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AbstractÐThe early signs of cognitive decline are often no-
ticeable in conversational speech, and identifying those signs
is crucial in dealing with later and more serious stages of
neurodegenerative diseases. Clinical detection is costly and
time-consuming and although there has been recent progress in
the automatic detection of speech-based cues, those systems are
trained on relatively small databases, lacking detailed metadata
and demographic information. This paper presents CognoSpeak
and its associated data collection efforts. CognoSpeak asks
memory-probing long and short-term questions and administers
standard cognitive tasks such as verbal and semantic fluency
and picture description using a virtual agent on a mobile or
web platform. In addition, it collects multimodal data such
as audio and video along with a rich set of metadata from
primary and secondary care, memory clinics and remote settings
like people’s homes. Here, we present results from 126 subjects
whose audio was manually transcribed. Several classic classifiers,
as well as large language model-based classifiers, have been
investigated and evaluated across the different types of prompts.
We demonstrate a high level of performance; in particular, we
achieved an F1-score of 0.873 using a DistilBERT model to
discriminate people with cognitive impairment (dementia and
people with mild cognitive impairment (MCI)) from healthy
volunteers using the memory responses, fluency tasks and cookie
theft picture description. CognoSpeak is an automatic, remote,
low-cost, repeatable, non-invasive and less stressful alternative to
existing clinical cognitive assessments.

Index TermsÐdementia, MCI, computational paralinguistics,
cognitive decline, pathological speech

I. INTRODUCTION

Struggles with memory and cognition can stem from a

variety of causes, including fatigue, stress, and illness, and

often worsen with age. If such issues persist beyond a few

months, they might indicate mild cognitive impairment (MCI)

[1], a condition linked to problems with memory, learning,

reasoning, attention, conversation, language, and loss of in-

terest or motivation. Those experiencing MCI often describe

their condition as ‘brain fog’ as it affects their ability to think

clearly [2]. Approximately half of those diagnosed with MCI

eventually develop dementia, a progressive condition caused

by brain-damaging diseases including Alzheimer’s (AD) [3].

Other forms of dementia, such as vascular and frontotemporal

dementia, often affect behaviour and cognitive abilities such

as language, perceptual and executive functions [4], [5]. Both

MCI and dementia are the initial stages of cognitive decline,

and lack a cure [6].

The benefits of detecting early signs of dementia include

timely treatment to delay the later stages. However, this can

be challenging as it requires thorough investigations by neuro-

logical experts and maintaining historical records through cog-

nitive assessment by the health service providers [7]. Existing

clinical methods for diagnosis are brain magnetic resonance

imaging measurement (MRI), scale testing and cerebrospinal

fluid analysis [8], which are expensive, time-consuming, un-

pleasant to the participants and laborious; which is why these

methods are disadvantageous for large-scale cognitive decline

screening [9]. This is also why 75% of individuals with early

cognitive decline do not get treated at all [10], making it

one of the most under-diagnosed conditions for the global

ageing population. There is, therefore, an increased necessity

for remote, smart technologies to support healthcare services

to deliver timely and accurate diagnosis [10].

CognoSpeak is designed to accelerate the identification

of early cognitive decline, thus saving time and financial

resources for health service providers across the world, such as

the National Health Service (NHS) in the UK (Figure 1). Using

a virtual agent on a laptop or tablet, CognoSpeak engages the

subject in a conversation which is cognitively demanding on

multiple domains involving memory, language and attention

and carefully analyses the spoken answers to detect early signs

of dementia as described in Figure 2. The virtual agent ad-

ministers a diverse range of tasks such as long and short-term

memory tests, semantic and phonemic fluency tests, picture

description tasks, and reading tasks. Gold-standard clinical
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Fig. 1: CognoSpeak will expedite the stratification process

for those who are concerned about their cognitive health

as it is capable of accurately distinguishing between those

who show signs of cognitive decline and therefore need

referring to a more specialist assessment and those who have

other causes of their memory problems such as depression

or anxiety. Currently, data collection is ongoing in various

parts of the UK, encompassing a wide range of accents and

demographics. Participants are recruited nationwide through

primary and secondary care, various websites such as Join

Dementia Research and social media channels, including a

number of memory clinics for the study.

processes have diagnosed the subjects’ cognitive status into

three categories which are dementia, MCI, and healthy control

(HC). Subjects are invited for follow-up assessments to enable

longitudinal studies. In addition, the subjects undergo multiple

standard cognitive and mood assessments, which are further

described in Section III, to allow for a range of detection

and regression experimental analyses. CognoSpeak is currently

used to collect data in primary and secondary care in the

UK as well as recruiting nationally through websites like Join

Dementia Research. This remote, large-scale data collection,

either at patients’ homes, at clinics or in community centres,

allows us to capture real-world conversational speech. To the

best of our knowledge, this is the largest collection of this type

of data.

This paper presents the first results from the initial data

collection phase of audio recordings from 126 subjects. Next,

in Section II, similar work carried out in the past and their

limitations are discussed, followed by Section III, where the

system and the initially collected data are described. Section

III also describes the experimental setup of feature extraction,

classification and evaluation. The results are summarised in

Section IV and Section V discusses them. Finally, Section

VI concludes that CognoSpeak, an automatic, low-cost and

remote assessment tool, is a promising viable means to provide

a diagnostic aid for the early detection and tracking of signs

of cognitive decline for healthcare providers. Python scripts

used in this study are shared via our GitHub repository [11].

II. PREVIOUS WORK

Analysis of speech and conversation using machine learning

techniques has shown promise in the past. High accuracies

of 74.65% and 84.51% to detect AD have been achieved

using both acoustic and linguistic features, respectively, from

spontaneous speech [12]. In recent years, an increasing num-

ber of studies, such as those based on the DementiaBank

dataset [13] and derivations of it like the ADReSS [14]

and ADReSSo [15] challenges, worked on picture description

data of the well-known cookie theft (CT) picture. ADReSS

presents challenges of successfully identifying potential AD

patients using audio recordings and manual transcriptions,

whereas ADReSSo only provided researchers with the audio

recordings. A special compact set of features from standalone

audio helped to achieve an accuracy of 87.6% [16]. Automatic

systems like [17], [18] performed very well by achieving

accuracies up to around 90% using both audio and text

(manual transcription) features. These public datasets have

mostly supported studies on the binary distinction between HC

and AD with very little work on MCI. One exception has been

the work of Mirheidari et al. [19], which used BERT-based

features combined with acoustic and textual features to train a

classifier and achieve an F1-score of 81.2% on a dataset of 50

MCI vs. 50 HC participants. Amini et al. [20] used AlBERT

and BERT on a dataset of interviews from three groups of HC

(410), MCI (387), and dementia (287) subjects to achieve an

accuracy range between 62% to 69% for identifying MCI from

HC. However, these datasets were small and lacked multiple

diagnostic classes, as well as wider ranges of demographics

including ethnicity information and rich clinical metadata.

The potential of using automatic speech analysis to monitor

the progression of signs of cognitive decline is further con-

firmed when digital speech assessments completed by older

adults over a six-month period were grouped by Montreal

Cognitive Assessment (MoCA) scores and adults with higher

MoCA scores showed better performance in information rich-

ness, language coherence and word-finding abilities. In con-

trast, MCI and AD adults demonstrated a more rapid decline

[21]. As people with early cognitive decline are often not

followed closely enough, automatic tools like CognoSpeak

may help monitor longitudinal tracking.

III. EXPERIMENTAL SETUP

A. CognoSpeak data collection

The participants’ data is collected using the CognoSpeak

system, an innovative online AI tool designed to automatically

identify potential indicators of cognitive decline. The assess-

ment involves the acquisition of audio and video recordings

from participants who are asked to answer a set of questions

and complete a series of conventional cognitive tasks by a

virtual agent. The participants can choose one of the four

avatars, specially designed to represent various ethnic and age

groups to make the participants feel comfortable speaking to

the virtual agent (Figure 2). The virtual agent prompts have

been crafted with input from clinicians and computational

https://www.joindementiaresearch.nihr.ac.uk/
https://www.joindementiaresearch.nihr.ac.uk/
https://www.joindementiaresearch.nihr.ac.uk/
https://www.joindementiaresearch.nihr.ac.uk/
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Fig. 2: CognoSpeak collects real-world audio and video recordings when a virtual agent prompts the subject for a diverse

range of clinically proven effective tasks on multiple platforms such as mobile and web. Four avatars (2 male and 2 female)

from diverse ethnic groups were used as the virtual agent. The recorded audio is then pre-processed and both acoustic and

linguistic features are extracted to train and evaluate classifiers such as standard classifiers and sequence classifiers (foundation

models). Finally, those with either dementia or mild cognitive impairment (MCI) are distinguished from healthy.

TABLE I: Dataset description. Our dataset contains 63 cases (dementia and MCI) and 63 healthy controls (HC). Acronyms

F and M stand for female and male, respectively. The sum of the gender columns does not correspond to the total number of

subjects (126) because 1 of these is undisclosed. The values mentioned within brackets are the standard deviations. The audio

lengths are shown in seconds under ‘Len’ and the signal-to-noise ratios (SNR) are shown in dB. In general, audio has very

little noise and the long-term prompts are shorter for dementia subjects, but are almost equal between MCI and HC.

Group Diagnosis
Number of

Age
Gender Short-term Long-term Semantic-fluency Picture description

Subjects M F Len SNR Len SNR Len SNR Len SNR

Case

Dementia 12
75.83

6 6
40.47 -84.31 30.53 -83.2 60.06 -90.56 83.74 -85.51

(9.25) (33.79) (9.23) (28.07) (14.4) (0.13) (10.97) (49.36) (7.92)

MCI 51
68.41

31 20
39.12 -82.74 41.32 -82.33 60.2 -85.14 76.66 -88.28

(10.11) (30.44) (10.88) (28.53) (9.97) (0.31) (10.08) (58.96) (13.08)

Control HC 63
59.19

28 34
41.12 -83.6 39.51 -83.62 60.18 -89.76 70.19 -85.17

(15.89) (31.48) (15.11) (34.73) (13.06) (0.29) (14.76) (35.33) (13.18)

Total All 126
64.51

65 60
40.25 -83.32 39.39 -83.06 60.18 -87.96 74.10 -86.46

(14.43) (31.3) (13.06) (31.88) (12.06) (0.29) (12.92) (47.77) (12.82)

linguists to elicit diverse speech patterns and assess speech

properties that may be impacted by cognitive impairments.

For example, the questions include memory recall that aims to

examine short or long-term memory [22], [23], speech fluency,

cognitive functioning [24], picture description [25] and reading

a 9-sentence or 129-word long paragraph [26].

The answers to these speech elicitation prompts are tran-

scribed automatically to enrich the data with multiple modal-

ities, allowing acoustic and linguistic analysis. All the inter-

actions are also manually transcribed to aid the training of

the automatic speech recognition models. In addition, some

participants are required to complete a comprehensive suite

of questionnaires, such as the MoCA, Multicultural Cognitive

Examination (MCE), and Rowland Universal Dementia As-

sessment Scale (RUDAS), which are intended to evaluate cog-

nitive impairments attributable to dementia. Mental health as-

sessments, including the Patient Health Questionnaire (PHQ-9)

and Generalised Anxiety Disorder Assessment (GAD-7), are

administered to evaluate the psychological well-being of par-

ticipants and to allow for the exploration of the confound-

ing effects of cognitive decline and mood on speech pa-

rameters. In addition, to achieve cognitive diagnostic labels,

participants recruited through the NHS undergo the usual

gold-standard diagnosis and participants that are recruited

through other routes are asked to complete the Cognitron

assessment [27]. To protect privacy, participants are oriented

on tool usage and briefed on each question by the virtual agent.

Recruitment of participants takes place through a variety of

channels, including healthcare referrals, charitable initiatives,

and word-of-mouth. All subjects participate voluntarily and

sign informed consent items through CognoSpeak. The data



Fig. 3: Distribution of the demographic information (age, ethnicity and gender) of all 126 subjects used in this study.

The age distribution shows the trend of having more younger people as healthy. The ethnicity distribution shows that even

though a small number of subjects represent other ethnicities, most of the participants are white British. Mixed ethnicity is

noted for mixed white and black. The gender distribution is almost equally balanced across the groups.

collection is performed under the ethical requirements of the

institutions.

CognoSpeak has been developed with extensive user feed-

back throughout to ensure usefulness and usability. Users from

diverse ethnic backgrounds have helped with the co-design

of the virtual agents where participants have a choice of

four different virtual agents. Feedback indicates that users

find the system intuitive and easy to use as less than 6%

of users require help to complete the assessment, and only

3.5% of users dislike using the system. In addition, nearly

96% express positive or neutral views regarding the virtual

agent incorporated into the system.

B. Dataset description

Data collection is ongoing, and to date, more than 1600

participants have completed the assessment and 12.63% of

them are from UK ethnic minorities for which we collect a

range of language-related metadata enabling us to explore ro-

bustness to language background and potential bias issues. Of

these, manual transcripts are so far available for a subset of the

participants, specifically 126 individuals for the experiments

conducted in this study. To explore the individual merits of

the various elicitation tasks, we have conducted experiments

on four sets of tasks, namely the short-term memory question,

the long-term memory question, the semantic fluency task

and the CT picture description task. The short and long-term

memory probing questions were ‘What did you do over the

weekend? Please give as much detail as possible’ and ‘Please

could you tell me about the school you went to and how old

you were when you left?’ The subject was asked to name as

many animals as possible within a minute for the semantic

fluency task and then invited to describe the CT picture. The

total length of recordings for this cohort is 7 hours, 29 minutes

and 13 seconds, which includes 12 individuals diagnosed

with dementia, 51 diagnosed with MCI, and 63 participants

identified as healthy controls, i.e., having no cognitive health

issues. Table I shows the prompt lengths and signal-to-noise

ratio (SNR) along with its standard deviation for each group as

well. Audio in general contains very little noise as the lowest

SNR has been -83.06±12.06 dB for long-term memory tasks

as shown in Table I.

Table I shows the demographic information in terms of the

number of subjects, age, and gender and Figure 3 shows the

distribution of age, ethnicity and gender. They demonstrate

that the gender distribution is almost equally balanced among

both cases (dementia and MCI) and healthy controls. However,

as the data has been collected mainly in England so far, the

majority of the participants are white British. Figure 3 also

shows that all dementia and MCI subjects are white, except

10 MCI subjects who did not disclose their ethnic information.

According to a two-tailed t-test (p < 0.001), no statistically

significant difference in gender distribution was identified,

however, there is a statistically significant difference between

the age distribution of patients, who were diagnosed with

dementia and MCI and have an average age of 69.83±10.37

years, and healthy controls. This observation aligns with

the consensus in neuroscience that cognitive decline, often

attributed to structural and functional changes within the brain,

predominantly occurs with aging [28].

C. Feature extraction and classification

The audio of the selected four tasks was preprocessed

by forced alignment and segmentation before extracting both

acoustic and linguistic features, as shown in Figure 2. Acoustic

features include eGeMAPS and ComParE 2016 from OpenS-

mile 3.0 [29], [30]. Foundation models are proven useful in

sentiment, language and text analysis in recent times [31],

and here we explore their abilities in detecting cognitive

impairments [32]. We have applied three such models which

are BART [33], RoBERTa [34], [35] and DistilBERT [36],

[37]. Initial experiments using different seeds on these models

exhibited no significant improvements. The experiments were

performed over k-fold cross-validation (k = 5) with the same

data split with strictly no overlap between folds to make

rigorous comparisons between approaches and make the best

use of the relatively small amount of data in each class.



Fig. 4: Classification based on individual task. The F1-scores are shown at the top and bottom half while using the acoustic

and linguistic features for each classifier respectively. The performance is better when using the linguistic features.

TABLE II: Overall classification performance. The precision, recall and F1-scores are shown for both acoustic and linguistic

features. Again, the foundation models using linguistic features outperform the standard classifiers using acoustic features.

Experimental Setup Features Classifiers Precision Recall F1-score

Acoustic Features + Standard Classifiers
eGeMAPS

LR 0.682± 0.9 0.678± 0.9 0.665± 0.9

SVM 0.691± 0.8 0.681± 0.8 0.684± 0.8

ComParE
LR 0.691± 0.6 0.720± 0.6 0.702± 0.6

SVM 0.721± 0.7 0.724± 0.7 0.723± 0.7

Linguistic Features + Foundation Models ASR
DistilBERT 0.875± 0.2 0.871± 0.2 0.873± 0.2

BART 0.834± 0.4 0.858± 0.4 0.847± 0.4

RoBERTa 0.881± 0.3 0.864± 0.3 0.868± 0.3

IV. RESULTS

A. Classification on individual tests

Figure 4 shows the F1-scores achieved while using indi-

vidual tasks for classification. The top half shows the results

using the acoustic features while the bottom half shows the

results for linguistics features.

1) Acoustic features: For the short-term memory task, a

logistic regression (LR) classifier using eGeMAPS has per-

formed the best, followed by the support vector machine

(SVM), as they produced the F1-scores of 0.668 and 0.64

respectively. Here, eGeMAPS features performed better than

the ComParE features. The same pattern is also visible for

long-term memory tasks as the LR using eGeMAPS again

outperformed the others. It achieved an F1-score of 0.712,

and the next best performance was also achieved by LR, but

this time using ComParE features. Figure 4 also shows that

the variations are quite high between performances across the

classifiers for using long-term memory tasks. An F1-score of

0.732 has also been achieved from an LR for the semantic

fluency task using the eGeMAPS features. ComParE features

performed close to equally well by producing the F1-score

of 0.717. SVM has produced the highest F1-score of 0.743

and 0.734 while using the eGeMAPS and ComParE features

extracted from the picture description respectively. A lightly

lower F1-scores of 0.678 and 0.692 have been achieved

from those features while using the LR classifier. Figure 4

demonstrates that LR has generally performed better than

SVM while using acoustic features for short and long-term

memory tasks, and semantic memory tasks individually.

2) Linguistic features: The bottom half of Figure 4 shows

the performances of the linguistic-based foundation models.

As expected, overall, these models outperform the more con-

ventional acoustic-based classifiers. DistilBERT has performed

the best while using short-term memory tasks by achiev-

ing the F1-score of 0.787, which was closely followed by

RoBERTa as it produced the F1-score of 0.773. BART has per-

formed similarly as its F1-score is 0.769. However, RoBERTa

has outperformed all others by achieving an F1-score of

0.828 while using the long-term memory tasks as BART

and DistilBERT have produced the F1-scores of 0.819 and

0.802 respectively. For semantic fluency tests, RoBERTa has

achieved the F1-score of 0.813, thus outperforming others by

a small margin, as BART and DistilBERT have produced the

scores of 0.801 and 0.791 respectively. Finally, RoBERTa has

performed the best by achieving an F1-score of 0.871 while

using the features extracted from the picture description tasks.

DistilBERT and BART have also performed almost equally

well by producing F1-scores of 0.86 and 0.845.

B. Overall classification performance

The classification was also performed by considering all

four tasks and applying a majority voting algorithm to predict

the final label of a test subject. The precision, recall and



F1-scores along with their standard deviations (σ) across the

cross-validation folds are reported as the overall performances

in Table II. The LR has produced an F1-score of 0.665, which

is slightly less than the F1-score of 0.684 generated by the

SVM using eGeMAPS features as overall performance. These

performances are better while using the overall ComParE fea-

tures as F1-scores of 0.702 and 0.723 were achieved from LR

and SVM. The overall performances of the foundation models

using linguistic features are statistically significantly higher

than classifiers using acoustic features. Here, DistilBERT have

outperformed all others in overall performance by achieving

the highest F1-score of 0.873 with precision and recall values

of 0.875 and 0.871 respectively with a σ of 0.2. RoBERTa has

achieved an almost equal performance by generating F1-score

of 0.868 with the σ of 0.3 and BART has achieved a slightly

lower F1-score of 0.847 with the σ of 0.4.

Fig. 5: Confusion matrix. The best-performing DistilBERT

model, shown in Table II, was applied to all test folds of

cross-validation. Detecting MCI was the most challenging.

V. DISCUSSION

The results show that, in general, LR has performed better

than SVM, and eGeMAPS have been the features of choice

while using the acoustic features for classification. Results also

provide evidence of using semantic fluency tests, long-term

memory tests and picture description tasks as the primary

means of detecting early signs of cognitive decline using

acoustic features as they produced the highest F1-scores of

0.743, 0.732 and 0.712 respectively. While using the overall

acoustic features, ComParE has been the feature of choice

as both LR and SVM performed better than eGeMAPS.

However, linguistic features have outperformed the acoustic

features by a large margin for both individual and overall

performance. Table II also demonstrates that the σ among the

cross-validation folds are lower for the linguistic models as

well, indicating better generalisation over a diverse dataset.

These observations also support our previous findings where

a complex, pre-trained and fine-tuned architecture performed

better than the standard classifiers [38].

Figure 5 presents the confusion matrix which is generated

by applying the best-performed DistilBERT model, which

achieved the highest F1-score of 0.873 using all four tasks

(Table II), to each cross-validation test fold and the actual

and predicted labels are summed up. It exhibits good overall

performance as subjects with no cognitive impairment were

predicted with 92.1% accuracy, followed by 83.3% and 80.4%

accuracy for MCI and dementia. This can also be translated

into a two-class confusion matrix, which shows a specificity of

92.1% and sensitivity of 81% for detecting either dementia or

MCI. As cognitive declines of those suffering from MCI are

hard to notice, it is more challenging for the foundation models

to predict accurately and hence a very promising result, despite

the skewness present in the age and ethnicity distribution in

our data as shown in Figure 3.

VI. CONCLUSION

We have presented an automatic remote assessment tool

for detecting early signs of cognitive decline using real-world

conversational speech. Speaking requires significant cognitive

resources, including memory, language, and attention thus

carrying the early signs of cognitive impairment. CognoSpeak

engages participants in a conversation using a virtual agent

and asks memory-probing questions alongside administering

more conventional cognitive tests. To provide an initial set of

results that can be used as comparisons based on the data

collected by CognoSpeak in future work, a subset of 126

subjects, of whom there are 12 dementia, 51 MCI and 63

healthy controls, was prepared. Both acoustic and linguistic

features were extracted from short-term memory, long-term

memory, semantic fluency and picture description tasks. The

linguistic features extracted from the combination of these

four tasks with DistilBERT model have performed the best by

producing the highest F1-score of 0.873. The corresponding

confusion matrix shows that predicting healthy controls has

been the most successful, followed by dementia and MCI.

CognoSpeak provides a low-cost, repeatable, non-invasive and

less stressful alternative to the current cognitive assessment

methods to detect early signs of cognitive decline.

As for our immediate future work, rigorous classifier train-

ing and fine-tuning will be carried out to improve the clas-

sification performance on a larger corpus, which will contain

less skewed demographic information and will be extended

to multi-class classification. The performance of CognoSpeak

as an automatic remote long-term monitoring tool will also

be investigated using the follow-up patients alongside their

MoCA, MCE, RUDAS, PHQ-9 and GAD-7 scores. Finally,

the entire multimodal data corpus along with the rich metadata

will be released to the research community soon and a small

subset of this data has already been shared with more than

80 research groups around the world as a part of the ªThe

Prediction and Recognition Of Cognitive declinE through

Spontaneous Speech (PROCESS)º signal processing grand

challenge in ICASSP 2025.
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