation rate, speech rate 

and total words uttered. The original random length dataset captured 3 features that 

correlated significantly with age in the AD group: non-words and incomprehensible words, AoA 
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of words, and AoA of nouns. The 1-minute dataset did not capture significant change in any 

features in the AD group. No feature correlated significantly with age in any dataset in the HC 

group. 

LMER showed that the effect of age in the AD group significantly differed in 6 language features 

depending on whether the dataset was 1-minute-long or of random length: the number of 

complex nominals, the length of t-units, verb familiarity, function words, average shortest path 

in a graph, and sentiment arousal. The 5-minute dataset did not differ significantly. 

 

As an illustration, Figures 11 and 12 show examples of average group and individual language 

feature values at different timepoints in different datasets. The feature choices are based on 

the results of Experiments 1-3; the one individual AD participant was chosen based on most 

available samples. 

5.4. Discussion and conclusion 

This study examined the role of audio duration in capturing the changes in language in AD. 

Understanding the role of sample length contributes to standardising the methods of language-

based cognitive decline analysis, making them more transferrable and increasing the 

comparability in future studies, as well as the efficiency of clinical applications. 

I compared 1-minute, 5-minute and original random length spontaneous speech samples 

recorded over several decades, focussing on text-length-sensitivity of the language features, 

the comparability of the information captured by different length datasets, and language 

change with time.  

As expected, capping the audio eliminated the text-length-sensitivity of the acoustic features, 

supporting the standardisation of sample length in acoustic analysis. The impact on linguistic 

features was less clear, as a similar, relatively small number of features correlated with sample 

length in all three datasets (see Figure 10). While most of these correlations were 

straightforward, vocabulary richness has been discussed more in previous literature (Voleti et 

al., 2019; Tweedie & Baayen, 1998; Duran et al., 2004). Many studies suggest that as a function  
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Figure 11: Average group values of function words, arousal, word duration, and the number of 

words at different time points across 3 datasets and AD and HC participant groups (AD: 

Alzheimer’s disease - red; HC: healthy control - black) 
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Figure 12: Individual participant’s feature values of type:token ratio, moving average type:token 

ratio, average length of t-units, and Brunet index at different time points across 3 datasets (1-

minute dataset – orange, 5-minute dataset – purple, original random length dataset – light 

blue) 

 

of the total tokens, TTR is likely to be affected by sample length (Voleti et al., 2019; Bucks et al., 

2000; Guinn et al., 2014; Duran et al., 2004), and MATTR has been proposed as an alternative, 

less text-length-dependent metric (Covington & McFall, 2010). The results of Experiment 1 

(Figure 10) and the illustration on Figure 12 support these claims. The first row of Figure 12 

compares the TTR and MATTR features values of the same speaker in different sample lengths 

over time, demonstrating more stable values across sample lengths in MATTR values.  
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While numerous sources suggest that Brunet index is independent of sample length (Calza et 

al., 2021; Voleti et al., 2019; Guinn et al., 2014; Hernandez-Dominguez et al., 2018), the results 

of Experiment 1 showed significant correlations with text length in all 3 datasets, in line with 

the illustration on Figure 12 where Brunet index values extracted from identical samples that 

only differ in length are notably different. Both Brunet index and TTR values suggest poorer 

vocabulary in longer datasets, explainable by the number of unique words not increasing 

linearly with the number of tokens (Voleti et al., 2019; Le et al., 2011; Covington & McFall, 

2010). As vocabulary richness is often used in studies concerned with speech in AD, it is 

important to keep the potential effect of sample length in mind and apply appropriate 

preventative measures, such as using MATTR instead of TTR, controlling for (the correlation 

with) sample length (Tweedie & Baayen 1998; Duran et al., 2004), and reporting the length of 

the samples to increase comparability across studies. 

In line with previous studies arguing that there are no major differences between the first and 

the second 150 words of an interview (Saffran et al., 1989), or the first 150 and 600 words 

(Sajjadi et al., 2012), I found that the information captured by 1-minute and 5-minute dataset 

was mostly comparable (see Table 21). A few acoustic and linguistic features suggested 

differences in the content captured: some complex syntactic structures may not have appeared 

in the shorter 1-minute samples (Saffran et al., 1989), and some coherence metrics suggest that 

5-minute samples understandably convey more diverse content. As expected, the random 

length samples differed the most from the other two datasets. 

Earlier literature suggests that changes in vocabulary richness and verbal memory (Le et al., 

2011; Romero & Kurz, 1996; Fox et al., 1998; Simon et al., 2018), syntax complexity (Fang et al., 

2017; Le et al., 2011), and fluency (Pistono et al., 2016; Meilan et al., 2012) manifest before AD 

diagnosis and continue declining as the condition worsens. In the current study, the 5-minute 

dataset suggested significant age correlation in six language features related to vocabulary 

complexity (AoA) and speech fluency (speech rate, word duration, total words) in the AD group. 

It has been proposed that familiarity-based memory is likely to be preserved in early stages of 

AD (Simon et al., 2018), potentially explaining the changes in AoA features. Similarly, word 
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retrieval difficulties have been linked to pause proportion in speech, affecting speech rate, 

word duration, and the number of words (Pistono et al., 2016) - the percentage of voiceless 

segments has been proposed to be one of the most informative features of the decline in 

language ability in AD with a potential to provide a low-cost solution to early AD detection 

(Meilan et al., 2012). 

The impact of age on six language features related to vocabulary complexity and familiarity, 

and syntax differed significantly between the 1-minute and original random length dataset, 

suggests that dataset length plays an important role in capturing language change in AD. While 

the 1-minute dataset seems to capture changes in some language features in AD most clearly 

(see, for example, function words on Figure 11, clearly showing an increase in proportion in the 

first minute of speech as AD gets more severe, however this difference seems to flatten in 

longer samples) and could therefore have a potential to differentiate between the AD and HC 

participants from early on, the feature values tend to be more randomly distributed and further 

from the predicted values than the same feature values in the 5-minute samples, potentially 

indicating that the first minute is too short to provide reliable and stable results. The downside 

of the random length samples seems to be the appearance of the odd outliers, potentially due 

to some drastically longer or shorter samples. The age impact of the 5-minute dataset did not 

differ significantly from the other two datasets, potentially suggesting that 5 minutes is long 

enough to capture the content comparable to the longer random length samples while, 

potentially due to standardised length, also remaining comparable to the 1-minute samples. 

Based on these findings, the 5-minute dataset seems to provide most stable feature values and 

capture the expected decline in language most consistently. However, when interpreting the 

results, it must be remembered that this study is based on a small sample and the findings are 

descriptive in nature and could only act as an indication suggesting directions for further 

research. Dataset size and heterogeneity have been identified as the main limitation of the 

studies exploring speech in AD (Luz et al., 2021b), contributing to potential overfitting. To avoid 

overfitting, it is also important to consider the number of necessary features extracted from the 

limited amount of data (see Berisha et al., 2021 for more detailed discussion). 
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Other limitations include the lack of clinical and confounder information, potential scriptedness 

of the recordings, uncontrolled content, intervals, and settings which limit the comparability of 

the samples. Further research using larger sample size, real participants, standardised recording 

conditions and intervals, and reliable clinical information is needed to make stronger 

conclusions. It must also be acknowledged that while the current study uses 5-minute or longer 

speech samples, it can be challenging to find or collect such data in naturally occurring 

environments. Additionally, free speech and interviews might place different cognitive demand 

on the participants, and different tasks and lengths of speech can capture different changes. 

Therefore, the research design decisions on the type and length of the data should be made 

based on the research question. 

Future studies could investigate whether the amount of speech data needed to capture change 

in language reduces as the participant’s condition worsens, for example, whether less data 

could be used for more severe cases due to the impairment being more easily detectable. This 

would help reduce testing-related stress of the participants with more severe dementia and 

encourage participation. Another direction could be exploring the trade-off between the 

number and the length of the samples and analyse whether it is best to collect more shorter 

samples or fewer longer samples. 

To sum, the current study demonstrates that the length of the recordings plays an important 

role in analysing speech changes in AD. The findings suggest that capped audio files have 

advantages over the random length ones, and while the 1-minute and 5-minute dataset convey 

largely comparable information, the stability of the feature values and the ability to track 

language change over time in AD advocate for using 5-minute samples. 

5.5. Summary 

In this chapter, I investigated the optimal length of a speech sample that is needed to analyse 

AD-related language changes. The aim was to contribute to the standardisation of data 

collection methods.  
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I compared the 1-minute, 5-minute, and random length samples of the same recordings, 

focussing on the text-length sensitivity of the extracted features, the comparability of the 

information that the samples capture, and their capacity to provide information about 

longitudinal changes. 

I found that capping samples at an even length produced more stable feature values, and while 

the information captured by 1- and 5-minute recordings was largely comparable, 5-minute 

samples were more stable and more informative of longitudinal changes. 
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6. Ethical considerations in the early detection of Alzheimer's 

disease using speech and AI  

6.1. Introduction  

Research on using AI in the early speech-based detection of AD has made significant progress in 

recent years due to the increased availability of speech and language data, and the 

development of technology, methods, and tools that allow for the efficient collection, storage, 

and processing of vast amounts of data. Numerous studies have shown that changes in 

language can act as a promising biomarker of cognitive decline, and that being able to detect 

those changes can contribute to early diagnosis and monitoring disease progress from an early 

stage. Language-based tools have a potential to provide a non-invasive, accessible, fast, and 

cheap tool for early AD detection. While there is no approved treatment for AD, early detection 

is desirable for several reasons: 

● early interventions could slow disease progress; 

● preventative lifestyle changes could be introduced; 

● access to services that could help with adjusting to the condition and lessen the 

economic and emotional burden of the patients and families could be acquired; 

● patients could be empowered to make decisions about the future as self-

determining agents. 

(Calza et al., 2015; Schicktanz et al., 2014; Brock, 1993; Porteri et al., 2017; Ursin et al., 2021) 

 

As a benefit for the broader community, population-based cognitive screening studies help 

generate evidence-based information that would aid the healthcare system and policy makers 

(Calza et al., 2015). Screening for cognitive decline can also help identify individuals with non-

neurological disorders that might be responsive to treatment, providing obvious benefits to the 

participant (Mattsson et al., 2010). As AD treatment and medication to slow cognitive decline 

becomes available, the need for better tools to identify AD-related changes early and at scale 

increases. 
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ML-based NLP has matured to a point where it can offer effective support for clinical practice 

(Velupillai et al., 2018; Wu et al., 2020; Hasan & Farri, 2019). NLP techniques are used to 

represent text computationally by converting written text into interpretable data (Wu et al., 

2020; Harrison & Sidey-Gibbons, 2021), commonly including features related to lexicon (parts-

of-speech tagging), syntax (dependency trees), and semantics (word embeddings, sentiment 

analysis, dictionary features). Current NLP techniques are based on ML, reducing the burden of 

manual feature engineering common in the traditional approaches, and increasing the 

efficiency of the analysis and the accuracy of the results (Wu et al., 2020). Common NLP tasks in 

the clinical domain include Text Classification, Named Entity Recognition (NER), and Relation 

Extraction, which can be applied on texts such as health records, social media posts, drug 

reviews, and speech transcripts (Wu et al., 2020).  

While there are numerous benefits to using NLP in the clinical domain, and studies have shown 

that early signs of AD could be detected from speech using these techniques, several ethical 

considerations arise and must be addressed before this technology can be developed and 

applied in a real-world setting (Calza et al., 2015; Wu et al., 2020). However, the specific ethical 

considerations that arise when using NLP techniques for early AD detection have not yet 

received sufficient attention.  

In this chapter, I aim to address this gap. I map out the most challenging issues and provide 

suggestions that could be incorporated into ethical guidelines and best practices for 

researchers and clinicians working in this area.  

I group the ethical concerns into five broad categories. Part 1 of the chapter focusses on 

autonomy, discussing the issues related to informed consent in AD, depersonalisation, and the 

disclosure of research outcomes. Part 2 focusses on privacy and data protection, exploring the 

issues that arise when working with personal speech data. Part 3 focusses on welfare, 

identifying the harms related to distress, discrimination and stigmatisation, and research 

reliability. Part 4 focusses on transparency, discussing the interpretability of language features 

and diagnostic decisions and highlighting the importance of intelligibility to clinicians and 

developers. Part 5 focusses on fairness, asking who will benefit from such research and 

addressing issues such as bias and the inclusion of minority populations.  
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This chapter is based on an article published in Proceedings of the 2023 ACM Conference on 

Fairness, Accountability, and Transparency (Petti et al., 2023c). 

 

6.2. Autonomy  

The principle of autonomy has been central to bioethics for many decades (O’Neill, 2002). 

While the precise meaning of “autonomy” is contested, it generally refers to respect for a 

person’s right to self-govern, that is, to make decisions based on their own judgement and 

values, free from external coercion or manipulation (Christman, 2003). In AD, the issues of 

autonomy can arise in day-to-day affairs, legal representation, consenting to treatment and 

participating in research (Gauthier et al., 2013). In this section, I will discuss: 

● informed consent in AD; 

● risk of depersonalisation in language-based testing; 

● concerns with disclosing the research outcome. 

 

6.2.1. Informed consent in AD  

Informed consent is essential for any research involving human subjects. According to the 

Declaration of Helsinki, consent needs to be ‘voluntary, competent, informed and 

comprehensive’. Concerns with consent can arise in AD where these capacities are 

compromised, potentially affecting the research participant’s ability to protect themselves, and 

putting them in a vulnerable position (Rogers & Lange, 2013; Nickel, 2006).  

The consent-related ethical considerations depend on the stage of the disease. Schicktanz and 

colleagues (2014) discuss the issues of consent in pre-symptomatic, early, and advanced stages. 

For the pre-symptomatic stage, they stress that the participants must be made aware of the 

difference between biomarker research and clinical trials to help them better evaluate the 

potential benefits they get from participating in the study. They suggest carefully considering 

the questions of disclosure, data storing and sharing to minimise the psychological distress, 

issues with personal relationships, discrimination, and stigmatisation.  

For the early stages of the disease, Schicktanz and colleagues (2014) point out that the subjects’ 

decision-making capacity might be compromised and understanding the risks and benefits of 
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the research as well as the impact on one’s own life might be limited. This is largely due to the 

compromised ability to process complex verbal information and impaired semantic knowledge 

(Gauthier et al., 2013), which is why the consent form for the early stages of AD should use 

simple language, repetitions, and extra explanations when necessary, as well as visual aids to 

demonstrate the risks and benefits (Schicktanz et al., 2014). It is also recommended to consider 

the cultural differences when evaluating one’s ability to consent to participating in research 

(Schicktanz et al., 2014).   

In the advanced stages of the disease, the individuals’ “ability to comprehend and encode 

information will be significantly impaired due to increasing deficits in semantic knowledge, 

verbal learning and recall, receptive aphasia and attentional deficits” (Gauthier et al., 2013). 

This stage requires higher safeguarding to protect the participants’ best interests and integrity, 

and the ethical issues of proxy decision-making must be considered (Schicktanz et al., 2014). 

However, it is also important to acknowledge that AD diagnosis and incompetency are not 

synonyms (Marson, 2001). Many AD volunteers remain capable of consenting, and those who 

can consent should be recruited before those who cannot (Illes et al., 2007).  

When preparing a study and a consent form, the severity of AD as well as the individual’s 

competence to make decisions (Marson, 2001) must be considered, and the consent should be 

re-evaluated as the disease progresses (Schicktanz et al., 2014). For longitudinal studies, 

considering “gradual informed consent transfer” which allows transferring the consent-giving 

capacity from the participant to the accompanying others is recommended (Schicktanz et al., 

2014). Considering the issues of consent in longitudinal studies is especially important in 

biomarker research, as the classification models differentiating between those who already 

have AD diagnosis and the healthy population is already quite accurate (Petti et al., 2020), and 

the current research focus is mainly on the earliest signs and prevention (Meltzer, 2020) which 

usually uses longitudinal data to analyse cognitive decline over time. It has been suggested that 

the population-based longitudinal studies looking at cognitive decline would contribute to the 

development of the most appropriate screening tools (Calza et al., 2015).  
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In any stage of the disease, the participants need to be made aware of the benefits and risks of 

the research prior to taking part in the study (Illes et al., 2007), understand what is being 

consented to, and how their data will be used.  

Additional ethical questions regarding consent arise when using secondary speech and 

language data that is available in the public domain. Due to the lack of available longitudinal 

speech datasets in AD, many studies have used public speech and language samples from 

famous individuals, such as writings (Le et al., 2011), press conferences (Berisha et al., 2015), 

and public interviews (Petti et al., 2023a). While this data is accessible to anyone, and the 

individuals have been aware of their speech or writing being made public, they have not been 

aware that their language data will be used for research looking at the early signs of AD. This 

poses a risk of the subjects’ recordings being used for purposes they did not consent to and 

may consider inappropriate research (Meyer, 2018). Many of these participants are deceased, 

and their families can be challenging to reach, making obtaining the consent to use their 

language data for researching cognitive decline challenging. The research on secondary data 

must be conducted carefully, with the ethical considerations and the best interests of the 

individuals in mind, and guidelines with best practices should be developed.   

 

6.2.2. Language tests and depersonalisation  

Analysing changes in speech in AD is often done using different cognitive and language tests. 

However, going through language testing can be stressful and highlight the subject’s deficits, 

leading to depersonalisation and humiliation, and compromising the person’s autonomy.   

Communication is often linked to personhood, and nonstandard communication can put an 

individual at risk of being treated as a nonperson, experiencing damaged self-esteem and 

discouragement (Sabat & Harre 1994; Kitwood, 1990). It is often assumed that the absence of 

communication means that the internal mental processes have stopped (Foley, 1992). While 

some of the earlier literature suggested that the actions of the individuals with AD are not 

guided by meaning, others argue that these individuals retain their sense of self and act from 

reasons relevant to account for their behaviour (Sabat & Harre, 1994). However, their conduct 

may be dependent on their own local rules or meanings that the interlocutors may struggle to 
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engage with (Sabat & Harre, 1994). Using insensitive psychometric tests highlight the 

communicative deficits and can create an image of a wandering, inappropriate, labile, and 

confused person, contributing to not seeing the disease as a separate entity from the person 

(Sabat & Harre, 1994; Lipowski, 1969). In addition to being disrespectful in its own right, this 

form of depersonalisation threatens autonomy by construing persons with AD as incapable of 

meaningful decision-making. This can reinforce paternalistic attitudes and behaviour towards 

persons with AD, whereby decisions are made for them, without their involvement. 

Furthermore, by undermining the person’s confidence in their own decision-making abilities, it 

can make them more likely to accept such paternalistic treatment.   

To avoid depersonalisation, researchers have suggested treating individuals with AD as semiotic 

subjects, presuming their actions to be guided by meaningful reasons and looking at any 

communication deficits as similar to unfamiliar conventions from another culture (Sabat & 

Harre, 1994), as well as focussing research on the aspects of communication that are preserved 

in addition to the ones that are lost (Lipowski, 1969).  

 

6.2.3. Disclosure of research outcomes  

Disclosure of the signs of AD has been an ongoing debate for decades. Some of the arguments 

against disclosure include diagnostic uncertainty, the absence of treatment, the inability of 

individuals in the later stages of AD to understand the diagnosis, and the potential 

psychological reaction, while the arguments for disclosure are largely based on patient 

autonomy (Ursin et al., 2021; Gauthier et al., 2013).   

Gauthier and colleagues (2013) state that the most pressing issue now is disclosing the results 

of biomarker research in asymptomatic persons, and while researchers are not currently 

obligated to share the biomarker results due to the uncertainty of their clinical utility, the 

current consensus is increasingly leaning towards informing the participants of their diagnosis. 

Similarly, Kaduszkiewicz and colleagues (2008) report an evident change in attitudes towards 

disclosure among clinicals. The information sheet and consent form should clearly state the 

procedures of informing the participants of the research outcomes, and their right to know and 

not to know must be respected (Schicktanz et al., 2014; Porteri et al., 2017). 
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Introducing AI-aided AD detection has raised additional questions about model accuracy and 

predictive power which also affect the communication on research outcomes (Ursin et al., 

2021). Consistently with the literature on using AI for detecting the risk of psychiatric conditions 

(McKernan & Clayton, 2018), it is important to inform the participant prior to participating in 

the research that the model can be wrong, acknowledge the accuracy of the models and clearly 

communicate related concerns. This information can affect participants’ decision on whether or 

not they choose to know the research outcome. For example, the participants might make a 

different choice depending on whether the model is 60% or 95% accurate.   

 

6.3. Privacy and data protection  

Natural everyday speech can capture relevant information about cognitive decline in AD with 

the aid of ML-based NLP. NLP requires sufficient amount of data, and the collection of speech 

and language data has become increasingly feasible with the development and availability of 

smart devices, high-quality microphones, voice-based interaction systems, digital texts, and the 

growth in data storage capacities (Robin et al., 2021; Yamada et al., 2021; Cychosz et al., 2020; 

Le Franc et al., 2018; Mehl, 2017), contributing to the development of language-based tools. 

The practices of collecting language data can include remote recordings in everyday 

environments, speech recordings in clinical setting, or gathering secondary data from available 

sources, such as public writings, transcripts, or recordings. However, the development of 

technology for collecting and analysing language data to detect signs of AD poses significant 

concerns regarding privacy and data protection. While many of these concerns overlap with 

other research domains involving speech and language data, working with the speakers with 

cognitive decline raises additional risks related to both revealing private speech content, and 

identifying the individuals via speech when cognitive function is being assessed and sensitive 

health-related information involved. I will discuss the issues arising in working with personal 

language data and medical information, and the potential strategies to tackle these issues in 

the following sections.   
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6.3.1. Privacy concerns  

Natural speech can carry personal and identifiable information. When collecting such data 

remotely in an everyday situation, the researcher has little control over whose speech is being 

recorded and what is being said (Kumar et al., 2015). Longform recordings are particularly risky, 

especially from the speakers with potential cognitive decline, as they introduce a greater 

possibility of the participant exposing information that they would not have willingly shared 

(Cychosz et al., 2020). The importance of privacy concerns can be illustrated by the finding that 

only 8% of the questioned participants would consider wearing a continuously recording 

microphone (Klasnja et al., 2009).  

Privacy and data protection issues in collecting and sharing spontaneous speech data 

contribute to the lack of publicly available longitudinal datasets focussing on cognitive decline 

in AD. To overcome this, researchers have constructed alternative datasets using publicly 

available secondary speech and language data (such as public interviews, press conferences, 

books, comments) from individuals who will eventually develop AD. While this data is publicly 

available, constructing a coherent dataset using this information poses additional concerns, as 

it can highlight the aspects that the subject did not think about, and make this information 

permanent (Meyer, 2018). This is especially relevant when the research focuses on sensitive 

health information, such as cognitive decline or AD. For example, while the people writing 

public comments, publishing books, giving press conferences or TV interviews are aware of the 

recording taking place, and can reasonably expect these performances to be observed and 

made public, they may not be expecting their language data to be used for investigating and 

potentially making public early signs of AD and their language decline.   

Additionally, storing and sharing voice data can pose a risk of identification, especially when the 

speaker is known to the listener. Therefore, sharing voice data with a new group of researchers 

increases the possibilities of the participants being recognised (Cychosz et al., 2020). The extent 

of harm caused by potential identification and link to sensitive health data is difficult to 

estimate and must be acknowledged.  

 

 



 

   103 
 

6.3.2. Approaches to protect participant privacy  

Due to the digital nature of the data, the issues of privacy are much harder to regulate than in 

the analogue world (Müller, 2020). There is a need to promote discussion between science and 

law across the different legal systems and diverse populations, and the scientific community 

must promote high standards of research, especially in countries with low levels of informed 

consent and data protection (Schicktanz et al., 2014). 

Several strategies to tackle the issues of privacy when working with language data have been 

proposed. For example, to ensure that the researcher does not have access to the speech 

content that the participant does not wish to share, the participant could be given control over 

the recording device, allowing them to choose the time they are being recorded, pause and 

remove the recorder at any point, or delete the parts of the recording they do not want to be 

listened to (Cychosz et al., 2020). A potential limitation of this approach is that the participants 

may forget to turn the recording device back on (Cychosz et al., 2020).  

Additionally, to protect the content of the recordings from being disclosed, automatic feature 

extraction and the reduction of speech intelligibility could be applied. Automatic feature 

extraction uses algorithms to extract and store the features of speech instead of raw audio, 

contributing to retaining participants’ privacy (Wyatt et al., 2007; Lane et al., 2012). It could be 

applied on stored audio data after which the audio could be deleted, or in real time on the 

recording device, which would allow never storing the raw audio at all (Cychosz et al., 2020). A 

potential limitation of this approach is that the feature extraction would rely on the current 

knowledge about AD, and if the original recording is not stored, new emerging knowledge 

cannot be applied, and new features cannot be extracted. Automatic feature extraction tools 

are still quite limited, and future work should focus on manually annotating the data to train 

NLP and ML algorithms for automatic feature extraction (Cychosz et al., 2020). 

Reducing speech intelligibility could protect the privacy of everyone in microphone reach 

(Wyatt et al., 2007). Some techniques to do so include: 

● using Principal Component Analysis (PCA) of audio spectrogram as it allows to detect 

non-speech sounds (such as pauses, hums, coughs, breaths, laughter), while preventing 

intelligible speech reconstruction (Kumar et al., 2015; Larson et al., 2011); 
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● using linear prediction for replacing the vowels in speech (Chen et al., 2008); 

● focussing on voiced and unvoiced segments, pitch, energy and speech rate instead of 

formant information (Wyatt et al., 2007); 

● recording bone-constructed acoustic energy fluctuations from vocal apparatus using an 

accelerometer instead of raw speech (Garrard et al., 2017) (the authors claim that this 

methodology enables capturing repetitions in the speech of the individuals with AD in 

their home environment without invading their privacy). 

 

It is also important to note that the MFCC features, which are often used in analysing speech in 

AD, are considered poor from a privacy perspective as they reveal private speech information 

such as content, identity, and prosody (Kumar et al., 2015; Larson et al., 2011). When applying 

the strategies of making the intelligible speech non-reconstructable, it must be kept in mind 

that audio modifications limit the available analysis, and that mobile devices have limited 

capacity for advanced audio processing (Cychosz et al., 2020). 

Another way to reduce the amount of content accessible to the listener is subsampling, that is, 

using shorter subsamples of speech while retaining high-fidelity audio (Mehl, 2017; Mehl & 

Pennebaker, 2003). Shorter samples cause less risk to participant privacy and therefore do not 

require as strong ethics training by the staff accessing the data (Cychosz et al., 2020). However, 

there are also several limitations: 

● shorter samples may still include sensitive information; 

● less context may lead to misinterpretation; 

● not all relevant information may be captured (Cychosz et al., 2020). 

 

To overcome these issues, future studies could combine the algorithms that first detect the 

events of interest, and second record in short windows (Cychosz et al., 2020). 

To protect the identity of the participants, anonymisation or pseudonymisation should be 

applied, even when using publicly available secondary data (Meyer, 2018; Müller, 2020). 

Anonymising the content of speech by eliminating the names or places mentioned reduces the 

risk of identification of the speaker. However, even if the data has been anonymised, many 
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argue that participants should still be given a choice to be excluded from the dataset 

(Mohammad, 2022).  

While the transcripts can be anonymised, “the anonymity of the voice recordings cannot be 

completely guaranteed” (Cychosz et al., 2020). It is encouraged to use encryption for storing 

audio data as it allows hiding speech while retaining the information about prosody and 

conversation (Klasnja et al., 2009; Müller, 2020). Being able to apply audio encryption on 

mobile devices has been dependent on state of technology - while earlier studies state that the 

encryption techniques are not suitable for mobile phones due to limited power (Kumar et al., 

2015, Klasnja et al., 2009), more recent studies have shown fast development in applying audio 

encryption on mobile devices (Farsana et al., 2023; Eltengy 2021).  

Researchers should consider the level of data sharing and vetting, and the type of data being 

shared with the best interests of the participants in mind, depending on the obtained consent 

from the speakers, the risk of harm, and the ethical training of those accessing the recordings 

(Meyer, 2018; Cychosz et al., 2020). The different levels of data sharing include public, research 

purposes, and individual permissions, and the different types of data could include quantified 

metrics, transcripts, audio, or video recordings (either in long form or in snippets) (Meyer, 

2018; Cychosz et al., 2020). The considerations of the level and type of data sharing must be 

addressed and made clear to the participant before obtaining the consent (Meyer, 2018), 

including the information about who will have access to the data, and examples on how exactly 

the data will be used (Low et al., 2020). It is generally advised not to promise to not share the 

data, but carefully consider how and with whom the data will be shared (Meyer, 2018). It must 

be kept in mind that “even when data is shared consensually, understanding what consent 

actually implies” can be challenging (Low et al., 2020). This applies especially strongly in 

conditions like AD. While it is generally agreed that the participants do have the right to control 

access to their information (Cychosz et al., 2020; Müller, 2020), several suggestions have been 

made to address the question of data sharing on consent forms. For example, Meyer (2018) 

proposes that the participants could be given a choice how much of their data will be shared 

but argue that they should not be given an option that would eliminate the chance of 

reproducing the analysis, while Low and colleagues (2020) propose that the participants could 
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have an option to deactivate their consent. It is generally not advised to promise to destroy the 

data, and the short- and long-term storage options and the use of data repositories should be 

considered (Meyer, 2018; Cychosz et al., 2020). However, Kumar and colleagues (2015) suggest 

not storing complete audio recorded in a real-world setting to protect the privacy of those 

involved. While complete real-world audio recordings could come close to capturing natural 

spontaneous speech which is often desired from a researcher perspective, they are also most 

likely to reveal personal speech content of both the participant, as well as of other speakers in 

microphone reach. To minimise this risk, applying privacy protecting storage and analysis 

approaches described above is advised. 

 

6.3.3. Benefits of data sharing  

While there are risks involved in data sharing that need to be considered, having more available 

data would contribute to reproducibility of the research as well as developing higher quality 

tools for AD detection. Here, the benefits and risks to the individual and the scientific 

community need to be considered. While sharing the data publicly is generally preferred from a 

research perspective, researchers need to keep their promises to the participants, possibly only 

make the data available upon request (Meyer, 2018), and ensure the participants retain the 

right to protect their identifiable information (Cychosz et al., 2020). At the same time, they 

should not assume that all participants oppose data sharing. Although many participants may 

prioritise the protection of their privacy, others may be motivated to participate if they know 

that data will be widely shared and contribute to more research (Meyer, 2018). From a 

researcher’s perspective, data sharing can also have several advantages, such as feeling part of 

the community who are dealing with similar questions or contributing to the advances of the 

research and development of new tools and innovations by allowing others to reanalyse the 

data, enrich the analysis, and increase accuracy and efficiency (Cychosz et al., 2020). However, 

as data collection can be time consuming and expensive, researchers also often disagree on 

sharing the data or combining datasets (Meyer, 2018).   
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6.4. Welfare  

In addition to the questions of autonomy and privacy, several concerns related to participant 

welfare arise when using ML-based NLP and speech technology for detecting the early signs of 

AD. In this section, I will discuss three possible sources of welfare harms: psychological distress, 

discrimination and stigmatisation, and incorrect diagnoses.   

 

6.4.1. Distress  

Participating in cognitive testing and learning the research outcome can cause distress not only 

in the research subjects, but also in other people involved in the process, such as families, 

clinicians, and researchers.   

 

Cognitive testing  

Going through language testing can be challenging to the individuals with AD due to limited 

cognitive abilities and difficulties in speech production (Chien et al., 2019; Lopez-de-Ipina et al., 

2018). While the researcher might see testing or recording simply as gathering information of 

someone’s cognitive state, the individuals with AD have reported that being put in a position 

that highlights their deficit is humiliating, and they often find the tests pointless (Mattsson et 

al., 2010; Sabat & Harre, 1994). Indeed, when listening to the recordings of verbal fluency tasks 

(for example, in Pitt Corpus (Becker et al., 1994)), frustration and confusion can be spotted 

when the participants struggle to remember a correct word. Such frustration and anger 

resulting from being asked to do something that one cannot do but could have done in a 

healthier stage can cause severe emotional reactions, which can contribute to processing-

related difficulties and impact test performance (Sabat & Harre, 1994).  

Lessening the burden of the participants is crucial to encourage them to undergo testing, and 

care must be taken to avoid causing distress. Potential approaches to reducing participants’ 

stress include collecting language data through spontaneous speech samples recorded in a 

friendly and relaxed conversational environment instead of formal testing, giving the 

participants a right to choose when to start and stop the recording, and respecting the 
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participant’s wish to stop the process at any point (Cychosz et al., 2020; Chien et al., 2019; 

Lopez-de-Ipina et al., 2018).  

 

Learning the research outcome  

It is also important to acknowledge that being informed about the signs of progressive 

neurological condition that does not have a cure is distressing and can lead to the development 

of negative self-image or even suicide (Schicktanz et al., 2014; Ursin et al., 2021; Mattsson et 

al., 2010; Gauthier et al., 2013). The reactions to receiving early diagnosis can be affected by 

the availability of treatment. If treatment is available, detecting the earliest signs of the disease 

could lead to more effective treatment outcome, and therefore the reaction to the diagnosis 

may not be as negative (Mattsson et al., 2010). However, even without available treatment, the 

subjects may value the information on early signs of AD, as this allows them to make informed 

decisions about their future and find the tools to cope with progressing cognitive decline 

(Porteri et al., 2017; Ursin et al., 2021; Mattsson et al., 2010). It is also important to recognise 

that testing negative for early signs of AD can be upsetting for participants who were expecting 

to find an explanation for the memory problems they were experiencing (Smith & Beattie, 

2001). It must also be remembered that there is always a risk of false positives and false 

negatives (Mattsson et al., 2010; Illes et al., 2007), contributing to the concerns and potential 

distress related to disclosure of the early diagnosis (Ursin et al., 2021).   

To reduce disclosure-related distress of the participants, it is important to develop highly 

accurate models to minimise the chance of false positives and false negatives, and to be clear 

about the process of delivering the research outcome as well as the procedures that follow and 

the support that is available in case signs of AD are detected. This information would help the 

participants make informed decisions about participating in the research or using the language-

based tools in the first place and choosing whether or not they wish to know the outcome. 

Porteri and colleagues (2010) recommend conducting a personal ethical evaluation and 

including the subject in the process before deciding on disclosing the early diagnosis, and 

Schicktanz and colleagues (2014) and Mattsson and colleagues (2010) stress the importance of 
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considering the cultural context when delivering the research outcomes and evaluating the 

participants’ ability to handle prognostic information.   

 

Distress in others involved  

In addition to the research subjects, research into the early markers of AD can also cause 

distress in their families, clinicians, and researchers. While families may be relieved to know the 

cause of the problems they have been witnessing (Smith & Beattie, 2001), this knowledge can 

also increase worrying about the relative, as well as their own health due to genetic risk factors 

which can cause tensions in family relations (Cammen et al., 2004; Schicktanz et al., 2014). 

Clinicians can feel conflicted due to the uncertainty of the results, especially in early biomarker 

research, and the uncomfortable process of disclosing the research outcome and deciding on 

how much information to disclose (Mattson et al., 2010; Smith & Beattie, 2001). Researchers 

working with potentially emotionally triggering speech data witnessing cognitive decline can 

also experience distress, and they should have the right to stop the work when needed 

(Cychosz et al., 2020). If the content is highly emotional, the annotators should be informed 

prior to the process and the amount of content per one annotator should ideally be limited 

(Mohammad, 2022).   

 

6.4.2. Discrimination, stigmatisation, and the role of technology  

One of the major risks involved in the research into early signs of AD from speech is the 

potential stigmatisation and discrimination, even in the pre-symptomatic stages of the disease 

(Calza et al., 2015; Ursin et al., 2021; Gauthier et al., 2013; Meyer, 2018; Cychosz et al., 2020). 

Stigmatisation can be experienced in personal and professional environments, largely due to 

the myths and misconceptions about AD (Alzheimer’s Association, 2008) which can portray the 

people with AD as non-persons (Gauthier et al., 2013). While effort has been put into reducing 

anxiety about having AD and dementia, Foley (1992) argues that these efforts might have a 

negative impact and contribute to stigmatisation of the condition even more, making the lives 

of the person with dementia and their families less tolerable, and sabotage the potential to 

attract social resources. To reduce stigmatisation, Schicktanz and colleagues (2014) recommend 
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avoiding “framing dementia only as a threat to the social and healthcare system”. More studies 

into the actual experience of pre-symptomatic AD experience could encourage discussion, raise 

public awareness, and potentially reduce stigmatisation.  

Discrimination of those with early or pre-symptomatic AD can manifest in issues with legal 

status, job opportunities, access to health insurance, driving, or access to healthcare such as 

organ transplantation (Schicktanz et al., 2014; Ursin et al., 2021; Illes et al., 2007). Developing 

technologies that predict health conditions can contribute to these issues (Cychosz et al., 2020). 

For example, Low and colleagues (2020) discuss the issues in detecting early signs of psychiatric 

disorders and argue that even when the models have not been clinically validated, researchers 

developing these technologies need to be aware of the risk of the insurance companies and 

employers turning down the applicants if there is a possibility that a psychiatric disorder is 

present or will develop. The same is applicable to neurodegenerative diseases such as AD. 

Similarly, Illes and colleagues (2007) discuss the ethical implications of detecting the early 

markers of AD from imaging, and state that this research introduces a possibility for the health 

insurance companies to ask the individuals to take a test or provide the results of one prior to 

agreeing on insurance. This is also a risk in speech-based early biomarker detection, where the 

test is even easier to conduct than in imaging, especially for technologies capable of analysing 

everyday speech. On the other hand, when developed responsibly and used in a clinical setting, 

this technology could have a huge positive impact. There is an imminent need to develop 

regulations to avoid commercialisation of this technology and ensure ethical behaviour of third 

parties, such as insurance companies and employers.  

The risk of unethical and dual use is an important aspect of developing new technologies, 

making it extremely important to consider the ethical implications of the research (Low et al., 

2020). Dual use was originally used to refer to technologies that had both civilian and military 

uses. However, it has now acquired a broader meaning, referring to technology that can be 

used in ways that were not intended by the researchers that first developed it, especially in 

cases where a technology that was developed for a benefit purpose can also be used 

unethically.  
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While a proportion of the research is focussed on developing tablet-based tools that could be 

used for initial at-home AD screening, several questions on how and by whom the tools would 

be used arise. Having an app that anyone with a mobile phone could use to detect signs of AD 

from speech would introduce the opportunity to test anyone within the microphone range. This 

would mean that anyone could access the private clinical information and gain insight into 

other people’s private mental lives (Low et al., 2020), which could contribute to stigmatisation 

and discrimination, and potentially pose a risk of presenting the recorded person with 

information about their health that they did not wish to know. To avoid this, the developed 

applications should not be in free use, and only used by clinicians on the participants who have 

initiated the visit or have concerns about their health, and already consent to the process (Ursin 

et al., 2021).  

In addition to legislation, researchers must apply the highest professional standards to protect 

the privacy and confidentiality of the participants and consider the ethical implications and 

potential consequences of developing new technology (Schicktanz et al., 2014; Veliz, 2019; 

Karlawish, 2011).  

 

6.4.3. Reliability of research outcomes  

Inadequate data and model design can lead to unreliable outcomes and cause harm to the 

participants. In this section, I will discuss the adequacy of the information captured by language 

tests, and the reliability of the model outcome and reported results in language-based AD 

detection.  

 

Adequacy of language data 

While language and psychological tests can be useful in identifying some AD-related changes, 

these tests often show low sensitivity and struggle with capturing the challenges that the AD 

sufferers face in everyday conversations (Calza et al., 2021; Boye et al., 2014). Additionally, the 

repetitiveness of the tasks can result in habituation, creating an inaccurate image of cognitive 

abilities and compromising screening accuracy (Ujiro et al., 2018). Tests that encourage 

reporting mean scores can contribute to the understanding that every participant in the 
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condition group behaves as an average. Psychological tests can also have integrated biases, 

such as the lack of validation for different education levels, and the difference in quality and 

quantity of published research (Calza et al., 2015). Furthermore, cultural background can affect 

cognitive processes and language use, and therefore introduce the risk of misinterpreting 

communicative performance. For example, the likelihood of confusing people in the same 

relationship-category (Fiske, 1993), and the ability to recall objects depending on the 

background (Masuda & Nisbett, 2001) can vary depending on one’s cultural background. As 

both confusion and object recall are often used to detect signs of AD, it is important to keep the 

potential effect of cultural background in mind when recruiting participants and analysing their 

language use. Good examples of adapting the tests and analysis methods to a certain culture 

can be found in the research on Thai. For example, Munthuli and colleagues (2021) use the 

Thammasat-NECTEC-Chula’s Thai Language and Cognition Assessment (TLCA) where many parts 

of the tests are made more appropriate for Thai culture, and report promising results in 

classifying between healthy Thais, and those with MCI and AD. In addition, picture description 

tasks that are relatable to Thai culture were used by Sangchocanonta and colleagues (2021) 

who also used a POS tagger that aligns with the recommendations for Thai word types to 

analyse the data, and report good performance in classifying between healthy controls, MCI 

and AD. Metarugcheep and colleagues (2022) adapt verbal fluency tests and the extracted 

features so that they are suitable for analysing cognitive decline based on Thai language. 

To overcome the limitations of traditional language tests, different methods, such as collecting 

spontaneous speech data instead of formal testing, have been proposed. Collecting 

spontaneous speech data causes less stress for the participants (Chien et al., 2019; Lopez-de-

Ipina et al., 2018), allows for a more naturalistic setting and a more realistic reflection of the 

impairment than structure tasks (Sabat & Harre, 1994; Gosztolya et al., 2016), can easily be 

conducted in everyday situations using mobile devices requiring minimal instructions and 

equipment (Robin et al., 2021), and allows assessing patients who may not tolerate formal 

testing (Blanken et al., 1987). In addition, the developments in NLP and AI contribute to 

automated analysis of speech, making data analysis more feasible and scalable (Robin et al., 

2021; Yamada et al., 2021; Chien et al., 2019; Luz et al., 2021a). 
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While spontaneous speech samples have many advantages, some limitations relating to the 

adequacy also need to be considered. For example, it is difficult to control whether the speech 

is semantically correct - the speech can be coherent, but potentially describe events that are 

untrue, or include confusing the names of family members which is challenging for the outside 

investigator to detect. Overcoming this issue would require someone who knows the subject to 

go over the transcripts and evaluate the truthfulness of the statements. However, this raises 

additional ethical concerns, such as privacy.   

Similarly, it is important to note that while the studies looking at spontaneous speech often 

include some analysis of emotion, AD affects people’s emotional lives. Current automatic 

emotion recognition systems cannot handle these variabilities and should therefore not be 

used, or the limitations of emotion analysis should be clearly communicated (Mohammad, 

2022). Additional potential biases related to language and speech data include the multivariate 

nature of the data (Cychosz et al., 2020) and the variations in audio quality (Balagopalan et al., 

2021).  

Despite these limitations, spontaneous speech tasks have performed well in the past: 95% 

classification accuracy in discriminating between the healthy individuals and those with AD has 

been achieved, outperforming the more structured tasks (Lopez-de-Ipina et al., 2018). The 

authors argue that the main reasons behind the strong performance of the model trained on 

spontaneous speech are the relaxed atmosphere and more open language, which allows for the 

manifestation of subtle cognitive changes (Lopez-de-Ipina et al., 2018).  

 

Adequacy of the models 

The adequacy of a given model has different sides to it. First, there is a question of how well the 

model performs in general, and whether the results can be trusted. Second, there is a question 

of whether the model performance varies between groups within the population (e.g., between 

majority and minority groups). In this section, I will discuss issues related to general model 

performance, such as sample size, overfitting, and the use of suitable metrics. I will discuss 

issues of bias and disproportionate harm to disadvantaged groups in the next section on 

Fairness (6.6).  
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While speech-based AD classification models have achieved high test-accuracy, the reliability of 

these models in a real-world setting must be considered. Unreliable models can lead to biased 

outcomes and contribute to making decisions that are harmful to the research subject based on 

false positives and false negatives. False negative diagnosis may lead to exclusion from clinical 

trials or treatment as well as false reassurance, while false positive diagnosis can result in over-

diagnosis, over-treatment, and inappropriate inclusion in clinical trials (Ursin et al., 2021).  

There can be many possible issues contributing to the potential (un)reliability of these models. 

One common problem is sample size and overfitting. Although large sample size is crucial in ML, 

the models achieving high classification accuracy in discriminating between the people with and 

without AD based on language data are often trained on a small, specialised sample due to the 

lack of available data (Petti et al., 2020; Voleti et al., 2019; de la Fuente Garcia et al., 2020). 

Based on two systematic literature reviews in this area, including a meta-analysis of dozens of 

studies, Berisha and colleagues (2021) demonstrates that models trained on smaller datasets 

consistently achieve higher test accuracy (Figure 4) but tend to fail in the wild. This lack of 

generalisability can lead to catastrophic outcomes in a clinical setting (Berisha et al., 2021). 

The lack of large available datasets contributes to the issue of overfitting. Having more available 

speech data could lead to better health outcomes, benefit the individuals and communities 

(Cychosz et al., 2020), and help avoid re-using language data that has previously been collected 

for a different purpose (Voleti et al., 2019) which may result in the ML models exaggerating the 

historical bias (Müller, 2020). To increase the amount of available language data and push the 

state-of-the-art forward, collaborations between researchers from speech neuroscience, 

neuropsychology and language technology are encouraged (Voleti et al., 2019). As alternative 

approaches, data synthesis and adjusting patient consent models with regards to data sharing 

have been proposed (Velupillai et al., 2018).  

Publication bias also contributes to overfitting. Due to positive and clear results being more 

likely to be published (Munafo et al., 2017), the studies that achieve higher accuracies are 

preferred, potentially encouraging the researchers to overlook the issues of sample size. 

Moreover, researchers themselves often tend to only report studies that “work” (Simonsohn et 

al., 2014) and assume that the findings based on a small proportion and diversity of the 
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population are generalisable to a wider group (Henrich et al., 2010). Cognitive bias (the 

tendency to interpret information as something they already believe to be true (Müller, 2020)) 

must also be considered here. Some approaches to reduce cognitive bias include blinding the 

researcher by masking the experimental conditions and key parts so that their relation to the 

hypothesis is not interpretable and conducting integrative training (Munafo et al., 2017). 

However, Müller (2020) also raises a question of whether AI systems could or should have the 

cognitive biases that are characteristic to humans.  

Several methods, such as using cross-validation and held-out sets have been recommended to 

avoid overfitting. However only 10% of the studies reviewed in de la Fuente Garcia and 

colleagues’ (2020) paper reported holdout sets, and only one study validated their model on an 

entirely different dataset. The evaluation metrics must be carefully considered, especially when 

using small, unbalanced datasets. While accuracy is not a robust metric and should not be used 

for imbalanced datasets, 35% of the studies only report accuracy in de la Fuente Garcia and 

colleagues (2020) review. Instead of accuracy, metrics such as F1 (suggested by de la Fuente 

Garcia et al., 2020), UAR (Unforeseen Attack Robustness), and ROC (receiver operating 

characteristic) (suggested by Gebru et al., 2021) are recommended. When introducing new 

evaluation metrics for using longitudinal speech data for diagnostic purposes, Velupillai and 

colleagues (2018) recommend considering time sensitivity, personalisation of the models, and 

model interpretability.  

The lack of standardisation of the data, model characteristics and evaluation metrics result in 

limited comparability of the models across studies, hindering the contextualisation of results 

(Petti et al., 2020; Balagopalan et al., 2021; Voleti et al., 2019; de la Fuente Garcia et al., 2020). 

To illustrate this issue, only 61% of the studies contextualised their results by directly and 

quantitatively comparing the findings to previous work or provided a baseline against which the 

results can be compared in de la Fuente Garcia and colleagues (2020). Standardising the data 

collection and analysis for cognitive assessment would contribute to more comparable data 

being available for different types of tasks, increasing the comparability of the findings of 

different studies (Voleti et al., 2019). This would increase the reliability of research outcomes 

and reduce the risk of making harmful decisions based on false positives and false negatives.  
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6.5. Transparency  

In AD detection from speech using AI and NLP, ML algorithms are used to draw inferences 

about the subject’s health. It is essential that clinical decision-making is transparent and 

interpretable (Ursin et al., 2021; Voleti et al., 2019; Tu et al., 2017). While classification models 

have achieved high accuracy in differentiating between people with and without AD, these 

models can be difficult to interpret as it can remain unclear which aspects of language 

contribute to the classification due to the unintelligibility of the language features and the 

multivariate nature of the data (Robin et al., 2021). There are two sides to interpretability: 

interpretability for the developers of NLP and AI, and interpretability for users, such as 

clinicians. The former helps us develop better AI as we can understand the predictions and 

address errors; the latter is important for users: doctors who are using AI to support diagnosis 

need to understand why the model made a prediction before deciding whether to trust it, as 

well as to explain treatment recommendations to patients for the purpose of informed consent 

and shared decision-making (Ursin et al., 2021; Tjoa & Guan, 2020; Keeling & Nyrup, 2022). 

The topic of explainable AI is an active area of research (Tjoa & Guan, 2020). Several techniques 

have been developed to boost the interpretability of AI systems, including verbal, visual, and 

mathematical approaches (Tjoa & Guan, 2020). Researchers working on explainability must 

consider who the explanations are meant for, how easy they are to comprehend, and to what 

extent do the people trust the explanations (Mohammad, 2022; Keeling & Nyrup, 2022). 

In detecting signs of AD from speech, the issues with interpretability can arise on two levels: 

understanding the extracting language features, and the processes underlying automatic 

decision-making. These two issues are connected - understanding the extracted language 

features would contribute to understanding why a certain decision about a participant's health 

has been made by the AI system.  

As more speech data becomes available and more data-driven AI systems are used in speech 

analysis for clinical purposes, it is expected that the domain-expert features would be replaced 

by the features that perform better when applied to a specific task or condition diagnosis, 

compromising the interpretability of the features (Voleti et al., 2019). Performance gains in 

speech and NLP applications have been achieved using deep neural networks (DNNs), but these 
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gains come at an expense of interpretability. Therefore, it is often the case that the extracted 

language features remain difficult to interpret to both developers and healthcare professionals. 

Interpretability is especially relevant in analysing acoustic speech features as these are high-

dimensional and require expert knowledge to be intelligible, such as the MFCC features (Tu et 

al., 2017). These features often lack clinical interpretability, making clinicians hesitant to use 

them, even though they contain a lot of information about the speaker and the disease (Tu et 

al., 2017; Jiao et al., 2017). Jiao and colleagues (2017) argue that rather than making automatic 

decisions based on acoustic signals, the features and outcomes should be interpretable to aid 

clinicians’ decisions, and propose a visualisation tool of spider plots that would allow assessing 

the difference between the phonological signals of the patients and the expected 

pronunciations of the healthy population.   

The growing need for health literacy in general, and the technical understanding among 

clinicians using AI has been addressed by many (Ursin et al., 2021; Wu et al., 2020; Harrison & 

Sidey-Gibbons, 2021; McKernan & Clayton, 2018; Tjoa & Guan, 2020; Le Glaz et al., 2021). It is, 

however, stressed, that ML and NLP should only act as a tool for the clinicians, and not 

disempower or replace them, making it especially important to understand why a certain 

decision has been made, and whether or not to trust it (Wu et al., 2020; Le Glaz et al., 2021). 

For example, clinical knowledge is needed to understand when the model outcome does not fit 

the clinical picture, and technical knowledge about why an algorithm might have made the 

decisions can aid clinical decisions about further investigations (Mattsson et al., 2010). When 

clinicians cannot explain the predictions of a black-box algorithm due to its opacity, it also 

significantly affects obtaining informed consent (Ursin et al., 2021). The development of clinical 

NLP systems needs to consider the input from the clinicians and be developed with clinical 

experts in mind (Velupillai et al., 2018). 

Regulations regarding transparency of the AI algorithms vary from country to country. For 

example, EU regulation allows one to ask for an explanation of algorithm-based decisions 

(Wachter et al., 2017), while in the US, there is no such right (Garcia, 2016). However, EU 

regulation also raises questions about the extent to which it can be enforced (Wachter et al., 

2017), and the double standards in asking the machines to be highly explainable while human 
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decisions themselves may be hard to explain (Müller, 2020). Algorithmic transparency is 

challenging to achieve as simply having access to the code would not be informative or 

intelligible (Garcia, 2016), contributing to the decisions often remaining opaque to both the 

affected person and the expert (Müller, 2020). Transparency and bias can go hand in hand, as 

bias can be exacerbated by opacity, and the response needs to tackle both together (Müller, 

2020). Issues with transparency underlie the issues of trust. It is often thought that scientists, 

medical professionals, biotechnology companies pursue their own, rather than the patients’ or 

the public interests (O’Neill, 2002). If the decisions and the contributing factors are not 

transparent, and the methods and data are inaccessible for replication, the widespread distrust 

and the lack of confidence in science are difficult to change (Meyer, 2018). It must be kept in 

mind that science is a social enterprise, working towards public good, and the credibility and 

trust comes from the openness and transparency of the process (Munafo et al., 2017).   

 

6.6. Fairness  

Many studies suggest that developing language-based tools to detect the early signs of AD 

would help improve the quality of life of the people with dementia and promote equality due to 

the increased accessibility and affordability of the screening tools. It is important to ask whose 

quality of life will be improved and how, and consider the questions related to recruitment and 

treatment availability, the advanced age of the subjects, and the bias contributing to 

disproportionate distribution of risks and benefits in disadvantaged groups. These 

considerations are especially relevant as AD disproportionately affects minority populations 

and women (Babulal et al., 2019; Lopez et al., 2019), and while the population of minorities 

continues to rise, the gaps in the clinical knowledge of AD in these populations remain (Mayeda 

et al., 2016). 

As there is currently no approved treatment for AD, it must be borne in mind that people who 

participate in the current research are themselves unlikely to directly benefit from the research 

outcome, as both the screening tool and treatment development take time. Having no 

immediate benefit to participating in an experiment might make the subjects hesitant to do so. 

For example, a participant in Sabat and Harre (1994) describes their experience of undergoing 



 

   119 
 

testing as humiliating and not helpful for them in any way - however, they also claim that if the 

research did help them, they would be happy to participate. Although some may be happy to 

participate in research for purely altruistic reasons, alternative methods for compensating 

research participants should also be considered. In either case, what kinds of benefits—if any—

people may expect from participating in research should be clearly explained.   

When developing models that would contribute to the early diagnosis in the future, it is 

important to consider who will eventually benefit from such research, and keep in mind that 

the design of current studies has a great impact on the future outcome. The models will 

perform adequately only when used on the same type of population as they were trained on. 

Therefore, applying “responsible design” (Müller, 2020) and deciding who to recruit in current 

research and whose data to use for building the models are crucial decisions to develop fair and 

inclusive screening tools. Having a balanced dataset is an essential part of research design 

because imbalanced datasets contribute to the risk of biased outcome as the model will 

reproduce the bias it is introduced to in the data (Cychosz et al., 2020; Gebru et al., 2021). 

Biases like gender, race, nationality, and age affect both speech (Eichhorn et al., 2018; 

Hagiwara, 1997) and NLP performance. These parameters need to be considered in the training 

data to build robust models (Maley et al., 2020). If these biases remain unaddressed, the bias in 

data will lead to the AI systems performing better for majority groups, known as allocational 

harm, as the picture of a “typical” behaviour is based on the characteristics of a privileged 

group, leading to perceiving nonstandard groups as atypical (Cychosz et al., 2020). This leads to 

disproportionate risk of harm to the disadvantaged groups and poses a risk of false outcomes 

and stigmatisation.   

While balanced datasets are essential, the literature reviews on ML-based AD detection from 

speech and language show a small proportion of studies using balanced datasets in terms of 

age, gender, race, and education level. For example, de la Fuente Garcia and colleagues (2020) 

report that only 25% of the studies looking at language-based AD detection used datasets with 

balanced age, gender, and education, and few of them present statistical values showing the 

balance between the groups. In the review described in the Background chapter of the current 

thesis (section 2.2, Petti et al., 2020), only 64% of the studies reported the age and gender of 
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the participants with 40% of the datasets being gender-balanced, and 45% of the studies 

reported the education level of the participants, with the control group participants having 

spent on average more years in education in all but one study. As age, gender and education 

level can impact both speech and AD manifestations, as well as the performance of the NLP 

models, it is important to consider these factors when constructing a dataset.   

In addition, as many studies in this area use automatic speech recognition (ASR) tools, it must 

be acknowledged that age affects the performance of these models. ASR tools struggle with 

elderly voices due to the changes in fundamental frequency, increased jitter, shimmer and 

breathiness, and slower speaking rate, potentially leading to higher word error rates (WER) 

(Vipperla et al., 2008). The mismatch between the acoustic model and the user is the main 

contributor to the limited ASR performance (Baba et al., 2004), adding to the reasons for using 

balanced and appropriate datasets.  

Another pressing issue is the availability of language resources in different languages, and the 

European-centric focus of the current studies. While active research is also being conducted on 

other languages, the literature reviews summarising the recent studies on detecting the signs of 

AD in language still show that a large proportion of the models are trained on English speaking 

populations (41% of the studies in de la Fuente Garcia and colleagues (2020) and 30% of the 

studies in Petti and colleagues (2020)). This means that these models are applicable only to a 

similar population and should not be applied to other languages, leading to largely benefiting 

the rich Western countries. While it could be argued that studying language change in English 

first would help us understand how AD develops in the first place, and then transfer the 

technology to other languages, it poses questions of equality and fairness. It must also be kept 

in mind that the language models often fail to account for dialectal variation (Jurgens et al., 

2017). Overlooking dialect impact can also become a problem in speech-based AD detection. 

For example, Fukuda and colleagues (2022) studied speech-based dementia detection in elderly 

Japanese speakers, and found a strong dialect influence on the results, demonstrating that by 

removing dialect-related features (formants, MFCC features), the accuracy of dementia 

detection improved by almost 15%. Acknowledging dialect impact is especially relevant in 

studies concerned with the older generation as they tend to use stronger regional dialects 



 

   121 
 

(Fukuda et al., 2022). To avoid disadvantaging the speakers of non-European languages, or 

those with regional dialects, it is important to develop NLP tools for different languages and 

dialects, and include a range of speakers of different languages and dialects in the training data. 

Collecting data concerned with AD detection in various languages and making it available would 

promote tool development and advance research in different languages (de la Fuente Garcia et 

al., 2020). As an example, to address the lack of multilingual datasets, Lopez-de-Ipina and 

colleagues (2018) constructed a database for detecting the signs of AD including 8 different 

languages, called AZTIAHO.  

Sampling bias is not unique to studies in AD detection from speech - extreme sampling bias has 

been recognised across behavioural sciences that have to a large extent included the WEIRD 

(Western, Educated, Industrialised, Rich, Democratic) population, leading to calls for more 

inclusive geographic, linguistic, and cultural settings (Cychosz et al., 2020). While there could be 

many potential reasons to why minority groups have been underrepresented in research (such 

as distrust in health research or lack of flexibility in terms of childcare or employment), Rogers 

and Lange (2013) argue that in contrast to the wide-spread belief that minority groups are less 

willing to participate in health research, they are simply often not given a chance to participate, 

making the lack of opportunity the main barrier to participation. Some of the reasons why the 

researchers might exclude minority populations include using occupation-based or geographic 

recruitment methods, lack of resources, access to minority populations, expertise, experience, 

or interest, or the assumption that an individual would not be interested in participating in 

health research, which in itself can be seen as stereotyping (Rogers & Lange, 2013). 

Underrepresenting minorities can lead to lack of information about the group’s health, poor 

health outcomes, lack of applicability of the research findings and the models, and decreased 

access to interventions and treatment. This contributes to the injustice as the benefits of the 

research are only available to a certain group of people. More inclusive sampling would allow 

the findings to be generalisable to a broader population and “reveal the limits of applicability of 

research findings to different communities” (Cychosz et al., 2020).  

Several methods have been proposed to ensure data balance and identify potential biases. The 

imbalanced dataset could be made more balanced by sub-sampling (Henrich et al., 2010). 
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However, in some cases, the pre-processing of previously balanced datasets by removing 

samples can also lead to imbalanced data (de la Fuente Garcia et al., 2020). The identification of 

bias could be made more explicit by including a standard description of a dataset with the 

studies (Henrich et al., 2010). There are also several tools available for risk of bias assessment, 

such as QUADAS-2 (Quality Assessment of Diagnosis Studies checklist 2) (Whiting et al., 2011), 

and PROBAST (Prediction model Risk Of Bias ASsessment Tool) (Wolff et al., 2019). 

 

6.7. Conclusion  

Although using AI in detecting the early signs of AD in speech is a promising area of research, 

several ethical concerns arise in the process that need to be discussed, considered, and 

addressed. I have summarised the issues related to autonomy, privacy and data protection, 

welfare, transparency, and fairness. I emphasise the need to develop ethical guidelines and 

best practices, and promote discussion between different fields, research areas, and 

communities. I stress the importance of respecting the choices of the research participants, 

making decisions on data protection with the best interests of the participants in mind, 

applying research methods that cause minimal amount of discomfort to the participants, 

considering the ethical aspects and the potential impact and consequences when developing 

new technologies, focussing on the explainability of the models, including diverse populations 

in the research, and ensuring fair distribution of research benefits. I provide a more detailed list 

of suggestions in Table 22. 

 

6.8. Summary  

In this chapter, I focussed on the ethical questions that arise in AI-based AD detection using 

language and speech data. I discussed the questions related to autonomy (6.2), privacy (6.3), 

welfare (6.4), transparency (6.5), and fairness (6.6), and conclude with a list of suggestions 

(Table 22) that could be incorporated when developing ethical guidelines and best practices.  
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Ethical considerations in AI-based AD detection from speech  
Autonomy  

Consent  
1. Ensure participants are aware of the risks and benefits, what is being consented to and how the data will be 
used prior to participating in research  
2. Consider the stage of the disease when obtaining consent  
Pre-symptomatic 
stage:   

2.1 Ensure participants understand the difference between biomarker research and clinical 
trial to best evaluate the potential benefits  

  2.2 Consider questions of disclosure, data sharing and storing  
Early stage:  2.3 Use simple language, repetition, extra explanations, and visual aid to communicate the 

risks and benefits of participation when needed  
  2.4 Consider cultural background when evaluating the ability to consent  
Advanced stage:  2.5 Apply higher safeguarding  
  2.6 Consider the ethical issues of proxy decision-making  
  2.7 Remember that AD does not equal incompetence  
3. When using longitudinal data, consider using gradual informed consent transfer  
4. When using secondary data where consent cannot be obtained, give additional consideration to the best 
interests of the participants  
5. Develop best practices and guidelines for using secondary data  

Avoiding depersonalisation  
6. Treat the persons with AD as semiotic subjects  
7. Treat communication deficit and the disease as separate from the person  
8. Focus research on the aspects of communication that are preserved in addition to those that are lost  

Disclosure of research outcome  
9. When seeking consent, clearly communicate the procedures regarding the disclosure of research outcomes   
10. Respect the participant’s right not to know the outcome  
11. Explain that the model can be wrong  

Privacy and data protection  
12. Promote high standards of self-regulation, especially in countries where informed consent and data 
protection rules are less stringent  
13. Consider giving the participants control over the recording device, with a chance to start and stop the 
recording  
14. Work on the development of automatic feature extraction algorithms by manually annotating the data to 
train NLP models  
15. Reduce speech intelligibility to protect participants’ privacy by using, for example:  

  15.1 PCA of audio spectrum  
  15.2 linear prediction for replacing the vowels in speech  
  15.3 voiced and unvoiced segments, pitch, energy, and speech rate  
  15.4 bone-constructed acoustic energy fluctuations from vocal apparatus  

16. Reconsider the use of language features that can compromise privacy, such as the MFCC features  
17. Consider the necessary length of the audio samples to protect participants’ privacy while retaining the 
important information  
18. Develop algorithms that would first detect the event of interest and then record in short windows  
19. De-identify or pseudonymise and anonymise the data (including public data)  
20. Apply encryption on audio data  
21. Avoid storing the full audio  
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22. Consider the level of data sharing and vetting, and the type of data that is shared depending on the obtained 
consent, risk of harm, and the ethical training of those accessing the recordings  
23. When seeking consent, clearly communicate the level of data sharing and the type of data being shared, as 
well as who will have access to the data and how the data will be used  
24. Rather than promising not to share, or destroy the data, carefully consider the data sharing and storing 
process  
25. Consider using data repositories  
26. Consider giving the participants the choice of how much and what type of data will be shared  

Welfare  
Reducing distress  

27. Favour friendly conversational speech over stressful cognitive testing  
28. Respect the participants’ right to stop the recording  
29. Be clear about the process of delivering the research outcome, including the procedures that follow and the 
support that is available  
30. Explain the issues related to the accuracy of the models and the reliability of the research outcome  
31. Conduct personal ethical evaluation including the subject in the process when deciding on the disclosure 
process  
32. Consider cultural context when making decisions on the disclosure of the research outcome  
33. Consider the potential distress for families, clinicians, and researchers  
34. Give prior warning to researchers working on potentially emotionally triggering content, allow them to stop 
the work when needed, limit the amount of data per annotator, and provide access to support when needed  

Avoiding stigmatisation and discrimination  
35. Avoid framing dementia as a threat to social and healthcare system  
36 Study pre-symptomatic and early AD experience to prompt discussions and raise public awareness to reduce 
stigmatisation  
37. Be aware of the risk of dual use and potential consequences when developing new technologies  
38. Develop restrictions for the use of the speech-based tools to avoid unethical and dual use  
39. Apply highest research and ethical standards when developing new technologies  

Improving the reliability of research outcome  
40. Use free speech that captures the abilities of the subjects more adequately  
41. Consider factors that affect language use, such as cultural background and education level when interpreting 
the outcome  
42. Be mindful of sample size and avoid overfitting, using, for example, cross validation and held-out sets  
43. Promote using large sample size  
44. Increase the availability of the data by promoting collaborations between researchers from different fields  
45. Be aware of publication bias  
46. Be aware of cognitive bias of the researcher - consider masking experiment conditions and key parts of data  
47. Use appropriate evaluation metrics, especially when working with small, unbalanced samples  
48. Standardise data collection, reporting of the results, model characteristics and evaluation metrics to increase 
comparability and contextualisation of the studies  

Transparency  
49. Improve the explainability of the models and the language features  
50. Consider who the explanations are meant for, how easy they are to interpret, and to what extent do people 
trust the explanations  
51. Include the input of the clinicians when developing clinical NLP  
52. Reconsider using language features that are difficult to interpret, such as the MFCC features  
53. Promote technical training among clinicians working with AI  
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54. Promote general health and technological literacy  
55. Acknowledge the role of transparency in overall trust in science and working towards public good  
56. Promote transparency in research  

Fairness  
57. Consider who will benefit from the research  
58. Clearly explain the risks and benefits available for the participant prior to the research  
59. Collect and use balanced datasets that are applicable to the population that is being tested  
60. Include different languages and dialects when developing the models  
61. Reconsider using language features that are sensitive to dialects, such as the MFCC features  
62. Develop language resources for low-resource languages   
63. Include minority groups and diverse populations  
64. Include standard description of datasets with the studies  
65. Use risk of bias assessment toolkits  
 

 Table 22: Ethical considerations in AI-based AD detection from speech  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

   126 
 

7. Conclusions 

In this concluding chapter, I will (1) recap the motivations for the current thesis, (2) summarise 

the findings, contributions, and implications of this work, and (3) propose directions for future 

research. The summary of the chapter is provided at the end. 

  

7.1. Recap of motivations 

In this thesis, I focussed on the automatic detection of early signs of AD from speech and 

language. As the prevalence of AD is growing due to the ageing population, research into both 

treatment development and early detection is becoming more and more relevant. Detecting AD 

early would allow early interventions and have the potential to slow disease progression. 

However, as many of the approaches to detect AD are invasive or expensive, there is an 

increasing need for robust, non-invasive, and cheap screening tools. Changes in speech and 

language can provide relevant information about AD-related cognitive decline and therefore 

have a great potential to act as early markers and aid in developing these tools. While 

promising results have been achieved in differentiating between healthy individuals and those 

with AD using AI- and NLP-based tools for language analysis, several areas of improvement have 

been identified. 

In this thesis, I first filled the gap in the existing literature by conducting a systematic literature 

review (section 2.2, Petti et al., 2020). This literature review was the first in the area and was 

needed to understand what research has been done and what still needs to be done. The 

review has informed the directions taken in further research and has been valuable to the 

broader research community, which can be demonstrated by the article having been cited over 

a hundred times during the writing of this thesis. 

This literature review also acted as a basis and starting point of the current thesis and informed 

its motivations and aims. Based on the findings of the literature review, the rest of this thesis 

set out to address three main challenges: 

1.  Lack of longitudinal data 

2.  Lack of generalisability, standardisation, and replicability 

3.  Lack of ethical guidelines 
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7.1.1. Lack of longitudinal data 

The lack of longitudinal speech data has compromised the amount and depth of research being 

conducted into the earliest signs of the disease. Having large amounts of longitudinal language 

data would allow exploring the changes over time and provide a more accurate picture of how 

cognitive changes manifest in language use, contributing to developing more accurate 

screening tools. However, this data is expensive and time-consuming to collect, which makes 

limited data one of the major challenges in this research area. To address this limitation, in this 

thesis I presented a novel corpus of transcripts of longitudinal spontaneous speech recordings 

and demonstrated the usefulness of this kind of data. 

  

7.1.2. Lack of generalisability, standardisation, and replicability 

Another limitation in automatic language-based AD detection, partly fuelled by limited data 

availability, is the lack of replicability, generalisability and standardisation across studies and 

research methods. Understanding how universal the changes in language are across different 

individuals and standardising the methods of data collection and analysis would promote 

research reliability, increase replicability, and help develop robust models applicable to wider 

populations. To address these challenges, I replicated a previous case study on a larger group of 

individuals, compared the changes in language over time in 20 speakers, and explored the 

optimal length of a speech sample necessary for informative analysis. 

  

7.1.3. Lack of ethical guidelines 

Lastly, while AI- and NLP-aided AD detection could have great potential in improving the life 

quality of the elderly, the process faces various ethical dilemmas that have received little 

attention. To address this issue, I discussed the ethical considerations in speech-based early AD 

detection, related to autonomy, data protection, welfare, transparency, and fairness, and 

established a list of suggestions that could be implemented in the development of ethical 

guidelines for researchers and clinicians working in the area. 
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7.2. Findings and contributions 

Based on the systematic literature review, I established three main areas of improvement that 

motivated the current thesis, outlined in 7.1. In the following sections, I will lay out the findings 

and contributions related to these motivations in chapter order, and summarise the 

implications of this work. 

  

7.2.1. LoSST-AD corpus 

While language impairment in Alzheimer’s disease (AD) has been widely studied, due to limited 

data availability, relatively few studies have focussed on the longitudinal change in language in 

the individuals who later develop AD. I addressed this issue in Chapter 3 and constructed a 

novel corpus of transcripts of public interviews with 20 famous figures, half of whom will 

eventually develop AD, recorded over several decades. I evaluated the corpus by validating 

patterns of vocabulary richness changes known from literature, such as decline in noun 

frequency, word length, and several other features. While this data provides a unique 

viewpoint to understanding longitudinal changes in language in AD, it must be remembered 

that the public interviews of famous individuals may not be representative of the wider 

population when interpreting the results.  

  

Contributions and findings: 

● I developed and made available a novel language resource of 135 spontaneous 

speech transcripts. 

● I showed that public data could be used to collect longitudinal datasets without 

causing extra stress for the participants. 

● I demonstrated that this data can adequately reflect longitudinal AD-related 

changes in vocabulary richness features. 

● I ran two experiments to investigate the change in lexical diversity features over 

time and compare the change in healthy and AD groups, and found significant 

changes in noun and adposition frequency, word length and frequency, unique 

words, Brunet index, and repetitions in the AD group. 
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7.2.2. Replicability and generalisability 

In Chapter 4, I focussed on understanding how universal the patterns of AD-related language 

changes are across individual speakers. Significant differences in speech changes over time 

have previously been found by comparing individual speakers, for example, the press 

conference transcripts of President Bush and President Reagan, who was later diagnosed with 

AD. However, these findings have not been replicated on a larger number of individuals. I 

explored whether the language change patterns previously established in the single AD-HC 

participant pair apply to a larger group of individuals who later receive AD diagnosis, and 

investigated which language features change the most consistently in a group of speakers. 

  

Contributions and findings: 

● I replicated a previous case study on a larger group of individuals. 

● I failed to find generalisable patterns of language change using previous 

methodology. 

● I proposed alternative methods for data analysis, investigating the benefits of 

using different language features and their change with age, and compiling the 

single features into aggregate scores. 

● I found that the language features that change the most consistently are moving 

average type:token ratio and pronoun-related features. 

● I found that the aggregate scores performed better than the single features, with 

lexical diversity capturing a similar change in two thirds of the participants. 

  

7.2.3. Standardisation of sample length 

In Chapter 5, I concentrated on the standardisation of research methods in automatic speech-

based AD detection, focussing on the optimal length of a speech sample. While shorter speech 

samples would promote data collection and analysis, the minimum length of informative 

speech samples remains debated. To investigate the effect of the sample length on the 

language features, I compared three different sample lengths: original random length, 5- and 1-

minute-long samples. I analysed the information captured by the three datasets to investigate 
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the robustness of the features, understand whether capping the audio improves the accuracy 

of the analysis, and whether the extra 4 minutes convey necessary information. 

  

Contributions and findings: 

● I argued that sample length plays an important role in extracting the language 

features from speech and should be considered when studying language changes 

in AD. 

● I found that capped audio files have advantages over the random length ones. 

● I argued that the 4 extra minutes do convey necessary information for tracking 

longitudinal changes. 

  

7.2.4. Ethical considerations 

While recent studies indicate that AI could play an important role in detecting early signs of 

Alzheimer’s disease in speech, this use of data from individuals with cognitive decline raises 

numerous ethical concerns. In Chapter 6, I identified and explained the concerns related to 

autonomy (including consent, depersonalisation and disclosure), privacy and data protection 

(including the handling of personal content and medical information), welfare (including 

distress, discrimination and reliability), transparency (including the interpretability of language 

features and AI-based decision-making for developers and clinicians), and fairness (including 

bias and the distribution of benefits). 

  

Contributions and findings: 

● I outlined the ethical concerns posed by the use of AI in speech-based AD 

detection. 

● I identified ways in which these concerns might be addressed. 

● I established a list of suggestions that could be incorporated into ethical 

guidelines for researchers and clinicians working in this area. 
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7.2.5. Implications 

The corpus constructed in Chapter 3 and the findings based on this data provide a valuable 

starting point for the development of early detection tools and enhance our understanding of 

how AD affects language over time. Creating knowledge of long-term language changes in AD 

contributes to bridging the gap (described by Sadeghian et al., 2021) between the scientific 

understanding and the creation of diagnostic tests. While capturing universal patterns of 

language change prior to AD diagnosis can be challenging, as demonstrated in Chapter 4, the 

research in this area is of significant importance. Identifying the language features that change 

similarly across larger groups could help lower the dimensionality of the models and contribute 

towards building more generalisable models (Berisha et al., 2021). In Chapter 4, I identified 

changes in lexical diversity, MATTR and pronoun-related features as showing the most 

consistent patterns in the speakers with later AD diagnosis. This work provides practical 

knowledge of language changes that is applicable in tool development and clinical setting. 

Replicability could also be improved by the standardisation of research and data collection 

methods, which I examined in Chapter 5. The findings of this chapter can be applied in the 

standardisation of sample length and inform further research about the optimal informative 

recording time necessary to capture longitudinal language changes due to cognitive decline. 

The list of suggestions addressing the ethical considerations developed in Chapter 6 can be 

used to inform the development of guidelines and best practices for researchers and clinicians 

working on AI-based early AD detection from speech and language. 

  

7.3. Future directions 

Based on the work completed in this thesis, there are several directions that future research 

could take. In what follows, I will outline ideas for future work. 

 

Collecting a larger controlled dataset including real participants from diverse populations, 

reliable clinical information, regular time intervals, audio length and quality. As emphasised 

throughout this thesis, data availability and quality is one of the major challenges in the field. A 

higher quality dataset would allow for creating more in-depth knowledge about longitudinal 
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language changes in AD that are generalisable to a broader population. Such a dataset would 

contribute to developing more robust methods for data analysis, discovering more reliable 

patterns, and developing screening tools that are applicable in a real-world clinical setting. 

Developing methods to analyse longitudinal language change in AD. Based on the findings of 

the current thesis, previous methods for analysing longitudinal change could be improved. This 

research would be supported by having a larger, more representative, and less sparse dataset. 

Some directions for improving the methods of longitudinal analysis could include grouping the 

individual language features into aggregate scores, focussing on the different stages of AD and 

exploring the best ways for analysing each, and exploring the role of the number and length of 

voice recordings or transcripts. I will elaborate on these approaches in the following three 

paragraphs. 

Constructing reliable and interpretable aggregate scores. Current work showed notable 

advantages of using aggregate scores, such as lexical diversity and word finding difficulty, over 

the single language features. However, the methods of compiling the scores could be improved, 

for example, by weighing the relevance of the individual features at different points in time. 

Similarly, while the current work used literature-based approach to construct the aggregate 

scores, future work could compare this method to the data-driven approach. 

Investigating the relationship between disease stage and amount of speech data needed. 

Based on the findings of the current work, I hypothesise that less speech data might be needed 

to identify more severe stages of AD as the cognitive decline will be more apparent than in the 

earlier stages. Collecting less data from more severely affected individuals would reduce the 

burden placed on the speaker and encourage participation, as well as reduce computation 

time. This hypothesis could be tested in future work by comparing the informativeness of 

longer and shorter samples in different stages of the disease. 

Exploring the trade-off between the number and the length of samples. While the current 

work focussed on finding the optimal length of voice recordings, this work could be extended 

by analysing whether the AD-related language changes are better captured by a larger number 

of shorter samples per speaker or a smaller number of longer samples. This would enhance our 

understanding of how cognitive decline can be captured in speech and contribute to the 
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standardisation of research methods which is one of the major areas of improvement in this 

research area. 

Focussing on participant level analysis. As the current work suggests that the group patterns 

are often not reflective of the individual’s language change, I encourage future work to focus 

the efforts on developing the understanding of AD-related language changes in individual 

speakers. Understanding how the changes in individual speakers resemble and differ would 

contribute to improving generalisability, drawing more reliable conclusions, and developing 

models that take individual differences into account, making them applicable to diverse real-

world populations. When interpreting the results, I recommend future work to consider that 

the mean values may not be representative of the individuals.  

Developing ethical guidelines and best practices for automated speech-based early AD 

detection. While detecting early signs of AD from speech using AI has shown promising results, 

numerous ethical concerns arise in the process, and there are currently no universally accepted 

ethical standards or guidelines. In the current work, I outlined the ethical considerations related 

to autonomy, privacy and data protection, welfare, transparency, and fairness, and developed a 

list of suggestions that could provide a useful starting point for establishing widely accepted 

ethical guidelines and best practices. Future research should focus on developing these 

guidelines to ensure the models are developed ethically and with the best interests of the 

speakers in mind. 

Promoting discussions between different stakeholders, research areas, and communities. As 

one of the next research projects, I plan to focus on patient involvement as well as developing a 

better understanding of the experiences of the families, clinicians, and developers and 

researchers in both private and academic settings. I aim to identify any challenges, worries, or 

tensions that the different groups face, and the motivations, hopes and potential solutions by 

interviewing the individuals who have a different connection to AI- and speech-based AD 

detection. This work will contribute to understanding the needs of the affected individuals and 

guide further research and tool development, taking the perspectives of different stakeholders 

into consideration. 
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Focussing on model transparency and explainability. The importance of transparency in clinical 

decision making has been discussed in the current work, and based on that I suggest that one of 

the directions of future research should focus on developing explainable models and including 

clinician input in the process. Clinician input is important as they would be the users of this 

technology, and it is important that the outcome is understandable, and any arising concerns 

noticed and addressed. This work could include looking at the interpretability of both language 

features and model decisions, the trade-off between transparency and performance, as well as 

comparing the transparency and accuracy of the decisions made by clinicians and machines. 

Addressing the risks of privatising automatic speech-based AD detection. While research in 

this area could significantly improve the lives of the elderly, privatising automatic speech-based 

AD detection technology poses risks of misuse and discrimination. Potential harms could 

include compromising eligibility to health insurance, job opportunities and legal status. These 

concerns are especially relevant in speech-based cognitive decline detection, as speech data is 

easy to collect and link to sensitive health information. Future work should assess these risks, 

consider how to avoid them, and focus on developing responsible technology and appropriate 

legislation. 

Exploring privacy trade-offs. As speech data can carry personal and identifiable information, it 

is important to explore the ways to maximise speakers’ privacy and anonymity, especially when 

working with sensitive medical information, such as cognitive decline. Future research could 

explore the extent to which the data can be modified to increase privacy (for example, by voice 

modification, transcript anonymisation, changing the mapping of demographic data or 

collecting less of it) without damaging the model. 

Developing data and sample effective models. As discussed in the current work, data 

availability is one of the major limitations in this research area. Therefore, current models are 

often based on small, specialised samples, including the WEIRD population. Even when these 

models achieve high performance accuracy, they are not generalisable to a wider population, 

reproducing the bias in data and leading to overfitting. While collecting large amounts of real-

world data would be ideal, it is also challenging, expensive, and time-consuming. Future 

research could investigate the pros and cons of alternative data collection methods, such as 
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social media entries, data synthesis, or consent modifications for data sharing purposes, and 

focus on developing data and sample effective models. 

Expanding the research into different languages. While recent years have shown an increase in 

the number of studies focussing on early AD detection from languages other than English and 

comparing cognitive decline manifestations in different languages, there is still room for 

improvement. Therefore, another future direction could be constructing multilingual datasets. 

This would help develop an understanding of how language-dependent the AD-related 

language changes are, as well as extend the technology to different languages which would 

make the tools applicable to wider populations. 

Distinguishing between different forms of dementia. While the current thesis focussed 

specifically on AD detection, this work could be expanded by including different forms of 

dementia, and exploring whether language analysis could be used to distinguish between 

different conditions.  

 

7.4. Summary 

In this chapter, I recapped the motivation of this thesis, summarised the findings, contributions, 

and implications of the research I conducted, and provided directions for future research. 

To conclude, while AI-based early AD detection from speech is a promising area of research, 

there are several challenges that I aimed to address in this thesis. I presented a systematic 

literature review in automatic early AD detection from speech and language to summarise the 

state-of-the-art and identify the main areas of improvement. I tackled the challenges of the lack 

of longitudinal data by presenting a novel corpus, replicability, generalisability, and 

standardisation by exploring the consistency of AD-related language changes across 

participants and investigating the role of sample length, developed a list of suggestions for the 

development of ethical guidelines and best practices, and provided recommendations for 

further research. I hope that the insights of the current thesis will contribute to developing 

robust, fair, and ethical methods for automatic early AD detection from speech and language. 
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