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A B S T R A C T   

Stroke survivors (SSs) often experience cognitive decline following their initial stroke, necessitating repeat post- 
stroke cognitive assessments. Current methods of assessment, such as the pen-and-paper-based Montreal 
Cognitive Assessment (MoCA), is time-consuming and often reliant on seeing skilled clinicians in person. This is 
at a time when patients have a lot of often diverse rehabilitation needs. To address these challenges, our paper 
introduces the first system of its kind to be used for this cohort. CognoSpeak is an automated cognitive assess
ment system that people can use initially on the ward immediately post-stroke (baseline) and subsequently at 
home (follow-ups). CognoSpeak assesses cognitive decline by asking users to engage with a virtual agent by 
answering questions and completing clinically-motivated tasks and cognitive tests. The system then uses AI to 
extract and process speech, language, and interactional cues for cognitive decline. The system was originally 
developed for dementia; here, we show that it can successfully predict MoCA scores (regression) and identify 
cognitive decline predicated on a MoCA-based threshold (classification) in the stroke survivor cohort. We explore 
an extensive set of acoustic- and text-based features as well as different machine learning models. Leveraging a 
unique dataset of 55 SS CognoSpeak interactions, our findings show excellent performance for both regression 
and classification style prediction with the best regression result (Normalised Root Mean Squared Error (N- 
RMSE)) of 0.092. In addition, we show that direct classification of the MoCA score cutoff of 26 yields an F1-score 
of 0.74 (Specificity: 0.73, Sensitivity: 0.75) using a Logistic Regression Classifier. This demonstrates the first 
evidence of the system’s robustness and clinical potential.   

1. Introduction 

Advancements in Artificial Intelligence (AI), like speech recognition 
technology, computer conversational interfaces and machine learning 
algorithms, are changing healthcare interactions. This includes diag
nostic assessments, tracking of symptoms and self-management, as well 
as the automatic assessment of cognition using the analysis of the speech 
and language of people with dementia (Luz et al., 2020,Luz et al., 2021; 
Mirheidari et al., 2021). 

We are closer than ever to a situation where intelligent conversa
tional interfaces (embodied in robots or virtual agents) are becoming of 
potential use within healthcare settings (Laranjo et al., 2018; Tudor Car 
et al., 2020), but further research is required to understand where and 
how they best fit into clinical pathways. In addition, we have an 
improved understanding of early markers of diseases (like Alzheimer’s 
and Parkinson’s) and emotional state (e.g., low mood and anxiety) in a 

person’s speech and language, and the associated, increasingly mature 
(exploiting recent advances in deep learning and large language) tech
nologies allowing us to computerise the audio- and text-based process
ing and modelling. This opens up huge potential for the healthcare 
domain, where pathological speech processing research has been bur
geoning recently. 

In previous work, we developed a fully automatic system (Cogno
Speak) to identify early signs of dementia through the analysis of a 
conversation between an Intelligent Virtual Agent (IVA) and patients 
with memory concerns (Mirheidari et al., 2019; 2020; 2021). The IVA 
prompts the users to answer a series of memory-probing questions as 
well as to perform some standard cognitive tests. This paper investigates 
the feasibility of using a variant of the CognoSpeak system to aid in the 
detection of possible cognitive impairment in Stroke Survivors (SSs). 

Stroke is one of the leading causes of neurological disability, and it is 
estimated that globally, 100 million people are living with stroke. Stroke 
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survivors are at high risk of developing cognitive impairment, which in 
the vast majority of cases is likely to be classed as Vascular Cognitive 
Impairment (VCI). VCI leads to a sub-cortical pattern of cognitive 
dysfunction and is caused by recurrent stroke-like injury to the brain. 
Stroke can reveal latent Alzheimer’s Disease (AD) (the most common 
cause of dementia) in the months following the stroke event Sahathevan 
et al. (Sahathevan et al., 2012). Post-stroke dementia is thought to ac
count for almost half of all dementia cases (Sun et al., 2014). 

In most countries, national guidelines promote early cognitive 
testing on all people who have had a stroke; however, current pen-and- 
paper-based tests, such as the Montreal Cognitive Assessment (MoCA), 
are not always appropriate for stroke survivors who often have motor, 
visual and/or language difficulties. In addition, as post-stroke cognitive 
impairment may not develop until several months after the acute phase 
of stroke, longitudinal follow-up is required to detect emerging cogni
tive impairment. This means that developing a method to automatically 
and accurately detect and monitor Cognitive Impairment (CI) in the 
early post-stroke phase can aid the management of patients (Livingston 
et al., 2020). In addition, the ability to do this using remote methods 
would greatly improve the ability for timely intervention and reduce 
stress and anxiety during a period when patients have experienced an 
acute life-altering event. Finally, it would mean that clinical resources, 
which are stretched in most stroke service settings (Rudd et al., 2009), 
could be applied to a broader range of rehabilitation needs, leading to 
better patient outcomes and improved satisfaction for SSs and staff. 

There are multiple pen-and-paper cognitive impairment screening 
tests in use. One of the more widely adopted assessments is the Mini- 
Mental State Examination (MMSE) (Folstein et al., 1975); however, it 
lacks sensitivity to detect mild symptoms such as those associated with 
MCI Mitchell (Mitchell, 2017) and mild Vascular Cognitive Impairment 
(VCI). The Montreal Cognitive Assessment (MoCA) Nasreddine et al. 
(Nasreddine et al., 2005) is a more sensitive screening tool for the 
identification of MCI and VCI (Blackburn et al., 2013; Coen et al., 2016; 
Katz et al., 2021). MoCA scores range between 0 and 30, and the 
assessment includes cognitive domains such as abstraction and 
measuring frontal lobe function, which are more sensitive to detecting 
VCI. 

Several studies have compared the detection rate of the MOCA to the 
MMSE for vascular cognitive impairment post stroke (Blackburn et al., 
2013; Chen et al., 2011; Dong et al., 2010; Godefroy et al., 2011; Mai 
et al., 2016; Pendlebury et al., 2012;Pendlebury et al., 2010). All studies 
show that the MOCA is superior in both detecting vascular dementia and 
vascular cognitive impairment in this cohort when compared to the 
MMSE. It is believed that the superiority for the MOCA in detecting 
vascular cognitive impairment may lie in the assessment of executive 
functioning Mai et al. (Mai et al., 2016). Executive dysfunction can be 
detected in up to 77% of stroke survivors Riepe et al. (Riepe et al., 2003). 
Both MMSE and MOCA assess executive functioning using visuoexcutive 
tests of which the MOCA assessments are better at identifying subtle 
deficits in this area. 

A growing number of studies have been aimed at developing auto
matic methods for predicting cognitive test scores (like MoCA and 
MMSE) from spoken language (Luz et al., 2021; Ostrand & Gunstad, 
2021; Sun et al., 2022). However, this is an inherently sparse data 
domain because of ethical concerns about sharing medical recordings. 
As a result, most studies are based on one of the very few publicly 
available datasets, the DementiaBank dataset (Becker et al., 1994). It 
contains recordings of spontaneous speech of people with Alzheimer’s 
Disease and Healthy Controls (HCs) describing the Cookie Theft (CT) 
picture and their associated MMSE scores. For instance, Yancheva et al. 
(Yancheva et al., 2015) used a Bayes Net regression model to predict 
MMSE scores based on linguistic features extracted from manual tran
scripts of the DementiaBank data and achieved a Mean Absolute Error 
(MAE) of 3.8. Fu et al. (2020) used acoustic features combined with 
other information, such as sex and education, to predict MMSE scores on 
the same dataset and reported an MAE of around 5. 

The Alzheimer’s Dementia Recognition through Spontaneous Speech 
(ADReSSo) challenge (Luz et al., 2021) proposed tasks, including MMSE 
prediction, on a subset of the Dementia Bank dataset. The winner of this 
regression task (Pappagari et al., 2021) achieved a Root Mean Squared 
Error (RMSE) of 3.85 on linguistic features extracted from pre-trained 
Bidirectional Encoder Representations from Transformers (BERT) on 
Automatic Speech Recognition (ASR) transcripts (Devlin et al., 2018) 
with the second-best system achieving an RMSE around 4.0. In Mirhei
dari et al. (2022), we subsequently reported results in line with the 
third-best team in the challenge. 

The MMSE assessment is the most widely used, so only a few studies 
have looked at predicting MoCA scores mostly using datasets collected 
by individual authors. For instance, Kantithammakorn et al. (2022) 
aimed to automatically recognise the words uttered by 90 participants in 
a fluency test1 as part of the Thai version of MoCA using an ASR that 
achieved a 30.8% Word Error Rate (WER). They developed an 
end-to-end system by combining their ASR and a Deep Neural Networks 
(DNN)-based model to predict their measure, the Fluency Score Accu
racy (defined as the difference (ratio) between the clinicians’ fluency 
score and the score predicted by the machine in percentage). They used 
the cutoff of 11 words to indicate a score of 1; otherwise, a score of 0 was 
assigned. After applying data augmentation and other modifications to 
their ASR, their best classifier achieved a 93% accuracy. 

Romana et al. (2021) predicted MoCA scores for 37 people with 
Parkinson’s disease when reading three paragraphs focusing on their 
speech errors in terms of disfluencies. They used the Mozilla DeepSpeech 
ASR (trained on LibriSpeech) and fine-tuned the ASR in a 
leave-one-subject-out validation approach to achieve 3.9% WER. They 
trained a Linear Regression (LR) model to reach an average RMSE of 
2.30 on the manual transcript of the reading tasks using the error and 
disfluencies features. The errors increased to 2.65 when using the ASR 
transcripts. Compared to our work, they only focused on a 
three-paragraph reading task, whereas CognoSpeak includes both read 
and spontaneous speech. We also include a broader range of features 
(see Section 2.2.2), whereas this study focused mostly on detecting the 
number of errors that a person with cognitive decline may produce. 

No work has been specifically aimed at the automatic speech-based 
prediction of cognitive impairment in SSs. Related work focusing on 
SSs has looked at ways to assess the severity of their speech impairment 
automatically. Liu et al. (2023) collected a database of 50 participants, 
25 HCs and 25 subacute stroke patients with dysarthria due to a stroke. 
They extracted several audio and video features (e.g., jitter, shimmer, 
tongue distance, minimum/maximum internal lip distance). In their 
preliminary study, they found correlations between some of the features 
and dysarthria severity. Bandini et al. (2018) extracted a few face 
movement features from 12 post-stroke and 11 HC video recordings on 
several speech and non-speech-based tasks and trained a Support Vector 
Machine (SVM) classifier. The classifier achieved 87% accuracy in the 
orofacial impairment detection task. 

Overall, there have been no studies aimed at automatically predict
ing MoCA scores from the speech of SS patients. In addition, many of the 
studies are based on manual transcripts or semi-automatic approaches. 
In this study, we use a fully automatic pipeline to assess SS patients’ 
cognitive ability. We explore two different speech recognition setups: a 
traditional pipeline and a more modern large language model-based 
system. 

The original version of CognoSpeak was targeted at patients at risk of 
developing dementia not related to stroke. The SS version developed for 
this work contains added prompts designed in collaboration with stroke 
medical experts. 

This paper presents a version of CognoSpeak that is specifically 
designed for the post-stroke population. For this study, SSs have 

1 Naming as many words, beginning with a specific letter like ‘k′, in one 
minute as possible. 
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undertaken the CognoSpeak assessment as soon as possible after expe
riencing a stroke (baseline assessment). This paper uses data collected 
using an SS-specific version of our general CognoSpeak tool (Mirheidari 
et al., 2019). Participants can access the web-based tool from home or in 
the hospital using a laptop or tablet. Audio and video streams are 
recorded and saved in a remote safe server, though only the audio re
cordings are processed for this study. For the particular version of the 
system targeting the stroke population, additional prompts were intro
duced, including: 

which helps to identify subtle low-frequency anomia to severe 
dysphasia by assessing both speed of speech and expressive language 
production in describing details of events, 
which aims to assess the participant’s concentration and attention. 
assesses expressive language, planning and executive cognitive 
function. 
helps to assess comprehension of language 

We focus on two research questions: (i) Can we predict the MoCA 
scores of the participants from an analysis of their responses to the 
prompts initiated by the IVA (regression) and (ii) how accurately can we 
identify participants with signs of cognitive impairment (defined as 
having a MoCA score above a certain threshold) (classification)? As part 
of this, we present an in-depth analysis of the effect of the choice of 
cutoff value on classification accuracy. To the best of our knowledge, 
this is the first data and associated experimental research to explore the 
area of automatic conversation-based CI assessment for stroke survivors. 

2. The post-stroke CognoSpeak system 

2.1. Data 

The data was collected between December 2020 and 2022 using the 
system either at the Royal Hallamshire Hospital, Sheffield, United 
Kingdom using a laptop or tablet and a headset or at participants’ homes 
using their own devices. Ethical approval for the study was gained from 
the National Health Service Health Research Authority, London - Cam
berwell St Giles Research Ethics Committee. Approval for the study was 
granted on the 26th of May 2020 (REC reference: 20/LO/0376). All 
subjects provided written consent before entry into the study. A total of 
55 SS assessments have so far been recorded. All of these assessments 
were undertaken as soon after the stroke event as possible. The SS 
participants were diagnosed with Ischaemic Stroke (36), Transient 
Ischaemic Attack (11) and Haemorrhagic Stroke (8), respectively. All 
SSs had a National Institutes of Health Stroke Scale (NIHSS) assessment 
and scored less than 15 (average 3.7).2 Table 1 gives more details about 
the participants’ demographic information. 

Figure Fig. 1 shows the histogram of the MoCA scores of the par

ticipants. Scores start with a minimum of 15 and a maximum of 29 with 
a median of 25. The majority of the scores are between 24 and 27. A few 
participants completed the MoCA over the telephone (T-MoCA) during 
the Covid-19 pandemic.3 

2.2. Automatic cognitive assessment system 

Our automatic cognitive assessment system will predict the MoCA 
score based on the audio recordings of the conversations with the IVA 
and identify cognitive impairment. The system consists of three com
ponents: Automatic Speech Recognition (ASR), feature extraction, and a 
regression or classification component. Fig. 2 shows the system’s 
structure. First, the audio files corresponding to the answers to different 
prompts (initiated by the IVA in the conversations) are passed to the 
ASR. The ASR then produces automatic transcripts, including timing 
information about the uttered words and the pauses between the words.4 

Next, the feature extraction component extracts different features from 
either the automatic transcripts or the audio files. Finally, the extracted 
features are passed to either a regression component to predict a MoCA 
score or to a classification component to identify cognitive impairment 
(defined as being below a certain MoCA level). 

2.2.1. Automatic speech recognition 
The automatic speech recognition component is trained on both 

publicly available data as well as in-house data. Two different models 
are explored: a Kaldi-based DNN model and a Wav2vec2 large language 
model-based framework. 

For training, in addition to the CognoSpeak dataset, we used the 
LibriSpeech5 dataset (over 5 thousand people reading books). Table 2 
provides information about the two datasets. Note that the CognoSpeak 
dataset contains recordings from participants with non-SS clinical di
agnoses (such as MCI and neurodegenerative disease and healthy vol
unteers). We used all the datasets for training the ASR system (a total of 
355 recordings). 

The LibriSpeech dataset was used to train a standard time delay 
neural network acoustic model following Kaldi’s LibriSpeech recipe 
(Povey et al., 2011). For evaluation purposes and to mitigate the effects 

Table 1 
Demographic information of the participants.   

SS (n = 55) 

Age 61.1( ± 15.7) 
Female (%) 45.5 
Age since they left education 17.1( ± 3.3) 
MoCA 24.3( ± 3.4) 
NIHSS 3.7( ± 3.4)  

Fig. 1. Histogram of the MoCA scores of the participants. MoCA scores range 
between 0 and 30. 

2 The NIHSS scores people on a range from 0 to 42. Scores below 5 denote 
either an absence of stroke symptoms or a minor stroke. Scores between 5 and 
15 suggest a moderate stroke, while above 16 indicates a moderate to severe 
stroke. 

3 The telephone variant of MoCA is scored out of 22; we converted the T- 
MoCA score to the equivalent MoCA score using the guidance and conversion 
table provided in Katz et al. (2021)  

4 Short pauses (less than 0.1 s) are ignored.  
5 This is a large-scale state-of-the-art dataset for training high-performance 

ASR systems containing approximately 1000 h of read speech. 
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of having a relatively small dataset, we used a standard k-fold 
cross-validation approach with 10 folds. We used the “transferring all 
layers” technique (both the structure and the weights were transferred) 
(Manohar et al., 2017), to adapt the acoustic model based on the Lib
riSpeech dataset to the training dataset (9 folds out of 10 of the Cog
noSpeak dataset). We trained the model with an audio chunk size of 100, 
batch size of 128, epochs of 2, a learning rate of initially 0.005 and a 
final learning rate of 0.0005. Two GPUs were used to train each ASR 
model. For the language model, a four-gram model was used with Turing 
smoothing interpolated with the language model based on the Lib
riSpeech text (50% weight for each language model). The average word 
error rate (WER) achieved across all participants’ utterances was 25.1%. 
In addition, we have used the fine-tuning technique on the Wav2vec26 

ASR (Baevski et al., 2020) to train 10 end-to-end ASRs (10-fold 
cross-validation). To boost the performance of the ASRs we added 
5-gram language models on top of the base pre-trained Wav2vec2 model 
following the instructions provided by Hugging Face7 (epochs:8, 
batch-size:8, learning rate:0.0001, weight decay:0.005). The final 
average WER was 23.2% (slightly better than Kaldi). Since the results 
from Wav2vec2 were not significantly better than Kaldi’s we will use the 
outputs of both types of ASR systems in our experiments to explore any 
downstream effects. 

While the achieved WERs are significantly higher than state-of-the- 
art WERs obtained on benchmark datasets and tasks, they align with 
similar studies in the healthcare domain (Gosztolya et al., 2019; Mir
heidari et al., 2022). This speaks to the challenging nature of this data 
arising from the spontaneity of the speech, the age of the speakers and 
the nature of their condition. 

2.2.2. Feature extraction 
We have extracted a range of features from the audio recording and 

the outputs from the ASR systems, that is, the automatic transcripts and 
the word and pause timings. Table 3 summarises the different types of 
features. These are further described below. 

Conversational analysis (CA) based features are a subset of the 
statistical features that we have introduced in our previous studies 
(Mirheidari et al., 2017, 2020) and with which we have achieved 
promising results when identifying cognitive impairment associated 
with early-stage dementia. These features are extracted across the whole 
conversation and were originally inspired by early work by linguists 
(Elsey et al., 2015) and then mapped to features that can be 

automatically extracted. Here, we use 10 of the originally proposed CA 
features, namely the features that are based on the participant’s speech 
as opposed to that of the interviewer (here replaced with the IVA) or any 
accompanying person (also not available in these recordings). Tempo
ral features are the pause and speech-related features extracted from 
the ASR transcript and the estimation of pauses between the words. For 
instance, the number of words, the length of words, the length of pauses, 
the length of the filler words, the average number of words per minute, 
and the average pauses per minute. The lexical features (LX) are 12 
part-of-speech-related features from the ASR text, for instance, the 
number of verbs, nouns, and adverbs. The eGeMAPS (Eyben et al., 
2015) features have successfully been used for emotion detection tasks 
(affective computing) (e.g., (Triantafyllopoulos et al., 2019); we have 
also used features proposed for the AVEC 2013 (Valstar et al., 2013) and 
ComPARE 2016 (Schuller et al., 2016) challenges. The GloVe features 
are the fixed-length global vectors for word representation (Pennington 
et al., 2014). They have been trained on a huge amount of text to capture 
contextual information about individual words in different text con
tents. In addition, we have extracted BERT (bidirectional encoder rep
resentations from transformers) (Devlin et al., 2018) based features that 
have been shown to give state-of-the-art results in many natural lan
guage processing applications, including (Pan et al., 2021). The BERT 
models are also trained on a huge amount of text but capture more in
formation, such as both lexical and contextual information of words in 
sentences of the input text. As such, words in different order would 
produce different features extracted by BERT, in contrast to features 
based on the GloVe, which is agnostic to word order. 

For the eGeMAPS, AVEC and ComPARE features, the average and 
standard deviation of the extracted features per frame were also calcu
lated. For the GloVe and BERT features similarly, we calculated the 
average and standard deviation of the representative vectors per each 
word in a sentence. 

Fig. 2. Components of the automatic cognitive assessment system: automatic speech recognition (speech to transcripts), feature extraction (from speech and 
transcripts), regression (predicts MoCA), and classification (identifies cognitive impairment). 

Table 2 
Datasets used for training the ASR systems. Dur.:the total duration in hours, Avg. 
Dur.:average utterance duration in secs.  

Dataset Duration # Utterances # Speakers Avg. Dur. 

CognoSpeak 60.6 h 17.6k  355 12.4 s 
LibriSpeech 961.1 h 281.2k  5466 12.3 s  

Table 3 
Summary of the features extracted from either the audio recording or the ASR 
outputs.  

Features (#) Comment  

CA (10) Inspired by Conversational Analysis (Mirheidari et al., 2017); 
extracted across the whole conversation, such as, number of 
“don’t know”, number of filler words.  

Temporal (8) Pause and speech-related features, e.g., the length of words, 
the length of pauses, the length of filler words.  

LX (12) Lexical or part of speech (e.g., number of verbs, nouns) ( 
Mirheidari et al., 2017).  

eGeMAPS (46) Acoustic features (eGeMAPS; extended Geneva Minimal 
Acoustic Parameter Set) (Eyben et al., 2015) extracted using 
the openSMILE toolkit (Eyben et al., 2010).  

AVEC13 (152) Acoustic features (Valstar et al., 2013) extracted using the 
openSMILE toolkit.  

ComPARE16 
(260) 

Acoustic features (Schuller et al., 2016) extracted using the 
openSMILE toolkit.  

GloVe (600) Word embedding GloVe vectors (300 dimensions)(Pennington 
et al., 2014).  

BERT* (4096) Bidirectional language model (large, uncased, 2048 dims) ( 
Devlin et al., 2018). 

* :BERT-Large-uncased model is available in https://huggingface.co. 

6 The Wav2vec2 model is part of a family of state-of-the-art self-supervised 
models; this one takes audio as input.  

7 https://huggingface.co/blog/wav2vec2-with-ngram 
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2.2.3. Regression and classification models 
Since we have a relatively small amount of data to train our 

regression models with, we used well-known conventional machine 
learning regression models (with default parameters) on the extracted 
features to predict the MoCA scores rather than deep learning neural 
network models: Support Vector Regression (SVR), Logistic Regression 
(LR), Random Forest Regression (RFR) and K-Nearest Neighbouring 
Regression (KNNR). The Sklearn Python module (Pedregosa and Varo
quaux, 2011) was used to train the models. 

In addition, we trained binary classifiers to predict the cognitive 
decline at different MoCA cutoffs. Three classifiers were chosen for the 
classification task: logistic regression classifier (LRC), linear support 
vector classifier (SVC), and random forest classifier (RFC). 

2.3. Evaluation 

The standard metric for the regression task is the average of the Root 
Mean Square Error (RMSE). We used the normalised form of the metric 
(dividing the score by the maximum score, here 30) (N-RMSE). We 
applied the leave-one-subject-out cross-validation approach to evaluate 
the regression models’ performance in our experiments (i.e., one out of 
55 for the test and 54 for training, repeated for 55 recordings). Since the 
RFR had an internal randomness factor, we ran it ten times and calcu
lated the average and standard deviation of the N-RMSE. Note that we 
have not applied fine-tuning to get better results since our data is 
limited; fine-tuning would involve a high risk of over-fitting. 

Similarly, for classification tasks, we used the leave-one-out cross- 
validation approach and for evaluation, we used specificity, sensitivity 
and the weighted F1-score which is again a standard machine learning 
performance measure for unbalanced datasets. 

3. Results 

Since the features were either directly extracted from the audio or 
the transcripts (and the word level timing information) produced by the 
ASRs, we first show the results on the acoustic-only features. Then we 
show the results on features extracted from the manual transcripts and 
features from the ASRs outputs. 

3.1. Regression task 

To answer our first research question, we have trained some 
regression models to estimate the MoCA scores from the extracted fea
tures. Initially, we used only-acoustic features to train the regression 
models. 

Table Table 4 shows the average N-RMSE for the regression models 
on acoustic-only features. The minimum error achieved by eGeMaps 
features using the RFR model with an average N-RMSE of 0.095 and a 
standard deviation of 0.001 (we can interpret it as around a 9.5% error 
rate). Compare16 features were the second using the same regression 
model with slightly higher errors. Also, RFR worked better than other 
regression models using other acoustic features. 

Working on the text-based features, we also observed that the RFR 
model outperformed other regression models. Therefore, for the rest of 
the regression experiments, we only show the results of this model. 

Table Table 5 shows the average N-RMSE for the four regression 
models using the text-based features extracted from the manual 

transcripts, Kaldi and Wav2vec2 outputs. The BERT features achieved an 
average N-RMSE of 0.100 on manual transcripts. Slightly better results 
were achieved using Kaldi and Wav2vec2 outputs. The best performance 
was achieved by Wav2vec2 (0.094). We also combined all features, 
however, this did not result in better results. In contrast, combining 
BERT and eGeMaps features improved performance. The minimum N- 
RMSE was 0.092 achieved by Wav2vec2 on BERT + eGeMaps. 

So on the whole our regression model could estimate the MoCA 
scores (RQ1) with a reasonably good performance. 

3.2. Classification task 

We further trained the three classifier models on all extracted fea
tures to predict cognitive impairment directly from the MoCA scores to 
explore the effect of different cutoffs varying them between 22 and 26, e. 
g. (MoCA < 22 vs MoCA ≥22) (RQ2). 

Table Table 6 shows sensitivity, specificity and F1-score for the three 
classifiers using BERT + eGeMaps features extracted from Wav2vec2 
outputs. Although the LRC and SVC achieved the maximum F1-score of 
0.86 for the MoCA cutoff 22, with a sensitivity of 0.87, their specificity is 
unsatisfactory (0.53). The best performance achieved was by the LRC for 
a cutoff score of 26 when considering the F1-score, specificity and 
sensitivity altogether (F1-score:0.74, specificity:0.73 and sensitivity:74). 
The same F1-score with slightly less specificity and sensitivity was ach
ieved by the RFC with the same cutoff. 

For the LRC model with the optimum F1-score/Specificity/Sensi
tivity, we calculated the confusion matrix (Fig. 3). Over 81% of MoCA 
scores < 26 were classified correctly (25 out of 31), while only 67% of 
MoCA score ≥ 26 were classified correctly. Over 33% of those with 
MoCA score ≥ 26 with those with as MoCA score < 26. Thus, in brief, 
the classifier models also could identify cognitive decline with an 
acceptable level of accuracy. 

4. Discussion 

In terms of predicting the MoCA score (regression task), the acoustic- 
only features were as important as the text-based features. In particular, 
the eGeMaps features achieved an N-RMSE of 0.095 on the RFR model. 
These features are designed to capture emotion in speech efficiently. In 
terms of text-based features, the BERT features were more important. 
However, the combination of BERT and eGeMaps achieved the best 
performance with an N-RMSE of 0.092. The BERT features capture lin
guistics and contextual information of the text. Thus, both emotion- 
based acoustic features, as well as linguistic features are shown to 
help in predicting the MoCA scores from the conversations. The prompt 
selection investigation, however, showed that similar results could be 
achieved only using five prompts. 

A MoCA cutoff score of less than 26 is appropriate for detecting MCI. 
However, no defined normality cutoff score has been validated in the 
post-stroke population. Godefroy et al. (2011) used a cutoff of 26 and 
found that 82% of patients with acute stroke scored below this number. 
However, when they adjusted the scores based on age and education, the 
figure dropped to 48%, reaching a high sensitivity (94%) but a low 
specificity (42%). An optimal cutoff of 19 for non-adjusted MoCA and 22 

Table 4 
Average N-RMSE for the regression models using the acoustic-only features (for 
RFR, we list the average N-RMSE and standard deviation).  

Features SVR LR RFR KNNR 

AVEC13  0.116  0.169  0.104 (0.002)  0.119 
ComPARE16  0.116  0.137  0.103 (0.001)  0.118 
eGeMaps  0.115  0.184  0.095 (0.001)  0.107  

Table 5 
Average N-RMSE for the RFR regression model using the text-based features 
extracted from the manual transcripts (Man.), Kaldi and Wav2vec2 ASRs (for 
RFR, Average N-RMSE (Standard Deviation)).  

Features Man. Kaldi Wav2vec2 

CA  0.104 (0.001)  0.104 (0.001)  0.103 (0.001) 
Temporal  0.108 (0.001)  0.108 (0.001)  0.106 (0.001) 
LX  0.107 (0.001)  0.109 (0.001)  0.104 (0.002) 
GloVe  0.104 (0.001)  0.108 (0.001)  0.104 (0.002) 
BERT  0.100 (0.001)  0.096 (0.001)  0.094 (0.001) 
BERT+eGeMaps  0.096 (0.002)  0.096 (0.001)  0.092 (0.001)  
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for age and education was suggested when the MoCA score was adjusted. 
Other proposed cutoffs included (Salvadori et al., 2013) reporting a 
sensitivity of 91% and specificity of 75% using a cutoff 21. Our study 
shows how considering different cutoff values might result in better 
specificity whilst losing sensitivity. However, the results still justify an 
optimum cutoff of 26, given both sensitivity and specificity are above 
0.73. 

This study has highlighted some important findings and implications 
for how future studies might be conducted. Most of the SS participants 
found the full assessment session lengthy, which may have been a 
contributing factor to participants either tiring through the session or 
deciding to not sign up to the study. We suspect they may have preferred 
to have a conversation with fewer questions. These limitations suggest 
making a shorter version of the system specifically designed for the SS. It 
should also be considered that the timing of the assessment may have 
affected study participation. When the SS clinical situation is more 
stable and the patients are less worried about their immediate health 
situation they may be more amenable to the assessment. 

5. Conclusions 

To the best of our knowledge, this study is one of the first to auto
matically predict the full MoCA cognitive test scores from the audio 
recordings of conversational speech of stroke survivors. The automatic 
features extracted from the audio recordings and the ASR outputs were 
largely useful in predicting the scores using the regression models. We 
have tried four different regression models. However, the best experi
ment was the Random Forest Regression model, which achieved an 
average N-RMSE of 0.092 on BERT from Wav2vec2 outputs plus eGe
Maps features. This confirms that despite the errors introduced by the 
ASR, the language model-based BERT features are robust and able to 
capture information, which is useful in predicting the MoCA score. 

Overall, we achieved very encouraging results for this study. How
ever, a delimitating factor was the relatively small number of samples, 
which precluded us from using state-of-the-art DNN-based models. The 
SSs included in this study were predominantly mild stroke, which is 
largely representative of the post-stroke cohort, and they represent a 

group that has a considerable risk of developing cognitive impairment 
(Pendlebury et al., 2011). We continue to collect more data (including 
follow-up assessments), allowing us to explore more complex models to 
detect cognitive impairment and monitor decline over time. 
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