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Abstract
Automatic prediction of cognitive assessment scores through
analysis of speech is a challenging task not least due to the lack
of available data; this is exacerbated by datasets often being ac-
companied by disparate cognitive scores as diagnostic practices
vary across the world. The ADReSSo 2021 challenge aimed at
supporting research in this area and defined a number of tasks
including a regression task (predicting Mini-Mental State Ex-
amination (MMSE) scores). It saw the successful introduction
of a number of BERT-based models including our winning clas-
sification approach that successfully applied data augmentation
using ASR-generated hypotheses. In this paper, we port this
approach to the regression task and further present an investiga-
tion into the effect of combining smaller datasets with disparate
cognitive scores. In particular, we combine the ADReSSo data
with our in-house IVA dataset, which is associated with a dif-
ferent type of cognitive assessment: the Addenbrooke’s Cogni-
tive Examination (ACE-III). We show improved performance
by converting ACE-III to MMSE scores thus enabling us to
combine the two datasets. By selecting good hyper-parameters,
the RMSE reduces from 4.45 to 4.40 on the ADReSSo task.
Likewise, using the ADReSSo dataset to boost the IVA regres-
sion model, decreases RMSE from 3.50 to 3.00.
Index Terms: clinical applications of speech technology,
sparse data, automatic speech recognition, data augmentation

1. Introduction
Dementia affects individuals’ cognitive skills, memory, lan-
guage, speech and communication. The number of people de-
veloping dementia is increasing drastically. At the moment,
there are around 850,000 people living with dementia in the
UK and it is predicted that this figure will rise in the future
[1]. Early detection of dementia is a challenging task due to
overlapping symptoms with normal ageing, and the limited ca-
pability of existing screening tools. Speech and language abili-
ties are routinely assessed in current cognitive tests, and studies
have shown promise for the automatic extraction of cues from
speech for detecting cognitive decline (e.g. [2, 3, 4]). In par-
ticular, we have developed a fully automatic system to identify
dementia through the analysis of conversation between an In-
telligent Virtual Agent (IVA) and patients [5, 6, 4]. The IVA
prompts the users to answer a number of questions as well as
to perform some standard cognitive tests including the Cookie
Theft (CT) picture description task [7, 8].

There is growing interest in exploring ways of predicting
some of the standard cognitive test scores directly from the
speech data. However, data limitations and ethical issues with
sharing medical data hinder this work. Another issue is that

different datasets may be released with different cognitive as-
sessment scores making pooling of the data for modelling chal-
lenges. Most of the studies have been based on the Dementia-
Bank dataset [9]. That dataset contains Cookie Theft (CT) pic-
ture descriptions and associated Mini-Mental State Examina-
tion (MMSE) scores (one of the standard cognitive assessment
scores; more detail in Section 2). For instance, [10] worked on
predicting the MMSE scores from the manual transcripts using
linguistic features on DementiaBank data, and [11] used acous-
tic features combined with other information such as sex and
education to predict the MMSE scores.

Recently, the Alzheimer’s Dementia Recognition through
Spontaneous Speech (ADReSSo ) challenge was organised.
The main purpose of the challenge was to foster research in the
automatic detection of Alzheimer’s Dementia (AD) [3]. The
challenge provided audio recordings of people describing the
CT picture (no manual transcriptions) to perform three differ-
ent tasks: i) detecting ADs from non-ADs, ii) estimating the
MMSE scores, iii) identifying the progress of dementia from
the recordings of previous sessions.

One of our five proposed models for the challenge [12] was
among the three joint winners of task one (the two others were
[13, 14]) achieving an 84.51% accuracy rate. In this paper, we
aim to build a regression model for task two based on our suc-
cessful task one model using the Bidirectional Encoder Rep-
resentations from Transformers (BERT) [15] on different hy-
potheses produced by an Automatic Speech Recognition (ASR)
system. However, from the results of the published papers in
the challenge, we can observe two issues: firstly, the perfor-
mances of the models on the evaluation set were not always
replicated on the test set (compare the results on the evaluation
and test sets [14, 12]), secondly, the best classification models
did not gain the best results when used for regression (e.g. the
Global fusion model of [13] with a classification accuracy of
84.51% (joint winner) only achieved an Root Mean Square Er-
ror (RMSE) of 4.62, which was less than their best regression
model with RMSE of 3.85).

We know that the data augmentation techniques can gener-
ally improve the performance of Deep Neural Network (DNN)-
based regression models. However, the participants in our in-
house IVA dataset have not had MMSE assessments but have
instead undergone the Addenbrooke’s Cognitive Examination
(ACE), which is regarded as the superior cognitive assessment
task in the UK. This cognitive test (administered normally by
clinical experts) is different to the MMSE, including having two
different scales (range of values).

So in this study, we are going to investigate two research
questions: 1) Could our BERT-based model, introduced in the
ADReSSo 2021 challenge task one, be expanded to a corre-
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sponding regression model for task two? 2) Is it possible to
mix data with different cognitive test scales (MMSE and ACE-
III), and how will that affect the performance of the regression
model? To the best of our knowledge, this is the first work ex-
ploring regression modelling combining two datasets with dis-
parate cognitive tests for regression modelling.

The rest of the paper is structured as follows. Section 2 pro-
vides a brief background of the related work. Section 3 includes
the experimental setup, covering the details of the ASR and the
regression models. Sections 4 and 5 contain the results and the
conclusions.

2. Cognitive assessment tests
As mentioned above, there are a number of widely used cog-
nitive assessment tests. The Mini-Mental State Examination
(MMSE) [16] test focuses on six categories of abilities includ-
ing orientation, registration, attention/calculation, recall, lan-
guage and coping. The scores of each category are between
zero and five (maximum score =30). People with a score <=17
are considered as having a severe cognitive impairment, scores
between 18 and 23 indicate Mild Cognitive Impairment (MCI),
and scores >= 24 are taken to mean no cognitive impairment.
The MMSE test is simple to administer and therefore very pop-
ular as part of a general diagnostic procedure or on its own.
[17]). However, some authors are concerned about its validity
and specificity [18]. Scores from this test are often used as gold
standard labels for research datasets in this area including the
publicly available DementiaBank and ADReSSo datasets.

In the UK, a widely used test is the Addenbrooke’s Cog-
nitive Examination (ACE) [19]. It has 100 points focusing on
five cognitive skills: attention/orientation, memory, language,
verbal fluency, and visuo-spatial ability. It takes more time to
undergo than the MMSE and requires a higher level of famil-
iarity with cognitive disorders to administer and score. The
ACE-R [20] is a revised version of the ACE with more clear
domain scores, and the most recent version of the ACE is ACE-
III which adds some similar items from the MMSE to the ACE
assessment [21]. Our in-house IVA dataset has ACE-III scores
associated with each recording.

To ease comparison between the different cognitive tests,
conversion scales have been proposed with [22] providing ta-
bles enabling conversions between ACE-III and MMSE scores.
We will use the same conversion approach (between ACE-III
and MMSE) on the IVA dataset.

3. Experimental setup
We will use two main datasets to explore to what degree
data collected with different cognitive assessment scores can
be merged to improve score prediction: the IVA dataset
(with ACE-III scores) and the ADReSSo dataset (with MMSE
scores).

The IVA data was collected between 2016 and 2020 at
the Department of Neurology, University of Sheffield, the UK
based at the Royal Hallamshire Hospital. Out of 168, 121 par-
ticipants had ACE-III test scores (59 healthy controls (HC), 20
with neurodegenerative dementia (ND), 18 with MCI, and 24
others). The ADReSSo data contain 166 training audio records
with corresponding MMSE scores, as well as 71 test records.
Most of the records are from HC participants and people with
Alzheimer’s (these details were not shared by the organisers of
the challenge).

3.1. Automatic speech recognition

Most approaches for automating either dementia detection or
cognitive score prediction rely on both acoustic- and text-based
features, which for the latter means using an ASR system to
transcribe the spoken language into text.

For the ADReSSo challenge dataset, we already trained an
ASR using different datasets (e.g. LIBRISPEECH , AMI - for
more details refer to [12]). However, as no manual transcripts
were released with the ADReSSo challenge, we could not mea-
sure the real Word Error Rate (WER).

For the IVA dataset, we used 168 audio recordings and 10-
fold cross-validation using the transfer learning technique on
the LIBRISPEECH dataset following Kaldi’s[23] TDNN recipe.
Table 1 provides more details about the datasets used for train-
ing the ASRs. The average WER achieved was 27.89%. For
training the language models, we used the interpolation ap-
proach between the text of the two datasets with four-grams and
Turing smoothing.

Table 1: Datasets used for training the ASR. Len.:the total
length in hours/mins, Utts.:number of utterances, Spks.:number
of speakers, and Avg.Utts.:Average utterance length in seconds.

Dataset (No) Len. Utts. Spks. Avg. Utts.
IVA (168) 26.7h 8.3k 219 11.5s

LIBRISPEECH (281241) 961.1h 281.2k 5466 12.3s

3.2. Regression model

Concatenated hidden states Dense (1024), Activation:RelU

Concatenation

Input ids Attention mask Confidence score

Bert sequence classifier

3 Last hidden states

768768768

Dense (1024), Activation:RelU

Dense (1024), Activation:RelU

Dense (1024), Activation:RelU
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Figure 1: Structure of the BERT-based regression model; see
text for details.

BERT models are employed in many state-of-the-art Natu-
ral Language Processing (NLP) applications and have recently
been used for dementia detection [24, 4]. There has been a num-
ber of studies using BERT in the ADReSS challenge 2020 [2],
in which the manual transcripts of the recording were available.
For instance, [25] reported an RMSE of 4.63 using DISTIL-
BERT and [26] achieved RMSE of 5.32 using BERT on tran-
scripts combined with the information of silence and acoustic
features.

The best three performances in the ADReSSo challenge
2021 for task two were [13, 14, 27] with an RMSE of 3.85,
4.35, and 4.44 respectively, the baseline RMSE achieved by
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the organisers’ regression system was 5.28. To build our re-
gression model we used a similar approach as we used for the
ADReSSo task one [12] (Model 4). A range of ASR hypotheses
was derived from the decoder lattices using different language
weights and word insertion penalties (weights between 6 and
10 with word insertion penalties of 0, 0.5 and 1). So 30 differ-
ent hypotheses were produced for each recording. The average
confidence scores of the words were calculated for each of the
hypotheses. Using a variety of outputs from the ASR alongside
the corresponding confidence scores helped the network to be
trained more robustly on the words produced by the ASR.

From the ‘uncased BERT‘ sequence classifier, the three last
layers were concatenated and then mixed with the input confi-
dence scores, followed by five dense layers and a final single
dense with linear activation function (the other activation func-
tions were RelU). Figure 1 shows the structure of one model,
in which the number of neurons in the dense layers (dims) are
1024. For consistency, we use a similar structure for all the re-
gression models in this study, except we change the number of
dims and the maximum length of words passed to the BERT
classifier (max-length). Also to train the models we used three
epochs and a batch size of 8 with 5% of the training data used as
the evaluation set. We observed that having more epochs caused
the over-fitting issue. The best model was chosen from the three
results on the evaluation set in the epochs (i.e., the one with the
minimum RMSE). Note that due to GPU limitations we used
the more lightweight ‘bert-base-uncased‘, and we also did not
add dropout layers in the model as this causes non-deterministic
results and the need to repeat training (e.g. 10 times) and aver-
age the results.

4. Results
In the following section, we present the results gained from
running the regression models on the ADReSSo and the IVA
datasets individually. These will form the baseline for the exper-
iments where the data is combined and trained with converted
cognitive assessment scores. To measure the performance of the
regression models the standard RMSE was used (equation 1). In
addition, for comparison between two cognitive tests with dif-
ferent scales, we use the normalised RMSE (N-RMSE) (divid-
ing RMSE by the range between the minimum score (ymin) and
maximum score (ymax)) (Note that there are other N-RMSE
such as dividing by the mean, standard deviation; for its sim-
plicity and intuition we used equation 2).

RMSE =

√∑n
1 (y − ŷ)2

n
(1)

N −RMSE =
RMSE

ymax − ymin
(2)

where y is the real label, ŷ) is the esitmated label, and n is
the number of samples.

4.1. Regression on the ADReSSo dataset

We passed the transcript hypotheses and the confidence scores
as output by the ASR system for the ADReSSo data to the
regression model resulting in predicted MMSE scores. Since
there were multiple hypotheses per recording, we averaged the
MMSE scores to get the final MMSE. Table 2 shows RMSE and
N-RMSE on regression models trained using three different val-
ues for dims (1024, 512, 256) and three maximum word lengths
(110, 105, 100). We chose these ranges of values due to time,

Table 2: ADReSSo RMSE of the regression models predict-
ing MMSE (maximum score:30). max-len: maximum length of
words.

Row dims max-len RMSE N-RMSE
1 1024 110 4.56 0.1520
2 1024 105 4.73 0.1577
3 1024 100 4.78 0.1593
4 512 110 4.53 0.1510
5 512 105 4.60 0.1533
6 512 100 4.62 0.1540
7 256 110 4.71 0.1570
8 256 105 4.45 0.1483
9 256 100 4.68 0.1560

Table 3: IVA RMSE of the regression models predicting ACE-
III (maximum score:100). max-len: maximum length of words.

Row dims max-len RMSE N-RMSE
1 1024 110 12.90 0.1290
2 1024 105 12.81 0.1281
3 1024 100 12.93 0.1293
4 512 110 13.22 0.1322
5 512 105 13.02 0.1302
6 512 100 13.39 0.1339
7 256 110 13.21 0.1321
8 256 105 13.02 0.1302
9 256 100 13.25 0.1325

resource limitations and for making better comparisons between
the models that we built. The higher these hyper-parameters
values, the more required memory and computation resources.
In addition, having a longer word length or more dims do not
necessarily improve the performance of the regression model.
As can be seen, the model with 256 dims and the maximum
word length of 105 achieved an MMSE of 4.45 (comparable to
the third-ranked system in the ADReSSo -2021 regression task
[27] with RMSE of 4.44). The model achieved an N-RMSE of
0.1483.

4.2. Regression on the IVA dataset

For the IVA dataset, we used 2-fold cross-validation to divide
the data into train and test sets and then measure the scores in
two folds. So, we passed the transcript hypotheses and the con-
fidence scores of the ASR to the regression model to predict
the ACE-III scores. Table 3 shows the RSME and N-RMSE re-
sults for this regression. The best model had 1024 dims and a
maximum word length of 105 with RMSE 0f 12.81 (N-RMSE
of 0.1281 or 12.81% error). Comparing the N-RMSE scores
with Table 2, the performances of the regression models seem
better. This reflects that the IVA dataset was less challenging
than the ADReSSo in terms of the audio quality and also due
to the availability of the human manual transcripts that allowed
to train more robust ASRs.

Since the scale of ACE-III is different from MMSE, we
used the conversion technique of [22] to estimate the equiva-
lent MMSE scores. This approach has been shown to have high
reliability (between 90% to 94%). Then we repeated the regres-
sion task with the converted scores and gained the results listed
in Table 4. The conversion resulted in better N-RMSE scores
and the best model with 512 neurons and the maximum word
length of 110 achieved 0.1143 N-RMSE and 3.43 RMSE.
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Table 4: RMSE of the regression models predicting converted
MMSE (maximum score:30) on the IVA dataset. max-len:
maximum length of words.

Row dims max-len RMSE N-RMSE
1 1024 110 3.53 0.1177
2 1024 105 3.56 0.1187
3 1024 100 3.57 0.1190
4 512 110 3.43 0.1143
5 512 105 3.61 0.1203
6 512 100 3.85 0.1283
7 256 110 3.50 0.1167
8 256 105 3.80 0.1267
9 256 100 3.85 0.1283

4.3. Effect of combining the IVA and ADReSSo datasets

4.3.1. The ADReSSo regression task results

Since the audio recordings of the two datasets are similar (CT
descriptions), we investigated the effect of combining the two
datasets on the performance of the regression models. First, we
added the IVA dataset to the training set of ADReSSo dataset
and repeated the regression tasks. We refer to this model as the
ADReSSo (+IVA) model.

Figure 2 shows the RMSE of the nine regression models run
using the selected sets of dims and maximum words lengths.
As can be seen, two of the models had improvements and the
rest either did not change much or got slightly worse. The best
ADReSSo (+IVA) model achieved an RMSE of 4.40, which
is better than the third winner of ADReSSo 2021 task 2) with
dims of 256 and maximum words length of 110 (although con-
sidering all results, there are no statistically significant improve-
ments, i.e. p-value > 0.05). Adding data from the other dataset
improved the RMSE score by around 0.3. From the experiences
with the DNNs, we know that the structure of DNN determines
the performance of models and to gain good results the hyper-
parameters should be chosen carefully. We also know that the
ADReSSo dataset is a challenging dataset and the lack of ac-
cess to the manual transcriptions did not allow us to train decent
ASRs to produce better hypotheses. Also, as mentioned earlier,
there is some mismatch between the test set and the training
set of the challenge (looking at the results reported by differ-
ent authors in the challenge, shows that most of the models that
performed well on the evaluation set, did not perform compara-
bly on the test set). Here, the data augmentation technique only
helped when we selected a good set of hyper-parameters.

Figure 2: RMSE on different dims (d), maximum length of words
(l) comparing ADReSSo vs. ADReSSo (+IVA) .

4.3.2. The IVA regression task results

Finally, we added the ADReSSo dataset to the IVA dataset and
repeated running the regression models. These are called IVA
(+ADReSSo) . Figure 3 compares the RMSE of the different
models with the selected dims and the maximum word length on
IVA and IVA (+ADReSSo) . In contrary to ADReSSo (+IVA)
models, here, most of the models had significant improvements,
and two models achieved the best performance with an RMSE
of 3.00 (dims:1024/max-len:105, and dims:256/max-len:110).
Combining datasets for the regression modelling task had a bet-
ter effect on the IVA dataset (these are statistically significant
improvements, p-value=0.0178). This might be due to having
a better audio quality of recordings and having better ASRs.
Also, the ADReSSo dataset has got more diversity in terms of
the number of speakers (total number of speakers: 237 vs. 121).

Figure 3: RMSE on different dims (d), maximum length of words
(l) comparing IVA vs. IVA (+ADReSSo)

5. Conclusions
A key challenge to the robust prediction of cognitive assess-
ment scores is the lack of available data; this is exacerbated by
datasets often being accompanied by disparate cognitive scores.
In this paper, we explored how the ADReSSo dataset (MMSE
scores) might be combined with our in-house IVA dataset
(ACE-III scores). We first ported our successful BERT-based
classification model introduced in the ADReSSo challenge to
the regression task. This model uses different ASR hypotheses
and confidence scores which produces multiple inputs resulting
in a more robustly trained regression model. The datasets were
then combined by converting the ACE-III scores of the IVA
dataset to the equivalent MMSE scores. On the ADReSSo re-
gression task, with careful hyper-parameters selection, this im-
proved the performance of the regression model to 4.40 RMSE
(in line with a top-three result in the ADReSSo 2021 chal-
lenge). On the IVA regression task, even more, significant
improvements were achieved with most hyper-parameters. This
may be because the ADReSSo dataset, which is acoustically
more diverse and with a higher number of speakers, improves
robustness for the IVA regression model. Future work will con-
centrate on further exploring the optimal regression model ar-
chitecture, as well as exploring more on the confounding effect
of ASR and BERT performance.
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