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1.0 [bookmark: _Toc99579499]Introduction

It is suggested that Chronic Obstructive Pulmonary Disease (COPD), a complex and progressive pathological condition affecting the respiratory system, has long been underdiagnosed [1]. A timely and accurate diagnosis is critical to initiating therapies that could delay the progression and reduce risks of exacerbating the disease. The challenge, therefore, is to find strategies to allow diagnosis and find cases in a cost-effective manner. [2] [3]
Artificial Intelligence (AI) is described by Britannica [4] as:

“ the ability of a digital computer or computer-controlled robot to perform tasks commonly associated with intelligent beings.”

With the advancement of technology and strides made in research, the development of machine learning, neural networks and deep learning [5] have increased the abilities of AI. Its use has been studied and documented within the healthcare sector for a long time, enabling support tools for integration to assist in decision making and diagnosis within the clinical workflow.
Within the area of COPD, research using AI with CT imagery and pulmonary function testing has delivered good results [6], although there is the need for extensive data for this. It has also been recognised through research that the voice can be used as a biomarker for COPD [7]
In their book, Rabiner and Schafer [8] introduce Digital Speech Processing through Digital Signal Processing (DSP). The process dates as far back as the 1960’s. This technology has been used for Automatic Speech Recognition (ASR) since in applications such as:
· Voice activated navigation systems
· Dictation
· Telephony
· Chatbots
· Text-to-speech
· Speech-to-text
· Virtual assistants
Using similar technologies, the ability to record voice and speech to enable analysis through speech processing, could facilitate the detection of COPD, one feature being the segmentation and alignment of sections of the word, known as phonemes, and the length of time for the duration of these segments. This could allow timely diagnosis of the condition, and potentially provide the ability to determine the severity of the condition in patients.
The proposed project aims to experiment with the tools that automatically segment speech into phonemes, creating a transcript to align to the acoustic soundwave, known as Forced Alignment (FA), as part of a project to analyse voice towards the detection of COPD.
This proposal will initially set out the aim and objectives for the project. A review of current literature concerning the subject of AI, COPD, speech analysis and FA will be conducted in order to understand the concept and to evaluate studies towards the subject currently. Following this there will be a proposed methodology, detailing the philosophy and strategy adopted, the approach taken, tools used, methods for testing the chosen tools and technique for analysing and evaluating the results. There will also be consideration given to the planning and timeboxing of the project as well as risks and limitations and ethical consideration.

[bookmark: _Toc99579500]1.1	Aim
The aim for the proposed project is to evaluate current phonetic forced alignment tools so that automatic segmentation can be performed to establish features towards training a model in predicting COPD using a suitably specific word. These features could be duration of phonemes, for example.
[bookmark: _Toc99579501]1.2	Objectives
	In order to reach the above goal, there are four objectives to be achieved:
1. Rigorously investigate current methods and standards for forced alignment and segmentation for use within speech analysis – 
This will involve an extensive and thorough literature review of current research in the field so that a systematic assessment can be made of current measures and application.
2. Experiment with alignment tools to enable FA, allowing automated segmentation of phonemes within a specific suitable word– 
This will involve running and testing the chosen alignment tools against set metrics, using data and voice recordings collected and analysed for transcription of phonemes within the chosen word.
3. Analyse and critically evaluate results from testing of chosen alignment tools for accuracy of segmentation – 
This will involve evaluation of the alignment tools against the metrics, of which one could be the accuracy, to understand the alignment process and establish if there is a tool suitable for the automated segmentation to allow feature extraction towards the overall model training to predict the severity of COPD.
	The initial part is to assess current literature and research.

[bookmark: _Toc99579502]2.0	Literature Review

Rabiner and Schafer [8] purport that the transmission or communication of messages is the fundamental purpose of speech, and that this is done through a sequence of quantifiable discreet symbols. The quantity can be measured in bits, therefore the rate of transmission is measured in bits per second (bps). A model for speech production and speech perception is proposed, known as the speech chain. It details the ability to code and transmit speech in analogue acoustic waveforms, as seen in Figure 1, that can be recorded, analysed and manipulated, the early version of the concept being in the telephone, invented by Alexander Graham Bell in the 1870’s.

[image: A speech waveform showing phonetic labels]
Figure 1 - Speech Waveform showing Phonetic Labelling [8]

	The speech chain is a combination of steps that can be grouped into three stages:
1.	Production of speech - 
The initial two steps generate the language code. The first step is to formulate the message in text form. In the second step, this is then converted implicitly into a sequence of sounds which correspond to the spoken version of the formulated text. This involves the symbolic representation to the sequence of sounds, known as phonemes, hence phonetic representation. Added to this is prosody. The prosody shows intent within the speech through stress, speed, emphasis and duration of the phonemes.
The third step converts the code to neuro-muscular controls. These signals move the articulators to form the spoken words, such as the velum, tongue, teeth, jaw and lips. This is known as continuous control and is articulatory motions creating the desired sounds. The fourth and last step of this section is the creation of the acoustic waveform through the vocal tract system. This acoustic waveform creates the speech signal by encoding the information from the formulated text message.
2.	Transmission of language code –
The speech signal is transmitted at a calculated rate of the flow of information, in bps. This can be worked out from a speaking rate, based in the first stage on the number of symbols per second, converting to bps. Rabiner and Schafer [8] give the example that at a rate of ten symbols per second for an average person, at five bits per symbol, multiplies to fifty bps. At the second stage, the language code, phonemes and prosody increase the information rate by an estimated factor of four. The articulatory control signals would require a much higher bandwidth. There would be a set of continuously varying signals representing the text message. To represent this digitally would require a much higher data rate than the information rate of the speech signal. Furthermore, to represent the perceptual fidelity of the speech signal, depending on the frequency used, the digitised speech waveform in the latter part of the speech production could increase to anywhere from sixty-four thousand bps up to approximately seven hundred thousand bps. The increase in part can be contributed to extra information transmitted here, such as accentuation, mannerisms, emotional state and more.
The transmission channel is an important step in the chain as this includes distortions and noise, affecting the communication of the message.
3.	Perception of speech –
It is apparent that this stage, to a degree, mirrors the first. This final stage of the process involves the capturing of the speech at the ear, translating the acoustic waveform through a continuous output. The sixth step of the whole process, first of the last stage, involves the decoding of the message through the ear. The basilar membrane in the inner ear will create a spectral representation, converted from the acoustic waveform. The seventh step is to transduce spectral representation into distinctive features of sound enabling the brain to decode and process these features. A form of extraction. The eighth step is to convert the sound features into the phonemes, and in turn words and sentences, the discreet output. This leads to the ninth step that is to convert the sentences, words and phonemes into an understood meaning of the message.

It is important to lay the groundwork of understanding this model as this lays the foundations to the research and the ability to replicate the model in as much as there will be an encoder, analogue to digital, and a decoder, digital to analogue, and a channel for this to pass through. Through this process we can extract the phonemes and prosody as well as any other information needed. [8]

[bookmark: _Toc99579503]2.1	Forced Alignment through Artificial Intelligence
Sakran et al [9] assert the definition of segmentation to be:

“the process of finding the limits (with specific characteristic) in natural spoken language…”

They go on to explain how segmentation involves creating smaller units by breaking down the speech signal, whether it be segmented into words, syllables or phonemes. This is said to be the primary step and is used to serve other speech analysis problems such as speech recognition, as an example. [9] Schafer and Rabiner [10] also evaluate different signal processing methods for speech representation as far back as 1975.
Whilst words and syllables are a segment of speech [11] [12], and no doubt segmentation of these are useful in larger transcripts, Kazanina et al [13] assert that phonemes are central to speech perception, and therefore recognition, further explaining many linguistic phenomena. It is claimed that extraction from an acoustic signal facilitates access codes to words. [13]
As described by Lee et al [14], it is possible to recognise speech signals, identifying the onset and offset of speech sounds trained on a sequence of phonemes. This technique is known as Forced Alignment (FA) [15] [16]. FA automates the segmentation and sequencing of the speech signals much quicker than the manual process of acoustic-phonetic segmentation, saving time, and can be conducted using several methods.
The article goes on to discuss accuracy of such a technique, suggesting that before using forced alignment, there should be some training based on speech data, however the results were found to support visual inspection and the system to be adjusted manually after FA. [14] [17]

[bookmark: _Toc99579504]2.2	Speech Features
It is recognised through many of the books and papers that there is extra data or features to be considered other than phonemes in order to improve accuracy holistically. One has already been mentioned, being prosody, which leads into emotion and emphasis, intent or attitude. Pronunciation should also be considered, as well as articulation. [18] Another consideration is the impact of pronunciation. Mathad, Mahr et al [19] analyse the correlation of alignment error and acoustic deviation, concluding that acoustic deviation accounts for most of the variability in some cases, showing that pronunciation is an important consideration. Further to this is phone duration and boundary alignment, an important aspect when considering pronunciation, or even the prosody of a subject with a condition compared to one without.
Kiss et al [20] consider articulation and intonation in the timing and rhythm of speech as well as where the voiced sounds are placed for acoustic feature visualisation in proposing a language independent segmentation and alignment solution.
[bookmark: _Toc99579505]2.2.1	Features and Adverse Conditions
As discussed in Section 2.0, the transmission of the acoustic soundwave is an important consideration. In real world application, there is possibly a margin for error within the FA due to interference or noise distorting the detection of segments. Das et al [21] consider this as disturbances that cause adverse conditions for alignment and propose an error detection model towards correcting this. Torabi and Nilchi [22] acknowledge the same predicament and propose a segmentation between audio signals and image sequences.

[bookmark: _Toc99579506]2.3	Forced Alignment Techniques
There are different techniques that can be used within AI to be able to model an aligner tool. Zhu et al [23] consider the comparison between the more traditional Hidden Markov Model (HMM) and a neural FA pipeline, and evaluate the comparison of supervised and unsupervised, or self-supervised FA techniques. It was found that the neural network-based methods were comparable in performance to existing FA tools.
Lazaridis et al [24] investigate modelling phone duration via the context of emotional speech and consider two main categories of techniques for doing this; rule-based, relying on manually produced rules derived from experimentation and data-driven, based on statistical methods and neural network-based techniques developed from large databases. Lazaridis et al [25], in a separate paper, go on to focus on Support Vector Regression (SVR) for the task.
Mustafa et al [26] discuss and compare in their article using a dynamic multi-layer neural network, and the traditional Hidden Markov Model (HMM). HMM is explained in more detail by Eddy [27]. It is asserted that HMM, being a statistical model, creates a complex probabilistic model to define a computational linear sequence. Rabiner [28] explains the basic theory of HMM and claims that this type of model is effective with specific types of speech recognition despite its limitations. Van Vuuren et al [29] describe another approach to improve unconstrained segmentation of speech using Deep Neural Networks (DNN’s) that is independent of FA or acoustic models, instead operating directly on acoustic features and benefiting from generative pre-training to deliver automatic segmentation. Sharma and Mammone [30] proposed a similar concept, named “Blind” Speech Segmentation in one paper, and expand on this describing the use of “Neural Tree Networks”, combining the classification properties of decision trees and feed-forward neural networks [31].


[bookmark: _Toc99579507]2.4	Forced Alignment and COPD
As mentioned in Section 1.0, Carlin et al [3] have discussed the important role of AI having the potential of improvement to healthcare outcomes, specifically COPD while Wu et al [32] conclude that through smart devices, and using a smartphone application, an AI system was able to yield reliable predictions of future COPD events. Farrus et al [33] acknowledge that patients with COPD suffer from voice changes, exploring the effect of medication as well as physical exertion on the features within speech. Their study concludes that there is an affect on prosodic features and voice quality, and assert that, as proof of concept, there is the ability to use AI to classify between subjects displaying COPD against non-COPD subjects using speech. Khan et al [7] and Ashraf et al [34] agree with this conclusion, further stating that changes in breath as well as speech, or voice, strongly correlate to changes of symptoms. The latter go on to claim that voice is an important biomarker of respiratory system conditions and conclude that prediction accuracy can be achieved without specialist-built hardware.

[bookmark: _Toc99579508]2.5	Alignment Tools
There are tools used to process FA, known as alignment tools. At their basic level, these tools leverage AI techniques to facilitate transcription segmentation and segment alignment to the acoustic soundwave. Some of the tools considered for the proposed project are listed in the sections below:
[bookmark: _Toc99579509]2.5.1	Wav2Vec 2.0
Wav2Vec is an opensource tool to facilitate speech recognition by learning raw audio representations through unsupervised pre-training. It operates on a multi-layer convolutional neural network pre-trained using large amounts of audio datasets and testing against benchmarks such as such as WSJ, a common benchmark test set, TIMIT phoneme recognition set, and Librispeech dataset, achieving a Word Error Rate (WER) of 2.43% against the WSJ test set. [35] [36]
[bookmark: _Toc99579510]2.5.2	Kaldi
Kaldi is a free and opensource toolkit written in C++ language. Its speech recognition system is based on finite-state transducers facilitating acoustic modelling using Gaussian Mixture Models (GMM), both standard and subspace, although it is possible to specify the HMM topology for the context-independent phones. This language modelling framework is open-source licensed through Apache v2.0 and therefore can be and is used as a framework for other FA tooling. [37] [38]
[bookmark: _Toc99579511]2.5.3	FAVE
The FAVE repository, hosted on Github [39], is written in Python. It is a repository of two toolkits, FAVE-Align and FAVE-extract. FAVE-Align is designed to conduct FA of sociolinguistic interviews, using acoustic models from Penn Phonetics Lab Forced Aligner (p2fa). The aligner returns phone and word alignments in a TextGrid format, taken from a sound file and an utterance-level transcript. The pre-trained acoustic models however are for American English taken from the SCOTUS audio dataset. [40] [41] [42]
[bookmark: _Toc99579512]2.5.4	WebMaus
MAUS (Munich Automatic Segmentation) [43] [44] is a segmentation technique. This technique is applied in the alignment tools, WebMAUS Basic and WebMAUS General as well as WebMAUSMINNI. These are a part of the BAS web services [45], allowing text to be aligned with speech recordings, in the case of WebMAUS Basic, producing annotation for the input pairs of both audio and transcript, showing both word and phone segmentation and labelling in one of three formats; BAS Paritur Format (BPF), Emu or TextGrid. [46]
[bookmark: _Toc99579513]2.5.5	ProsodyLab - Aligner
ProsodyLab – Aligner is an alignment tool developed for laboratory speech alignment.
Gorman et al [47] assert that;

“ProsodyLab-Aligner further empowers the experimenter by automating the difficult task of constructing domain-appropriate acoustic models”

Its written using mainly Python and some Shell. Its core is a script, ‘align.py’, which performs acoustic model training and alignment. It calls on HTK (Hidden Markov Model ToolKit), SoX [48], an open-source audio re-sampling command Line Interface (CLI) tool. The output, again, is a TextGrid file. This software is mainly Unix based (Linux and MacOs) but can be operated on Windows too. [49] [47]
[bookmark: _Toc99579514]2.5.6	Montreal Forced Aligner (MFA)
MFA works on the CLI and is programmed in Python. It is described as a “utility for performing forced alignment” [50].  It uses Kaldi Toolkit [37] to do this. This works on available pre-trained acoustic models which include Grapheme to Phoneme models. It gives the ability to train these models to any dataset also. It uses a GMM – HMM framework and starts with monophone models, then triphone models, allowing for speaker adaptability. The results can be output in TextGrid, .lab or .txt formats. [51] [52]
[bookmark: _Toc99579515]2.5.7	DARLA
The Dartmouth Linguistic Automation (DARLA) suite is a web-based tool designed and implemented by Sravana Reddy and James Stanford [53] The pipeline bears similarity to FAVE and uses the MFA instead of FAVE-Align. There is also additional input and output options and is designed to facilitate research that requires accurate transcriptions. The pipeline includes the R Vowels package [54] as the suite is specifically designed for automated vowel extraction, but has a semi-automated alignment and extraction capability. [53] [55]

Having considered the tools available, it is important to consider the methodology proposed to research and experiment with the tools mentioned and a dataset so we can measure the outcomes.

[bookmark: _Toc99579516]3.0	Methodology
As a reminder the aim of the proposed study, discussed in Section 1.1, is to evaluate current phonetic forced alignment tools so that automatic segmentation can be performed to establish features towards training a model in predicting COPD using a suitably specific word.
To achieve this, each objective will be completed in order, creating a process to follow. This process will derive from the methodology proposed to achieve the aims.

[bookmark: _Toc99579517]3.1	Project and Research Philosophy
The proposed project will be investigative, experimental and evaluative. This is based on the following:
· The literature will be objectively and independently researched and reviewed. There will be an external objective point of view to rigorously and systematically assess the current measures and application of alignment tools, as well as the use of forced alignment in artificial intelligence driven speech recognition systems, especially in the healthcare sector.
· The empirical data and metrics generated from the experimentation and testing will be analysed objectively from an external point of view in order to critically evaluate the alignment tools to provide a comparison.
· The study will focus on facts. Both in the literature review, to establish current standards and measures for FA research and in the analysis of empirical results, to evaluate the chosen alignment tools in order to establish suitability for use within a pipeline for feature extraction and manipulation towards the wider project.

Taking the above points into consideration, the proposed study and project will involve critical analysis and evaluation of empirical data, meaning it will be a positivist approach. This philosophy lends itself well to the experimental methodology proposed for this study, giving an evaluation based on factual results.

[bookmark: _Toc99579518]3.2	Project and Research Strategy
There will be a deductive approach to the proposed study strategy. This is based on the methodology of reviewing existing studies and papers based on a theory to establish an hypothesis. This hypothesis will be tested in an experiment to establish empirical results that will be observed, analysed and evaluated, in order to prove or disprove the deduced hypothesis. To achieve this, there are three objectives to be met. These objectives are set out in the following section, along with a methodology approach.
 

3.2.1 [bookmark: _Toc99579519]Project and Research Approach
In order to meet the aim of the proposed study in a positivist and deductive way, the approach considered will be to complete the objectives as follows:
Objective 1:	Rigorously investigate current methods and standards for forced alignment and segmentation for the use of speech analysis.
A thorough and extensive literature review will be conducted, researching existing and current studies and papers in the fields of linguistics, phonology, healthcare and AI with a wider theory in mind: The detection of respiratory diseases, specifically COPD can be detected, and the severity classified through recording a subject’s speech. 
The sub theory is that this is because the speech is generated by articulators within the mouth, glottal and pulmonary systems that are affected by the condition, therefore by using a word that will suitably demonstrate all three working through egressive sounds, and to extract features from these acoustic speech soundwaves to be able to train an AI model as such. For this to happen, there needs to be segmentation and alignment of text transcription to the soundwave. To be more specific, there will be the possibility to automatically conduct segmentation and alignment using AI, fitting into the whole pipeline.
This will facilitate a systematic assessment of current measures and application within the healthcare and respiratory disease arena, of AI, in general speech recognition, segmentation and forced alignment and the tools used as well as how they are used. This will lead to an hypothesis, or a null hypothesis that none of the tools will be sufficient for the intended application.
Objective 2:	Experiment with alignment tools to enable FA, allowing automated segmentation of phonemes within a specific suitable word.
The identified alignment tools will be tested, based on simulation, using specimen acoustic sound files based on the chosen word. The simulation will be observed, measured and compared against metrics achieved through the experiments to produce results that can be analysed and evaluated.
Objective 3:	Analyse and critically evaluate results from testing of chosen alignment tools for accuracy of segmentation.
The results of the chosen alignment tools will be analysed against the chosen metrics. This will produce the data needed to evaluate the alignment tools to facilitate a comparison between them and in so doing, prove or disprove the hypothesis, or null hypothesis that none of the alignment tools identified will be suitable and in so doing, will facilitate the design of a model to feed into the wider pipeline.

[bookmark: _Toc99579520]3.2.2	Resources
This is a study of free and open-source tools, mostly conducted locally on a computing device. As a result, there are minimal resources needed for this. The three main components to conducting the experiment are: 
· Hardware - the computing device chosen to run the tests. There will not be any specialist hardware needed, and a normal computer with network capabilities will suffice. The computer proposed to be used is a Dell G3 laptop personal computer, running an Intel[R] Core[TM] i7-10750H CPU running at 2.6GHz, 16GB of installed Random Access Memory (RAM) and two 500GB M2 solid state harddrives and a NVIDIA GeForce GTX 1660 Ti Graphics Processing Unit (GPU).
· Software – The identified and chosen alignment tools as discussed in Section 2.5, mostly available online through a repository called Github. These will be installed on a laptop computer running a fully licensed Microsoft Windows 11 Home edition, currently version 21H2 on OS build 22000.556. This will require knowledge of programming languages and command line interface commands to run and test them.
· Internet availability – As the software will have to be downloaded and installed on a local device, it will require internet availability over wireless connection (wifi). The specified laptop computer will be communicating through the Intel[R] Wireless-AC 9462 and will be registered on Eduroam whilst in the university campus and Tesco Mobile 4G network when on home premises.
· Data – To test the tools a dataset is needed comprising of acoustic speech sound files, known as cassettes, generated from recording a small sample of people and a transcript in compliance with International Phonetic Association (IPA), manually segmented and written. There will also be a lexicon or library of standard recognised phonemes that will be provided through an online source.

3.2.3 [bookmark: _Toc99579521]Experiment Process
In order to conduct the experiments, a procedure of steps will be followed:
1. Obtain the data: This will be recorded “cassettes” of the chosen word repeated over twenty seconds and twenty seconds of silence over again for one minute.
2. Download the tools: This will involve downloading the software from the repositories such as Github as per the instructions in the manuals provided.
3. Install all software: This stage is crucial to get right. All software needed for the tools will be installed as well as the libraries and plugins that will be needed as per the manuals provided.
4. Set up the filing system: The file directory system needs to be ready for the alignment tools to be able to read from them and to write files to. These directories will be separate directories.
5. Prepare the files: These should be ready to be read by the alignment tools, ensuring they are saved as a .wav file with a consistent naming convention as required and the frequency is set to 44100Hz.
6. Prepare the transcript:  or transcripts if necessary. They also need to be ready to be read by the alignment tool in the same way, adhering to naming conventions and using .txt or .lab files extention.
7. Obtain a pronunciation Dictionary: This will allow recognition of varied phonemes due to pronunciation. It can either be downloaded from a pre-existing lexicon or generated using a grapheme-to-phoneme model. This depends on the quality of pronunciation dictionaries available for United Kingdom English language.
8. Manually align data: In order to test the tools, a benchmark alignment will be done manually by segmenting the transcript into phoneme segments and aligning them to the acoustic soundwave of the cassette.
9. Obtain an acoustic model: There will be two ways this will be done. Either by training the model from the segmented and aligned dataset, part used for benchmarking / testing, or by finding a suitable pretrained model to download.
10. Run the alignment: Firstly, activating the aligner then following the commands needed to run the model. At this stage there will be full records of the observation of the process, including performance against the metrics.

[bookmark: _Toc99579522]3.2.4	Limitations and Risk
The limitation to the proposed study is that of the resources used. These could be:
· Hardware – There is a limit to the amount of processing power within the chosen laptop computer. This creates a potential limitation on the amount of processing it can perform within a given time. Further risk is the potential failure of the hardware within the computer or the computer itself, meaning performance would be compromised further. This can be mitigated through redundancy in having a backup to use to continue testing.
· Software – There is little limitation here other than the availability of the identified alignment tools for testing online. All the alignment tools have open-source software licensing to enable use and further development if needed. Further risk for software would be in potential failure or crashing of the software, and potential corruption of files either through hardware failure or download errors. This can be mitigated in the case of download by checksum validation and in the case of hardware failure by continuously saving progress and multiple backups and restore abilities.
· Internet – The speed of download and upload is the biggest limitation for internet transfer. Whilst on campus the transfer speeds are reasonably quick so the biggest limitation will be on the home 4G wifi, meaning slower transfer speeds. Further risk to internet is the drop of signal and outage of provider, leading to the inability to transfer data over the internet potentially causing delays.
· Data – The biggest limitation will be the number of samples of cassettes available to be able to conduct any meaningful testing. To mitigate this, it is possible to create more cassettes through more sampling subjects, however this will delay testing until the samples are obtained. Further risk here would be the loss or corruption of data due to hardware failure or transfer failure. This can be mitigated through a robust backup and restore regime as with the software.

[bookmark: _Toc99579523]3.2.5	Time Horizon
The time horizon for testing, by its nature, will be short term snapshot as opposed to longitudinal, due to the nature of the study. Longer term the model could be monitored for accuracy however that is outside the scope of this study.

[bookmark: _Toc99579524]3.2.6	Results
The results produced by testing alignment tools will depend on the metrics identified and chosen prior to the testing. It is proposed that one of the most important metric for comparison could be accuracy of segmentation, in as much error in phoneme recognition and segment alignment. Another metric could potentially be efficiency of process, with the biggest measure being time taken to process results.
Other results produced could potentially be measure of prosody and space complexity within the soundwave vector, both useful for wider features to develop and train an AI model. For comparison purposes the metric here could potentially be the effectiveness of measuring these.
These results will facilitate overall critical evaluation and comparison of the chosen alignment tools.

[bookmark: _Toc99579525]3.2.7	Quality of Study and Results
Through the literature review consideration will be given to the suitability of the studies and papers being included to ensure the right questions are asked and answered, and that the research objectives are fulfilled.
Credibility: It will be vitally important for the research literature to hold credibility. As a result, care will be given to authenticating the studies and papers. This will include critically analysing the provenance of the work and data, by ensuring the study is genuine and academic and that the motive and purpose is understood and genuine. Furthermore, the authors’ line of reasoning and point of view will be analysed to understand the agenda and ensure it is for the greater good. The information will be checked for logical progression, premise and reasoning within the narrative. Supporting evidence will be cross referenced with further research papers to ensure all assumptions are correct and that there is a trend followed.
Efforts will be taken to ensure results recorded adhere to the key qualities:
Reliability: Results will be observed and evaluated with no manipulation. Furthermore, there will be consistency observed through testing by following a clearly laid out process so that it can be replicable, ensuring the reliability.
Validity: Test results will be accurately measured against the chosen metrics to produce a correct and replicable result to prove or disprove the hypothesis or null hypothesis, observing the correct outcome and conclusion.
Generalisability: Tests will be run in such a way that results and deduced theories can be scaled and applied across the board, for use within speech analysis within healthcare diagnosis, ensuring the generalisability.

[bookmark: _Toc99579526]3.3	Planning
The timescale for the proposed study will span six months, from April to September 2022. A Gantt chart is provided for timeline as a working document subject to review and adjustment.

[image: ]
Figure 2 - Gantt Chart to show project timescales
	
As can be seen from the Gantt chart in Figure 2, the largest time is allocated to the literature review, in order to get a clear and holistic understanding of the subject. This is also set to start from the beginning of April. Following this it is the collection of recordings and preparation of the data as this will be a very time-consuming process. There is overlap to some tasks such as the identification and choice of alignment tools as this becomes part of the literature review. Others are dependent on the task leading into it to be completed. Time has been allocated to be spent on university campus for working. Outside of that time will be spent researching and studying. There has been allowance made for some time off within the plan, and room for error also.
[bookmark: _Toc99579527]3.4 	Ethical Concerns
It is important to state that the researcher aims to behave professionally and ethically in all activities and conduct.
The ethical issues lie within the academic activities and collection of voice recordings. It is intended that all voice recordings are anonymised to counter this. It is important to state that the relevant guidelines and codes of practice will be followed. For this there are three main guidelines that will be observed and adhered to:
· The British Computer Society (BCS) Code of conduct for BCS members (5th version reviewed on 5th June 2019) including the BCS Code of Ethics.
· The University of Wales Trinity Saint David (UWTSD) Research Ethics and Integrity Code of Practice.
· GDPR where necessary.
Please refer to the application for ethical approval, form PG2 / E1 attached.

[bookmark: _Toc99579528]4.0	Conclusion

AI and Machine Learning are exciting topics within computer science and leveraging the power it has within the healthcare landscape to assist with diagnosis and decision making is becoming more recognised. The proposed study is important to the wider problem of underdiagnosed respiratory conditions such as COPD. It is the foundation to a larger pipeline of features to develop and train an AI model able to classify the severity of these conditions within patients, meaning better care and attention can be given in intervention.
Through understanding the features that can be extracted within the alignment process, such as prosody, intimation, egress and breath noise, the study would be useful to the wider healthcare arena in diagnosis of further respiratory conditions, and potentially any further conditions that can be determined by speech.
As a result, a thorough review of current and relevant literary works will be conducted for better understanding, and appropriate alignment tools identified in order to test the models against metrics such as accuracy of prediction and alignment. Once this is complete there will be an evaluation and a comparison of the alignment tools and further to potentially establish features crucial to the pipeline through segmentation and alignment.
This will be completed across six months, April to September 2022.
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