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Abstract
This paper addresses the Interspeech Alzheimer’s Dementia
Recognition through Spontaneous Speech only (ADReSSo)
challenge 2021. The objective of our study is to propose the
approach to a three task automated screening that will aid in
distinguishing between healthy individuals and subjects with
dementia. The first task is to differentiate between speech
recordings from individuals with dementia. The second task
requires participants to estimate the Mini-Mental State Exam-
ination (MMSE) score based on an individual’s speech. The
third task requires participants to leverage speech recordings to
identify whether individuals have suffered from cognitive de-
cline. Here, we propose a system based on functionals of deep
textual embeddings with special preprocessing steps integrating
the effect of silence segments. We report that the developed
system outperforms the challenge baseline for all three tasks.
For Task 1, we achieve an accuracy of 84.51% compared to the
baseline of 77.46%, for Task 2, we achieve a root-mean-square-
error (RMSE) of 4.35 compared to the baseline of 5.28, and for
Task 3, we achieve an average-f1score of 73.80% compared to
the baseline of 66.67%. These results are a testament of the
effectiveness of our proposed system.
Index Terms: alzheimer’s dementia, computational paralin-
guistics, social signal processing

1. Introduction
Alzheimer’s disease is a chronic neurodegenerative disorder
that detrimentally impacts cognitive and physical well-being
of a person. According to the World Health Organization
(WHO) [1], dementia currently affects more than 50 million
people worldwide, with millions of new patients being diag-
nosed every year.

The ever-growing use of artificial intelligence (AI) in
healthcare-related applications has facilitated development of
innovative and advanced medical diagnostic approaches to var-
ious types of disorders [2, 3, 4, 5]. The main advantage of such
techniques is that they can be successfully employed for ob-
jective diagnosis of disorders. The limited human interference
assists in reducing human errors and bias. Considerable effort
has been directed towards the development of diagnostic meth-
ods which can be used to identify individuals with Alzheimer’s
dementia [6].

The Interspeech Alzheimer’s Dementia Recognition
through Spontaneous Speech only (ADReSSo) chal-
lenge 2021 [7] aims to provide a common platform to
researchers to not only propose methods for automated screen-
ing of Alzheimer’s dementia but also encourages researchers
to compete and evaluate their work against their peers. The
challenge this year may be considered as an extension of
last year’s ADReSS 2020 challenge [8] with an important

difference. Whereas last year, the dataset contained manually
transcribed and CLAN [9] annotated transcripts, this year’s
challenge expects participants to work with automatically
generated speech transcripts.

In last year’s ADReSS challenge, our developed system
performed very well, achieving an accuracy of 85.42% com-
pared to the challenge baseline of 77.00% and an RMSE score
of 4.30 compared to the baseline of 5.20 for the test partition.
In essence, first we observed that features derived from textual
modality offer much better performance than those from the au-
dio modality. Secondly, we had demonstrated the prowess of a
simple but very effective method for representing speech tran-
scripts of subjects as feature vectors. To that end, we had first
computed deep textual embeddings (DTE) from transformer
based models and applied functionals of descriptive statistics
to pool their values into a feature vector.

This paper describes our proposed system 1 for tackling
the ADReSSo challenge 2021. Here, we demonstrate the ef-
ficacy of a system based on functionals of deep textual embed-
dings with special preprocessing steps integrating the effect of
silence segments. We also show the potential benefits of class-
imbalance aware multi-model fusion.

2. Dataset
The ADReSSo challenge consists of two distinct datasets. The
first dataset is called ‘Diagnosis’ and is used for Task 1 and
Task 2 of the challenge. In Task 1, the objective is to differenti-
ate between speech recordings from individuals with dementia
amongst a set of recordings from healthy individuals. In Task
2, the objective is to estimate the Mini-Mental State Examina-
tion (MMSE) score based on an individual’s speech. The sec-
ond dataset ‘Progression’ is used for Task 3 of the challenge.
Here, the objective is to identify, based on characteristics of
their speech, whether subjects have suffered from a cognitive
decline over years. For further details regarding the dataset, we
refer the reader to the ADReSSo challenge baseline paper [7].

3. Methodology
A block diagram representation of our proposed system for the
ADReSSo challenge is provided in Figure 1 where it can be
seen that the system starts with automated speech recognition
(ASR) for speech-to-text conversion. Next, we experiment with
various preprocessing methods (detailed in Section 3.2). This
is followed by a process of generating feature representations
for transcripts using DTE as well as handcrafted features. We
used handcrafted features to compare the performance of deep
textual embeddings against domain-knowledge features. The

1Our previous work [10] provides the necessary context to our cur-
rent work

Copyright © 2021 ISCA

INTERSPEECH 2021

30 August – 3 September, 2021, Brno, Czechia

http://dx.doi.org/10.21437/Interspeech.2021-15723815



Figure 1: Block diagram for our proposed automated screening system

final step is to train classification and regression methods on the
training partition and make predictions for the test partition.

3.1. Generating Speech Transcripts

An important aspect of the ADReSSo challenge 2021 is for
participants to work without manually annotated transcripts.
The dataset contains time-stamps that could be used to identify
speech segments from the subject and the interlocutor. How-
ever, through preliminary experiments we discovered that these
time-stamps are not always aligned with speech recordings. Al-
though it was possible to use speaker diarization to identify seg-
ments of speech that belong only to a particular subject, we de-
cided to use ASR to generate transcripts for the entire speech
recording without diarization. We assume that (a) speech from
the subject will dominate the recording and the contribution
from the interlocutor will be relatively small, and (b) the speech
and language from the interlocutor will also reflect the cognitive
state of the subject. For example, the interlocutor will use sim-
plified language to communicate with an individual that suffers
from language impairments due to dementia.

For ASR, we experimented with wav2vec2 model from
Huggingface toolkit [11], Silero [12] toolkit, and Microsoft
Stream 2. Initial results showed that the latter provided the most
promising results in terms of word error rate. We plan to com-
pare the performance of various automated ASR approaches for
the task at hand in due course.

3.2. Preprocessing

We have experimented with five types of text preprocessing
methods to investigate whether a particular method leads to an
improvement in classification or regression tasks of the chal-
lenge.

• Preprocessing-A: Here, we resolved word contractions,
removed punctuation and extra whitespaces from tran-
scripts, and converted all text in lower-case. Thus, the
entire transcript was set up as a single sentence.

• Preprocessing-B: We removed extra whitespaces and
represented text in lower-case only.

• Preprocessing-C: Here, we decided to add special key-
words into the speech transcript depending on the dura-
tion of a silence segment between two successive utter-
ances. We were inspired to explore this method given
the success reported by [13] using a similar technique.
However, unlike Yuan et al., we test this method on pre-
trained embeddings only. Therefore in Preprocessing-C,

2https://www.microsoft.com/en-us/microsoft-365/microsoft-stream

we started with the setup of Preprocessing-A and if the
silence duration was determined to be between 2 and 4
seconds, we added the text ‘uhm’. If the silence dura-
tion was between 4 and 6 seconds, we added the word
‘uhm uhm‘. Finally, if the silence duration exceeded 6
seconds, we added the text ‘long silence’.

• Preprocessing-D: In this method, we followed the proce-
dure of adding special keywords as in Preprocessing-C
after removing extra whitespaces and also converted text
in lower-case.

• Preprocessing-E: Here, the preprocessing was performed
as in Preprocessing-D except that the replacement text
for silence segments was a period symbol (‘. ’) instead of
‘uhm’. For example, if the silence duration was between
2 and 4 seconds, we added a ‘. ’ as text. If the silence
duration was between 4 and 6 seconds, we added ‘. . ’ ,
and in case of the silence duration exceeding 6 seconds,
we added the text ‘long silence’.

3.3. Feature Computation

Once speech transcripts were generated and preprocessed, the
next step was to compute textual features. As mentioned previ-
ously, we computed both, handcrafted features and deep textual
embeddings. For handcrafted features, we computed a set of
textual features inspired by the work of Fraser et al. [14]. These
features can be categorized as (a) syntactic, (b) readability, and
(c) lexical diversity. As the name suggests, syntactic features
provide information about the syntax of written communica-
tion. In our work, we used SpaCy toolkit 3 to compute nor-
malized histogram counts of parts-of-speech and dependency
tags for the transcript of each subject. The second type of hand-
crafted features used in this work measured the readability of
subjects’ transcripts. We suggest that there are differences in the
readability of speech transcripts between healthy subjects and
those with dementia. Hence, we used the Readability toolkit 4

to compute eight features that quantify the readability of speech
transcripts. Finally, given that Alzheimer’s dementia disorder
affects memory, we posit that subjects with dementia will use
a repetitive and less diverse vocabulary compared to healthy
subjects. To quantify the diversity of their vocabulary, we com-
puted ten features based on text-to-token-ratio using the Lexical
Diversity toolkit 5.

3https://spacy.io
4https://pypi.org/project/readability
5https://pypi.org/project/lexical-diversity
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Table 1: Summary of Results of Task 1 for the Training partition

Preproc.-ID Feature Name Acc. avg-f1score Sens. Spec.

E facebook bart base AvgPool 84.34 84.34 79.31 89.87
B distilroberta base MaxPool 83.73 83.72 82.76 84.81
B facebook bart base Median 82.53 82.52 80.46 84.81
B bert base multilingual uncased AvgPool 81.93 81.93 78.16 86.08
D bert base multilingual uncased AvgPool 81.93 81.92 80.46 83.54
B bert large uncased MaxPool 81.93 81.89 82.76 81.01
A facebook bart base Median 81.93 81.86 83.91 79.75

Table 2: Summary of Results of Task 2 for the Training partition

Preproc.-ID Feature Name RMSE MAE Pearson’s r

B bert base multilingual uncased MaxPool 4.64 3.65 0.75
D facebook bart base AvgPool 4.86 3.75 0.72
A distilbert base uncased RangePool 4.87 3.84 0.72
B distilbert base uncased RangePool 4.90 3.92 0.71
D bert base multilingual uncased RangePool 4.91 3.86 0.71

Table 3: Summary of Results of Task 3 for the Training partition

Preproc.-ID Feature Name Acc. avg-f1score Sens. Spec.

C facebook bart base AvgPool 83.56 73.49 53.33 91.38
C bert large uncased MaxPool 83.56 70.08 40.00 94.83
D facebook bart base AvgPool 83.56 70.08 40.00 94.83
C bert base multilingual uncased RangePool 84.93 69.41 33.33 98.28
C facebook bart base Median 80.82 69.07 46.67 89.66

In addition to the above, we investigated the efficacy of
deep textual embeddings, such as Bidirectional Encoder Repre-
sentations from Transformers (BERT) [15] and its derivatives.
These models use multi-headed self-attention [16] based en-
coder and decoder layers which enable them to learn sophis-
ticated latent representations from text [15, 17, 18]. Jawahar et
al. [18] have shown that transformer-based models can capture
structural and linguistic properties of the English language as
classical tree-like structures.

We surmise that such models can represent linguis-
tic characteristics of speech and as such be useful for
differentiating between speech transcripts of healthy sub-
jects and those with dementia. To this end, we experi-
ment with embeddings generated using nine pre-trained
transformer-based models which include: bert base uncased,
bert large uncased, distilbert base uncased [19],
roberta base, roberta large [20],
distilroberta base,bert base multilingual uncased,
allenai biomed roberta base [21], and
facebook bart base [22]. We used the Huggingface
library [11] in order to compute these embeddings.

It should be mentioned here that these embeddings are com-
puted for each input token (for example, a word), and not the
entire transcript as a single entity. Therefore, to generate a sin-
gle feature vector for the entire transcript, we used functionals
of descriptive statistics for pooling. For example, average pool-
ing (AvgPool), maximum value pooling (MaxPool), percentile-
based range pooling (RangePool), and median value pooling
(MedianPool) are used in this work. The resultant feature vec-
tor is passed down to the machine learning pipeline as shown in

Figure 1.

3.4. Classification and Regression

As mentioned earlier, the ADReSSo challenge 2021 consists of
two classification tasks (Task 1 and Task 3) and one regression
task (Task 2). We used a logistic regression classifier (LRC)
and support vector machine classifier (SVC) with a linear ker-
nel for Tasks 1 and 3, whereas for Task 2, we used partial least
squares regressor (PLSR). We have previously used success us-
ing these tools [4, 10, 23]. The regularization parameter ‘C’
for LRC and SVC was optimized using leave-one-subject-out
cross-validation (LOSO-CV) over a logarithmically spaced grid
between 10−7 and 103 whilst using the avg-f1score as the met-
ric of classification performance. It should be mentioned that
although the official performance metric for Task 1 is accuracy,
we decided to use avg-f1score to optimize the regularization
parameter. This was done due to the class imbalance in the
training partition for the dataset provided for Task 1. Mean-
while, the ‘number of components’ hyper-parameter for PLSR
was optimized using LOSO-CV over a grid between 2 and 40 to
minimize the RMSE score. We used the scikit-learn toolkit [24]
for training models for classification and regression.

4. Experiments and Results
4.1. Predictions for the training partition

In Table 1, we report the results of the top-5 models for the
training partition of Task 1. Here, one can note that the best per-
forming model uses Preprocessing-E with DTE features com-
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puted from the BART basemodel. It achieves an accuracy
of 84.34% with a specificity of 89.87% but a relatively poor
sensitivity of 79.31%. Meanwhile, the second-placed model
achieved an accuracy of 83.73% on the training partition but
does not use any special processing to integrate silence infor-
mation into speech transcripts. It is interesting to note that this
model offers an improved sensitivity at the cost of decreased
specificity when compared with the best-performing model.

In Table 2, we summarize the results for training partition
of Task 2. The objective here is to predict the MMSE score
assigned to subjects from the Diagnosis dataset. We report that
the best performing model achieves an RMSE of 4.64 compared
to the baseline of 6.42, which is a significant reduction. It is also
interesting to note that there does not appear to be any advantage
of integrating silence information into the speech transcript for
Task 2, however, this requires further investigation.

Finally, the results for Task 3 have been summarized in Ta-
ble 3 where our best performing model achieves an avg-f1score
of 73.49% compared to the challenge baseline of 66.67%. Most
importantly, all of the top-5 models use special preprocessing
steps.

4.2. Predictions for the test partition

For Task 1, we first used confidence-based fusion to combine
predictions from the top-3 performing models. This step
achieved an accuracy of 81.69% for the test partition. Next,
we used label-fusion of top-5 models and this increased the
classification accuracy to 83.10%. Finally, we attempted
label-fusion of five models selected on the basis of their
specificity and sensitivity scores for the training partition.
Two of these models are facebook bart base AvgPool
and bert base multilingual uncased AvgPool which had
provided high specificity for the training partition, whereas the
remaining three, i.e. distilroberta base MaxPool,
bert large uncased MaxPool, and
facebook bart base Median had provided high sen-
sitivity. We assume that the fusion of models with high
specificity only (as is the case with top-5 models) will bias
predictions towards a particular class and therefore lead to
poorer results overall. The resultant predictions for this fusion
method achieve the best results for Task 1 where we achieved
a classification accuracy of 84.51% compared to the challenge
baseline of 77.46%, which is a significant improvement.

In Table 5, we summarize the results for the test partition of
the dataset for Task 2. In our first attempt, we used predictions
for the test partition as generated by the best-performing model
for the training partition. This yielded an RMSE of 4.93 for
the test partition. Our second and third attempts used averaging
and median-based fusion with predictions from the top-3 mod-
els for the training partition. With these methods, we achieved
an RMSE score of 4.71 and 4.54, respectively. Finally, we at-
tempted averaging and median-based fusion for fourth and fifth
attempts and achieved RMSE scores of 4.45 and 4.35, respec-
tively. It is interesting to note that all of our attempts at predict-
ing MMSE score achieved better performance than the chal-
lenge baseline of 5.28.

Finally, in Table 6, we summarize the results for Task 3,
where the objective was to identify whether the subject has suf-
fered from a cognitive decline over two years. Here, our best re-
sult for the test partition is an avg-f1score of 73.80%. This was
achieved via predictions generated by the model which yielded
the best performance for the training partition. We also exper-
imented with label-fusion of predictions for the top-3 models

for the training partition, however, this led to a decrease in avg-
f1score. It should be mentioned here that we did not experiment
with class-imbalance aware fusion, as used for Task 1, although
in hindsight it may have been a better option.

Table 4: Summary of Results of Task 1 for the Test partition

Predictions (source) Acc. avg-f1score

baseline 77.46 –
Conf. Fusion of Top-3 models 81.69 81.64
Label Fusion of Top-5 models 83.10 82.94
Label Fusion selected models 84.51 84.45

Table 5: Summary of Results of Task 2 for the Test partition

Predictions (source) RMSE

baseline 5.28
Single best model 4.93
Average-value fusion from Top-3 models 4.71
Median-value fusion from Top-3 models 4.54
Average-value fusion from Top-5 models 4.45
Median-value fusion from Top-5 models 4.35

Table 6: Summary of Results of Task 3 for the Test partition

Predictions (source) Acc. avg-f1score

baseline – 66.67
Single best model 78.13 73.80
Label Fusion of Top-3 68.75 54.29

5. Conclusions
Alzheimer’s dementia is a disease that greatly reduces the qual-
ity of life of those who suffer from it. Early detection of this dis-
order may assist to enhance the quality of their day-to-day lives.
The purpose of the ADReSSo challenge was to develop an au-
tomated screening tool for dementia recognition. In this paper,
we proposed a system based on functionals of deep textual em-
beddings and benchmarked its performance against the official
baselines set by the ADReSSo challenge organizers. We also
demonstrated that one can enrich speech transcripts with silence
segments in speech recordings to yield improved performance.
Overall, our proposed solution for the ADReSSo challenge of-
fers a significant improvement for all three tasks as follows. For
Task 1, we achieved an accuracy of 84.51% compared to the
baseline of 77.46%, for Task 2, we achieved an RMSE of 4.35
compared to the baseline of 5.28, and for Task 3, we achieved
an avg-f1score of 73.80% compared to the baseline of 66.67%.
These results are a testament to the efficacy of our proposed
system.
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