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Abstract

Automatic analysis of aphasic speech based on speech technol-
ogy has been extensively investigated in recent years, but there
has been a few studies on Chinese languages. In this paper,
we focus on automatic aphasia detection for Cantonese- and
Mandarin-speaking patients using state-of-the-art pre-trained
language models that support both traditional and simplified
Chinese. Given speech transcriptions of subjects, pre-trained
language models are used in two ways: 1) pre-trained lan-
guage model derived embeddings followed by a classifier; 2)
pre-trained language model fine-tuned for aphasia detection
task. Both approaches are demonstrated to outperform base-
line models using acoustic features and static word embeddings.
The best accuracy is obtained with fine-tuned BERT models,
achieving 0.98 and 0.94 for Cantonese-speaking and Mandarin-
speaking subjects respectively. We also investigate the feasi-
bility of applying the cross-lingual pre-trained language model
fine-tuned by aphasia detection task for Cantonese-speaking
subjects to Mandarin-speaking subjects with limited data. The
promising results will hopefully make it possible to perform de-
tection on those low-resource pathological speech which is dif-
ficult to implement a specific detection system.

Index Terms: Aphasia detection, Pre-trained language model,
Cantonese, Mandarin

1. Introduction

Aphasia is a type of language impairment resulting from dys-
function in specific brain regions. It is caused typically by
stroke or other physical conditions, e.g., head trauma or tumor.
Aphasia may impair a person’s expressive and/or receptive lan-
guage skills, including auditory comprehension, verbal expres-
sion, reading and writing [1], and negatively impact the patient’s
daily communication and quality of life. Word finding difficulty
and speech disfluency are the primary symptoms of aphasia [2].
There are 15 million stroke cases reported worldwide each year
[3], and over 2 million among them come from China [4, 5].
Up to 38% of stroke survivors suffer from aphasia [6]. Due to
the high prevalence and shortage of speech-language patholo-
gists (SLPs), many patients do not receive timely assessment
and regular follow-up. This motivates us to develop automated
solutions to alleviate the shortage of SLPs, making diagnosis
and assessment of aphasia more effective and less costly.
Mandarin and Cantonese are two prominent and influen-
tial spoken dialects in China. There have been extensive work
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on automatic detection or assessment of aphasia for English-
speaking patients, while studies on Chinese patients relatively
remain under-investigated, especially for Mandarin-speaking
population. A wide range of acoustic features and text fea-
tures were investigated to characterize atypical characteristics
of pathological speech, including duration features [7, 8, 9],
spectral features [7, 10], Goodness of Pronunciation (GOP)
scores [7, 11], word frequency based features [8], Part-of-
Speech based features [8], word embedding based features [9]
etc. Previous studies [8, 9] suggested that text features extracted
from speech transcriptions were able to outperform acoustic
features in the aphasia assessment. Cross-lingual domain adap-
tation based on text features was adopted to detect aphasia in
Mandarin-speaking subjects [12]. End-to-end approaches based
on speech signals or transcriptions without explicit feature ex-
traction were attempted for assessment of Cantonese-speaking
aphasia patients [13].

In recent years, pre-trained language models (LMs) fine-
tuned for downstream tasks have achieved great success in vari-
ous natural language processing (NLP) tasks [14] such as ques-
tion answering, name entity recognition, sentiment classifica-
tion etc. With speech transcriptions as input, BERT and BERT-
like models have been applied for detecting Alzheimer’s dis-
ease in the challenges of ADReSS [15, 16, 17] and ADReSSo
[18, 19, 20], and outperform feature-based approaches on this
task [15, 17].

In the present study, pre-trained LMs, namely BERT and
RoBERTa, are investigated to tackle the problem of detecting
aphasia in Cantonese- and Mandarin-speaking subjects. The ap-
proaches of deriving embeddings from pre-trained LM and fine-
tuning of pre-trained LM are expected to characterize language
impairment as manifested in transcription of speech. The con-
tributions of this study are as follows: (1) pre-trained LMs are
adopted to alleviate data shortage problem of impaired speech
and the feasibility of applying cross-lingual pre-trained LMs
fine-tuned by aphasia detection for Cantonese-speaking sub-
jects to Mandarin-speaking subjects is explored; (2) to the best
of our knowledge, this paper presents the first attempt to aphasia
detection for Chinese-speaking patients using pre-trained LMs,
especially for Mandarin-speaking patients.

2. Datasets

Two databases of aphasic speech, namely Cantonese Aphasia-
Bank (CAB) [21] and Mandarin AphasiaBank (MAB) [22], are
used for the aphasia detection task. The former one is developed



by a joint team of the University of Central Florida and the Uni-
versity of Hong Kong, and the latter is collected by the Nanjing
Medical University. Both of them are multi-modal databases,
with the goal of supporting fundamental and clinical research
on Chinese-speaking aphasia population. Speech recordings in
these databases were elicited following the English Aphasia-
Bank protocol [23], with adaptation to the local Chinese cul-
ture. Each of aphasia patients (AP) and healthy control (HC)
subjects was required to complete several narrative tasks, in-
cluding picture description, procedure description, story telling
and personal monologue. Except personal monologue, each of
the remaining 7 narrative tasks has a specific topic (referred to
as a “story”), e.g., telling a traditional Chinese fairy tale titled
“The boy who cried wolf”. The type of speech collected with
this protocol is spontaneous. Speech transcriptions were anno-
tated using the CHAT coding system [24].

Detailed information for datasets used in this paper is
shown in Table 1. Due to various non-technical reasons, only
92 APs of CAB and 9 APs of MAB are usable in this study. Ac-
cordingly 92 HCs and 9 HCs are carefully selected from CAB
and MAB respectively to match the age of APs as much as pos-
sible to form the CAB-full and MAB-full dataset. The CAB-full
is split into a training set (CAB-train) and a test set (CAB-test)
with no overlap of speaker. Further data partitioning would lead
to even less training data and test data for MAB-full. They are
not enough to train pre-trained LMs and give meaningful ex-
perimental results. Therefore, we decide to report leave-one-
out cross validation results for aphasia detection of Mandarin-
speaking subjects. The mean and standard deviation (std) values
of the number of characters (#Char) per story spoken from APs
and HCs are also listed in Table 1. It is found that HCs tend to
produce more speech content than APs.

An overall subjective assessment score named Aphasia
Quotient (AQ) was available for all APs. The AQ scores range
from O to 100, and lower AQ means higher degree of severity.

Table 1: Basic information about the subjects in CAB-full, CAB-
train, CAB-test and MAB-full (M:male and F:female).

Dataset AP /HC
Age (std) M F #Char (std)
CAB-full 54(9)/55(12) 60/33 32/59 94(83)/180(137)

CAB-train ~ 54(9)/55(12) 51/26 19/44 -
CAB-test  53(9)/55(12) 9/7 13/15 -
MAB-full  44(13)/50(7) 6/6  3/3  74(54)/176(128)

3. Pre-trained LM for Aphasia Detection

Pre-trained LMs are applied to characterize language impair-
ment manifested in aphasic speech. BERT and RoBERTa
based models that support both traditional and simplified Chi-
nese are used. They include bert-base-chinese, bert-base-
multilingual-cased developed by Google [14] and chinese-
bert-wwm, chinese-bert-wwm-ext, chinese-roberta-wwm-ext,
chinese-roberta-wwm-ext-large developed by HFL [25]. The
last four models apply Chinese word segmentation and
whole word masking (wwm) techniques to the vanilla
BERT/RoBERTa model. They have achieved significant per-
formance gain in various Chinese NLP tasks [25]. All pre-
trained LMs are obtained from the HuggingFace Transformers
Library [26]. As shown in Figure 1, two different approaches
are adopted to perform aphasia detection:

1. Pre-trained LM based embeddings: The embeddings de-
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Figure 1: Two approaches to aphasia detection using pre-
trained BERT/RoBERTa models.

rived from BERT are regarded as contextualized representations
of input tokens [14]. To encode a sentence into a fixed-length
vector with BERT, it is common to average the contextual em-
beddings at the last few layers of BERT, or use the output of
the first token “[CLS]” as the sentence embedding [27]. In this
study, each input token in the speech transcription of a story is
encoded into a 768-dimensional contextual embedding using a
frozen BERT/RoBERTa model. We perform average pooling on
contextual embeddings in the second-to-last layer to represent a
whole story produced by each subject. Thus, each subject can
obtain 7 x 768-dimensional (1024-dimensional for the chinese-
roberta-wwm-ext-large model) story-level embeddings for the
7 narrative tasks. These representations are then used to train a
Support Vector Machine (SVM) to differentiate APs from HCs
at story level. Majority vote is performed on 7 story-level pre-
dictions to generate a speaker-level classification result at the
evaluation stage.

2. Pre-trained LM fine-tuning: A pre-trained general-purpose
LM can be adapted to various downstream tasks via fine-tuning
of model parameters [14]. In this study, BERT and RoBERTa
models are fine-tuned on the task of aphasia detection. Specif-
ically, the output of token “[CLS]” from a BERT/RoBERTa
model is fed to a dropout layer with probability of 0.3 for the
regularization purpose and then fed to a 2-dimensional linear
layer with softmax activation function to perform aphasia de-
tection at story level. The parameters of task-specific model are
jointly optimized to minimize cross-entropy loss with the Adam
optimizer [28]. Speaker-level predictions are obtained with ma-
jority vote during the evaluation process.

4. Experimental Setup
4.1. Models for Cantonese-Speaking Subjects
4.1.1. Baselines

1. eGeMAPS features: The eGeMAPS feature set comprises a
collection of 88 feature parameters, which cover frequency, en-
ergy, spectral, temporal related features. The features were suc-
cessfully applied to automatic detection of Parkinson’s disease
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[29] and the Alzheimer’s disease [20, 30], which share many
similarities with aphasia. For feature extraction, speech record-
ing of each story is first divided into segments of 10 second
long. An 88-dimensional feature vector is computed from each
speech segment using the OpenSMILE toolkit [31].

2. Word2Vec based embeddings: Word2Vec based embed-
dings have shown effectiveness in automatic aphasia assessment
[13]. The use of Word2Vec embeddings [32] is similar to the
pre-trained LM based embeddings as described in Section 3.
The speech transcriptions of 118 HCs (with complete transcrip-
tions of all narrative tasks) in CAB, including 182, 027 words,
are used to train 2, 279 distinct word vectors (200-dimensional).
Note that a word here refers to a Chinese character. For each
subject, 7x 200-dimensional story-level embeddings are ob-
tained by averaging all word vectors in accordance to the tran-
scriptions of 7 stories.

With the segment-level eGeMAPS feature vectors or story-
level embeddings, SVM is trained to perform classification of
segments or stories produced by APs (labeled as 0) and those
by HCs (labeled as 1). During the training stage, 5-fold cross
validation is performed on CAB-train set to determine the op-
timal hyperparameter from {kernel: ‘rbf’, ‘poly’, ‘sigmoid’,
‘linear’}. At the evaluation stage, the complete CAB-train set
is used to train the SVM classifier with the optimal kernel.
Segment-/story-level classification results are obtained for the
subjects in CAB-test. Majority vote is performed on segment-
/story-level results for each test speaker to give the speaker-level
results.

4.1.2. Pre-trained LMs

1. Pre-trained LM based embeddings: For the first approach
of using pre-trained LM based embeddings followed by a SVM
classifier, the training and test procedures are the same as those
of using Word2Vec based embeddings.

2. Pre-trained LM fine-tuning: The pre-trained LMs are fine-
tuned on CAB-train set to classify story-level transcriptions of
APs vs. HCs. Model fine-tuning is carried out with 5-fold cross
validation. The following hyperparameters are chosen to max-
imize the average accuracy across 5 folds: learning rate = e-5,
batch size = 8, max input length of 512, epochs = {20 (for bert-
base-chinese and chinese-bert-wwm-ext), 25 (for bert-base-
mulitilingual-cased and chinese-bert-wwm), 30 (for chinese-
bert-wwm-ext and chinese-roberta-wwm-ext-large)}.  Cross-
validation is run five times with different random seeds, and
accuracy reported is averaged across five runs. During the test
procedure, distinct story-level classification results are gener-
ated with 5 different seeds from each hyperparameter-optimized
model trained on the complete CAB-train set. To mitigate the
effect of overfitting, the majority vote is performed on the re-
sults from 5 seeds to give final story-level classification results.
Finally, majority vote is applied across 7 story-level predictions
that belong to the same subject to return a single speaker-level
classification result.

4.2. Models for Mandarin-Speaking Subjects

Due to the limited amount of MAB data, leave-one-out cross
validation is adopted to train the classifier with baseline
eGeMAPS features while the same types of pre-trained LMs
are used to detect aphasia as for Cantonese-speaking subjects.
The hyperparameters are chosen for all pre-trained LMs as fol-
lows: learning rate = e-5, batch size = 4, epochs = 20 and max
input length of 512. Since there is no unseen test data left, we
can only report the cross-validation classification results for 9

APs and 9 HCs at this stage.

The other evaluation arrangement is adopted to alleviate the
problem of data scarcity. It is known that Cantonese and Man-
darin are both Chinese dialects. They share common character-
istics in morphology, semantics and syntax. Also, Cantonese-
speaking and Mandarin-speakings APs may have similar symp-
toms in the linguistic aspect. Inspired by this, we employ pre-
trained LMs fine-tuned by CAB-train set to detect aphasia for
Mandarin subjects (MAB-full). It is feasible since pre-trained
LMs support both simplified and traditional Chinese. The clas-
sification performance in such cross-lingual scenario is also re-
ported.

5. Results and Discussion
5.1. Aphasia Detection for Cantonese-Speaking Subjects

First, we compare 5-fold cross validation and evaluation re-
sults of aphasia detection for Cantonese-speaking subjects using
acoustic features (i.e., e€GeMAPS features), story-level embed-
dings (i.e., Word2Vec and Pre-trained LM based embeddings)
and pre-trained LM fine-tuning, as shown in Table 2. Aver-
age accuracy with its std value for 5-fold cross validation on
CAB-train, and accuracy, macro-averaged precision, recall as
well as F1 for evaluation on CAB-test are reported. Note that
values of performance metrics are computed based on segment-
level (only for eGeMAPS features) or story-level classification
results (for other models).

It can be seen that all pre-trained LMs fine-tuned by apha-
sia detection task achieve better performance than eGeMAPS
features and story-level embeddings in both cross-validation
and evaluation results. The cross validation results show that
our fine-tuned pre-trained LMs have relatively low variance
in accuracy. The best evaluation accuracy is 0.925, obtained
with the fine-tuned chinese-bert-wwm model. It outperforms
eGeMAPS features and the best story-level embeddings derived
from chinese-roberta-wwm-ext by an absolute improvement of
7.2% and 5.8% respectively. It is followed by the fine-tuned
chinese-bert-wwm-ext and bert-base-chinese, achieving an ac-
curacy of 0.912 and 0.906 respectively. We also observe that
BERT model does not benefit from multilingual pre-training
materials for aphasia detection. The performance of fine-tuned
RoBERTa models is worse than that of BERT models although
prior work shows the contrary in conventional NLP tasks [25].
For the approaches of using story-level embeddings, pre-trained
LMs attain better performance than Word2Vec. This implies
that contextual word embeddings derived from pre-trained LMs
are more effective in modeling linguistic characteristics of im-
paired speech than static word embeddings.

The classification result of each subject in CAB-test is
computed from segment-/story-level predictions via majority
vote. Table 3 summarizes the speaker-level classification results
from: (1) two baseline models; (2) the best-performing model
(chinese-roberta-wwm-ext) using pre-trained LM derived em-
beddings in Table 2; (3) top three fine-tuned pre-trained LMs
in Table 2. Compared to baseline models, two approaches of
using pre-trained LMs obviously improve the aphasia detection
performance. Results obtained with fine-tuned models of berz-
base-chinese, chinese-bert-wwm and chinese-bert-wwm-ext are
the same, with the highest accuracy of 0.98. Figure 2 shows
the confusion matrices of story-level and speaker-level results
given by these three models. Only one AP is mis-classified as
HC among 44 test subjects. We notice that the AQ score of this
speaker is 99 (highest in APs), meaning that the severity degree
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Table 2: Segment-level (only for eGeMAPS features) or story-level cross-validation and evaluation results of aphasia detection for
Cantonese-speaking subjects. Top three highest accuracy (Acc.) scores are in bold and * indicates the best score.

Type Model

Cross-validation Evaluation

Average Acc. Precision  Recall F1 Acc.

Acoustic features eGeMAPS features

0.828 £ 0.168 0.852 0.849 0.850 0.853

Word2Vec

bert-base-chinese
bert-base-multilingual-cased
chinese-bert-wwm
chinese-bert-wwm-ext
chinese-roberta-wwm-ext

Story-level embeddings

chinese-roberta-wwm-ext-large

0.788 £ 0.103 0.805 0.795 0.794  0.795
0.826 £ 0.085 0.831 0.831 0.831  0.831
0.842 + 0.074 0.822 0.821  0.821  0.821
0.803 £0.114 0.852 0.851 0.850 0.851
0.811 £ 0.067 0.823 0.821 0.821 0.821
0.816 £ 0.087 0.869 0.867 0.867 0.867
0.807 £ 0.094 0.820 0.818 0.818 0.818

bert-base-chinese
bert-base-multilingual-cased
chinese-bert-wwm
chinese-bert-wwm-ext
chinese-roberta-wwm-ext

Pre-trained LM fine-tuning

chinese-roberta-wwm-ext-large

0.895" + 0.008 0.907 0.906  0.906  0.906
0.869 £ 0.011 0.885 0.883 0.883  0.883
0.892 +0.013 0.925 0.925 0.925 0.925"
0.891 £ 0.012 0.913 0912 0912 0912
0.870 £ 0.005 0.905 0.903  0.902 0.903
0.879 £ 0.010 0.899 0.896 0.896 0.896

of aphasia is extremely mild, such that this speaker is not sur-
prisingly very hard to be distinguished from HCs. This confirms
the effectiveness of our fine-tuned pre-training LMs in aphasia
detection.

Table 3: Speaker-level aphasia detection results of CAB-test.

Model Class  Precision Recall F1 Acc.
AP 0.86 0.86  0.86
eGeMAPS features HC 086 086  0.86 0.86
. AP 1.00 0.77 0.87
Embedding: Word2Vec HC 081 1.00 0.90 0.89
Embedding: AP 0.95 0.91 0.93 0.93
chinese-roberta-wwm-ext HC 0.91 0.95 0.93 ’

. . o L AP 1.00 0.95 0.98
Fine-tune: bert-base-chinese HC 096 1.00 098 0.98
Fine-tune: AP 1.00 0.95 0.98 0.98
chinese-bert-wwm(-ext) HC 0.96 1.00  0.98 "

21

AP HC AP HC
Predicted Labels Predicted Labels

True Labels

HC AP

= =
' g

E '

HC AP

Figure 2: Confusion matrices of story-level (left) and speaker-
level (right) classification results for CAB-test.

5.2. Aphasia Detection for Mandarin-Speaking Subjects

Due to space limitations, we only report speaker-level aphasia
detection results for Mandarin-speaking subjects in Table 4. For
the leave-one-out cross validation results, our best classification
result attains an accuracy of 0.94 using the fine-tuned bert-base-
chinese and chinese-bert-wwm models, with an absolute gain of
5% compared to the baseline using eGeMAPS features. Other
pre-trained LMs perform worse than these models and their per-
formance is omitted in the table. The number of mis-classified
subjects is one and two obtained with the best-performing pre-
trained LM and eGeMAPS features respectively. The only mis-
classified AP given by fine-tuned BERT model is also with the
highest AQ score (91.9) among all 9 APs. There is one more
HC subject being mis-classified as AP using eGeMAPS fea-
tures.

For the approach of applying pre-trained LMs fine-tuned
with CAB-train (same models as in Table 3) to perform aphasia
detection on MAB-full, an accuracy of 0.83 is achieved (three
subjects are mis-classified). It performs slightly worse than pre-
vious models, but without using data from Mandarin-speaking
subjects for model development. This suggests that it is promis-
ing to use a well-developed pre-trained LM fine-tuned by rela-
tively resource-rich pathological speech in similar language to
enable the detection of same disease from target low-resource
pathological speech.

Table 4: Speaker-level aphasia detection results of MAB-full.

Leave-one-out Cross Validation Results Based on MAB-full

Model Class Precision Recall Fl Acc.
AP 0.89 0.89  0.89
eGeMAPS features HC 0.89 0.89 0.89 0.89
. . AP 1.00 089 094
Fine-tune: bert-base-chinese HC 0.90 L00 095 0.94
. L. AP 1.00 089 094
Fine-tune: chinese-bert-wwm HC 0.90 1.00 095 0.94
Evaluation Results Based on Pre-trained LMs Fine-tuned by CAB-train
. . o L AP 0.80 0.89  0.84
Fine-tune: bert-base-chinese HC 0.88 078 082 0.83
Fine-tune: chinese-bert-wwm AP 0.80 0.89 0.84 0.83

HC 0.88 0.78  0.82

6. Conclusions

This paper has presented two pre-trained LM based approaches
to automatic aphasia detection for Cantonese- and Mandarin-
speaking patients. The experimental results demonstrate that
BERT models fine-tuned for aphasia detection perform well,
outperforming conventional acoustic features and word embed-
ding based models. In addition, our results show the potential of
leveraging pre-trained LMs fine-tuned with resource-rich patho-
logical speech in similar language to the same detection task for
target subjects with limited amount of data. In the future, we
will extent our work to the AQ prediction task using pre-trained
LMs and experiment with automated transcriptions instead of
manual transcriptions.
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