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Introduction

Cognitive decline is a common health issue among the aging population [1].
Memory loss and forgetfulness are part of the normal aging process, but memory
loss that affects daily life can be a symptom of dementia [2]. Neurodegeneration is
one common cause of dementia [3], and symptoms vary among individuals,
presenting as memory loss, deterioration of speech, motor skills, or cognitive
function [4]. Mild cognitive impairment (MCI) is a condition in between normal age-
associated memory impairment and dementia [5]. MCl causes cognitive problems
that are noticeable by individuals and those close to them but do not impact daily
life activities. As it is believed to be a high-risk condition for the development of
Alzheimer’s disease (AD) [6], early detection of MCI will allow health professionals to
better plan for and treat individuals at risk of developing AD or other types of
dementia.

A number of screening tools have been developed for detecting dementia.
Among them, the Mini-Mental State Examination (MMSE) [7] is the most widely used,
but difficulties in detecting early dementia have been reported. To address this
problem, the Montreal Cognitive Assessment (MoCA) was developed to screen
patients with MCl while performing on a normal range of MMSE [8]. In comparison,
the MoCA showed a sensitivity of 90% where MMSE had a sensitivity of 18% in
identifying MCl patients with memory loss [9]. The MoCA assesses several parts of
brain function such as short-term memory, visuospatial abilities, executive functions,
attention, concentration and working memory, language, and orientation. It is
available in both paper and digital format, but data collection and scoring require
extensive assistance by health professionals, and further data analysis is limited to
text input only.

The “Digital MoCA” is a newly developed application for iPads based on the
standard MoCA test criteria with Thai language support including automatic data
collection and scoring with limited assistance from health professionals. Automatic
data collection of voice recording and drawing input enable further data analysis

using machine learning techniques for better understanding of MCI risk factors.



To achieve reliable results from the Digital MoCA, automated scoring is
preferred to limit impacts from human error, personal judgment, and bias. Automatic
speech recognition (ASR) can be adopted to translate voice recordings into
sequences of words for automated scoring and evaluation. This research focuses on
applying ASR techniques to detect proper Thai words to assist the automated scoring
system of the language fluency test based on the MoCA test criteria and to reduce
the need for health professionals to provide personal judgments during assessments,
which will help to increase the overall reliability of MoCA scores. Developing ASR for
intended functionalities in this situation comes with several challenges such as a high
variety of pronunciation, tone, and accent of the patients, all of which might differ
from healthy controls. In addition, background noises and conversations between
patients and health professionals are recorded during the test. To overcome these
challenges, several techniques need to be applied in combination with a special
algorithm to differentiate between words that eligible for MoCA scoring versus those

that are ineligible.

Development of the Digital MoCA

The MoCA is available in two versions, a standard paper-and-pencil version
and an electronic version. Using the electronic MoCA enables opportunities for
utilizing technology like artificial intelligence (Al) to significantly improve the efficiency
and quality of cognitive assessment. To address the limitations of the standard MoCA
test procedure for Thai, researchers from the Faculty of Medicine in collaboration
with Department of Computer Engineering at Chulalongkorn University initiated a
new project to develop a customized version of the MoCA as an application for iPads
called the Digital MoCA. The main goal was to enable automatic data collection and
utilize machine learning techniques for the early detection of MCI patients in
Thailand. As of the time of this writing, the Digital MoCA is still in the early phase of
development with a prototype version under evaluated by a group of physicians and
a health professional team. The Digital MoCA application offers the same procedure

and test criteria as the standard paper-and-pencil version but with an additional



function for voice recording and image data capturing in each test module to store in
the system database for further analysis with machine learning. This research paper is
a sub-project of the Digital MoCA project initiative to utilize new Al techniques for

MCI detection improvement.

Related Work

Many studies have applied speech processing to cognitive assessment. The
common approach used for analysis relies on acoustic features from speech data
and text features extracted through ASR. Kénig et al. [10] analyzed dementia-related
characteristics from voice and speech patterns by developing a classifier using a
support vector machine (SVM) with features extracted from spoken tasks
characterized by the continuity of speech using the duration of contiguous voice and
silent segments and the length of contiguous periodic and aperiodic segments to
derive statistical values as vocal features. For the semantic fluency task, the vocal
feature was defined as the distance in time from the first detected word to each
following word. Evaluation results showed the following classification accuracy: HC
versus MCI, 79%; HC versus AD, 87%; and MCI versus AD, 80%. These findings
suggested that automatic speech analyses could be an additional assessment tool
for elderly patients with cognitive decline.

Spontaneous speech can provide valuable information about the cognitive
state of individuals [11], but to retrieve clinical useful information, it needs to be
transcribed manually. Zhou et al. [11] proposed an ASR system to generate
transcripts automatically and extract text features to identify AD with an SVM
classifier. They used an open-source Kaldi ASR toolkit [12] to optimize performance
for speakers with and without dementia over the Dementia Bank (DB) corpus by
insertion penalty and language model weight adjustment. They obtained an average
WER of 38.24% that shown improvement over their previous work, which employed
commercial ASR. However, their results were limited by the poor quality of audio in

the DB corpus, necessitating further exploration.



Language fluency tests are one of the main tasks on cognitive tests; they are
also known as verbal fluency (VF) tasks in the literature, referring to short tests of
verbal functioning where patients are given one minute to produce as many unique
words as possible within a sematic category (semantic fluency) or starting with a
given letter (phonemic fluency) [13]. In clinical practice, VF tests are administered
manually, and few studies have evaluated computerized VF administration and
scoring. Pakhomov et al. [14] applied ASR to speech data collected during VF tasks to
obtain an approximate count of legitimate words. They implemented an ASR system
based on Kaldi [12] using a speaker-independent acoustic model with a specially
trained animal fluency language model and applied confidence scoring to post-
process ASR output. Standard manual scoring was performed, including the
transcription of all responses during the VF task to be used for the evaluation of the
ASR decoder performance. They achieved a WER of 56%, which was relatively high,
but the results suggested that the combination of speaker adaptation and
confidence scoring improved overall accuracy and was able to produce a VF
estimated score that was very close to ones yielded by human assessment.

Troger et al. [15] proposed telephone-based dementia screening with
automated semantic verbal fluency (SVF) assessment. Speech was recorded through
a mobile tablet built-in microphone and downsampled to 8 KHz to simulate
telephone conditions. SVF sound segments were analyzed using Google’s ASR service
for possible transcriptions. A variety of features were extracted from generated
transcripts and evaluated by the SVM classifier. The overall error rate of the
automatic transcripts was 33.4%, and the automated ASR classifier reached results
comparable with those of the classifier trained on manual transcriptions. A. Lauraitis
et al. [16] proposed neural impairment screening and self-assessment using mobile
application for MCl detection based on the Self-Administered Gerocognitive
Examination (SAGE) screening. They developed mobile application to collect data
from different tasks. VF task was conducted by instructed participant to write down
12 different items in the given category as text field inside mobile application for
SAGE score calculation. Voice recording performed as additional task to evaluate

speech impairment by extracted several features for instance pitch, Mel-frequency



cepstral coefficients (MFCC), Gammatone cepstral coefficients (GTCC) and spectral
skewness for further speech analysis with SVM and bidirectional long short-term
memory (BiLSTM) classifier with 100% and 94.29% accuracy respectively.

In our study, the ASR system plays an important role to enable reliable word
detection for the MoCA language fluency test scoring system. Various approaches
have been proposed for ASR with Thai language support over the years. For instance,
Chaiwongsai et al. [17] proposed HMM-based isolated word speech recognition with a
tone detection function to improve the accuracy for tonal language. The tone
detection function was added as a parallel computation process to detect tone level
and map with the results from speech recognition part to obtain the final results.
Experimental results revealed that the accuracy of Thai word detection improved by
4.94% for TV remote control commands and by 10.75% for Thai words that had
different meanings with each tone.

One approach to avoid new training steps whenever new words are added
into the dictionary is the phoneme recognition approach. To this end, Theera-Umpon
et al. [18] proposed a new method to classify the tonal accents of syllables using
soft phoneme segmentation techniques for Thai speech, which was better than the
hard-threshold approach for phoneme classification. Hu et al. [19] conducted an
experiment with Mandarin and Thai by incorporating tonal information from
fundamental frequency (FO) and fundamental frequency variation (FFV) into
Convolution Neural Network (CNN) architecture and compared CNN with DNN. The
WER for Thai was 33.19% and 35.16% for CNN and DNN, respectively.

Background

MoCA Scoring Criteria

The standard version of MoCA test is a one-page 30-point test available at
[20]. Details on the specific MoCA items are as follows [8]. Visuospatial and executive

functions are assessed using clock-drawing task (3 points), copy drawing task (1 point),



trail making task (1 point), a two-item verbal abstraction task (2 points), confrontation
naming task with low-familiarity animals (3 points). Language is assessed with
repetition of complex sentences (2 points) and verbal fluency task (1 point). Short-
term memory is evaluated by learning of nouns and delayed recall after 5 minutes (5
points). Attention and concentration are assessed using tapping test (1 point), serial
subtraction (3 points), digits forward and backward (2 points). Finally, orientation to

time and place is evaluated (6 points).

Speech Production System

Human speech production system can be divided into three parts: the system
below the larynx, the larynx and its surrounding structures, and the structures and

the airways above the larynx [21] as illustrated in Fig. 1.

Figure 1. Representation of the three components of Speed Production System [21]

Source-Filter Model

Source-Filter model is a way of explaining acoustic of sound by modelling
how the pulse produced by the glottis (source) are shaped by the vocal tract (filter)
[22]. The airflow from the lungs which is modulated by the glottis acts as source
signal passing through the vocal tract acts as a kind of filter or amplifier so changing
the shape of vocal tract cavity by placing the tongue and the other articulators in
particular position can cause different frequencies to be amplified as shown in Fig. 2

and 3.
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Figure 2. Source-Filter model (from http://www.xavieranguera.com/tdp_2011/4-Source-Filter-Models.pdf)

[ae] (cat)

[iy] (tea) [uw] (moa)

. ¥

[iy] (tea) ae] (cat) [uw] (moo)

Figure 3. Visualizing the vocal tract position as a filter: the tongue positions for three English vowels [22]

Speech Recognition Architecture

A typical speech recognition system consists of basic components shown in
Fig. 4. Acoustic front-end take care of converting speech waveform into appropriate

feature vector with all necessary information for recognition using feature extraction



techniques. The decoder uses both acoustic models, language models and
pronunciation lexicon to generate words sequence that has maximum posterior

probability for the input feature vectors.

Speech Utterance

W Acoustic Model

l Feature l

vector

Search Algorithm Hypothesized

Acoustic
(Decoder) » Word/Phoneme

Front-end

h J

Language Lexicon
Model

Figure 4. Speech Recognition Architecture [10]

Acoustic Front-end

Major task of acoustic front-end involve signal processing and feature
extraction with the main goal to remove unwanted information, reduce
dimensionality and extract important feature vectors from audio signal for further
processing. The feature extraction normally performed in three stages [23]. The first
stage performs spectra temporal analysis by convert signal from time-domain to
frequency-domain and generates raw features describing the envelope of the power
spectrum of short speech intervals. Second stage compiles an extended feature
vector composed of statistic and dynamic features. The last stage transforms this
extended feature vector into compact and robust vectors that can be supplied to

recognizer.



Feature Extraction

There are various techniques to extract features but the most common in

speech recognition is Mel-Frequency Cepstral Coefficient (MFCC) [22]. The MFCC

feature extraction process has many steps which are shown in Fig. 5.

speech MFCC 12 12 MFCC
signal coefficients 12 AMFCC
S window |—p| DFT [—p| Mel Ml —b- IDFT »| deltas | 121 AA MFCC

energy

1 A energy
1 Ad energy

——b- 1 energy feature ?

Figure 5. Extracting a sequence of 39-dimensional MFCC feature vectors from a quantized digitized waveform
[22]

Step 1: Pre-emphasis
This step is used to boost the amount of energy in the high frequencies of input

speech signal.

Step 2: Window

This step is used to slices the input signal into sliding frames. This is done by using a
frame size of N milliseconds with frame shift of M milliseconds. A Hamming window
is commonly used to avoid effect associate with discontinuities of signal at the

boundaries caused by rectangular window.

Step 3: Discrete Fourier Transform (DFT)
DFT is applied to the windowed speech signal, resulting in the magnitude and phase
representation of the signal at different frequency bands. A commonly used

algorithm to compute DFT is the Fast Fourier Transform or FFT.

Step 4: Mel filter bank
This step is to warp the frequencies output from DFT onto the logarithmic Mel scale

to simulate human hearing perception which is less sensitive at frequencies above
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1000 Hz. A Mel frequency can be computed from the raw acoustic frequency as

follows:

f
() = 1127 (1+5)
mel(f) " 700 (1)
A bank of filters known as triangular filter is comprised of 10 linearly-spaced below
1000 Hz and 10 log-spaced filters above 1000 Hz as shown in Fig. 6 to collect energy
from each frequency band. The output of filtering the DFT signal by each Mel filter is

known as the Mel spectrum.

WEIGHT

W

a \000 2000 moo 4000 4600
FREQUENCY (Hz)

MFCC FILTERS

Figure 6. Filters for generating MFCC [24]

Step 5: Log
In this step, we take logarithm of Mel spectrum values as humans are less sensitive
to small energy change at high energy than small changes at low energy level. In

addition, using log makes feature less sensitive to variations in input.

Step 6: Inverse Discrete Fourier Transform (iDFT)

In this step, we need to separate the glottal source and the filter by computation of
cepstrum using inverse DFT to convert log Mel spectrum into time domain. Result of
conversion is called Mel Frequency Cepstral Coefficient where first 12 cepstral values

will represent information about vocal tract filter which is useful for phone detection.
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Step 7: Delta and energy
In addition to 12 cepstral coefficients, the energy from each frame is another feature
that providing useful cue to identify phones. The energy in a frame for signal x in

window from time sample t1 to time sample t2 is represented as:

t2

Energy = z x?[t] )

t=t1
Speech signal is not constant from frame to frame so there is a need to add features
related to change in cepstral features over time by adding each of 13 features (12
cepstral plus energy) a delta and double delta values end up with 39 MFCC features.
Deltas is computed from difference between frames; delta value d(t) for cepstral

value c(t) at time t can be estimated as:

c(t+1) —c(t—1)

1 = Z ®)

Acoustic Model

Acoustic modeling refers to process of establishing statistical representations
of feature vector sequence to represent relationship between audio signal and
linguistic units that make up speech which include knowledge about acoustics,
phonetics, gender and dialect differences among speakers [25]. Hidden Markov Model
(HMM) is one of the most used statistical models to build acoustic models for
generating a sequence of phonemes as output. Acoustic model is created by taking a
large database of speech called a speech corpus and using special training algorithms

to create statistical representations for each phoneme in a language [23].
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Language Model

Language models refer to collection of constraints on sequence of possible
words that are likely to occur in a given language. These constraints can be
represented by the rules of grammar or statistics of word pair estimated on a training
corpus [23]. One of the most popular language model N-gram which predicts the
occurrence of a word based on the occurrence of its N — 1 previous word. For
example, in bigram (2-gram) language model the current word depends on last word

only.

Materials and Methods

Data collection

Speech data were collected as part of the Digital MoCA project trial run in
Chulalongkorn Hospital, Thailand, with 60 participants (52 women and 8 men)
between the ages of 60 and 80. During the language fluency test, the patient was
given one minute to orally produce as many Thai words as possible beginning with
“n.” The whole utterance was recorded as single audio file through a standard built-
in microphone on an iPad device with a sampling rate at 12 kHz in M4A file format

stored in the Digital MoCA database, as shown in Fig. 7.

vee =
S A=

APl — Golang MariaDB

Machine Learning Backend

-|||||-|-— _————————— -

I ML !
1 ) ML- I
Subtask
| . Subtask 1
(Acoustic ASR

| Feature) ( |
| |

Figure 7. Digital MoCA system architecture overview
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Data preprocessing

Several challenges became apparent in the speech data: for example,
variation in the pronunciation of each patient, mixtures of conversation sentences
with the intended word and background noise, and the sound of the physician’s
digital pencil touching the iPad screen impacted the training dataset and accuracy of
speech recognition. Several audio files that contained conversations between the
patient and physician during the test were manually removed before further
processing of the data.

To improve the data quality, we implemented preprocessing steps for the
original speech data by applying a recurrent neural network noise suppression
algorithm RNNoise [26] to remove the background noise from all utterances with an
additional spectral gating filter to eliminate digital pencil sounds and generate clean

speech data, as illustrated in Fig. 8.

Waveform [original)

Waveform (preprocessed)

08 1§
04 |
07 4
0 §
0.2 {
044
06 1
2 4 &

Figure 8. Patient’s speech waveform after preprocessing
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Speech corpus and data augmentation

We did not have a sufficient amount of speech data for Thai words beginning
with “n” to develop a reliable ASR system on this task. We incorporated the large
vocabulary Thai continuous speech recognition corpus called LOTUS [27] into the
training data, where a phonetically distributed (PD) set was used for acoustic model
training to cover most of the basic phone units in Thai. Data augmentation using
frequency shifts at 100 Hz, 300 Hz, and 500 Hz was applied to both the original and
clean speech data. Additional speed perturbation to generate more data with higher
and lower speeds not more than 12% of the original speed was implemented to
populate the high-resolution training dataset. The details of the training dataset are

summarized in Table 1.

Table 1. Details of the training dataset

Number of )
Corpus Durations (Hrs.)
Utterances
LOTUS-PD 3,040 5:24
Digital MoCA 552 1:16
Augmented Digital MoCA 1,518 4:39
Augmented LOTUS + MoCA 12,620 30:10

Model training

The Hidden Markov Model (HMM) was the main foundation for speech
recognition for decades [28], and the Gaussian Mixture Model — Hidden Markov
Model (GMM-HMM) system was a robust model used to develop the ASR system for
many years. A novel hybrid model architecture called the Deep Neural Network -
Hidden Markov Model (DNN-HMM) has been shown to outperform the GMM-HMM on
a variety of speech recognition benchmarks [29] and has been widely used in speech
recognition recently. However, achieving a good accuracy of DNN training normally
requires a large amount of data, which is not available in our domain. To explore an

optimal solution with the existing constraints, we developed an ASR system based
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on Kaldi [12] and created two training models using the standard GMM-HMM and
DNN-HMM for comparison.

GMM-HMM acoustic model

Since Thai is a tonal language, we extracted MFCC together with pitch
features to help improve the system’s overall performance [30]. After these features
were extracted, we then transformed with Cepstral Mean and Variance Normalization

(CMVN) following the training sequence shown in Fig. 9.

DataPre- | | Feature | | Monophone Phone Tri-phone
processing Extraction Training Alignment Training
SAT LDA+MLLT |«—| Phone

Alignment

Figure 9. GMM-HMM model training sequence

In additional to the standard acoustic model mono-phone and tri-phone
training, the Linear Discriminant Analysis (LDA) - Maximum Likelihood Linear
Transform (MLLT) was applied to reduce feature vectors and derive unique
transformation for each speaker, followed by normalization with Speaker Adaptive

Training (SAT) to reduce inter-speaker variability in the training data [31].

DNN-HMM acoustic model

There are several types of DNN architecture supported by Kaldi, among which
the most popular is TDNN [32]. It uses a lattice-free version of the MMI objective
function called chain models, which use smaller frame rate at the output of the

neural net to reduce computation at the test time, making the results faster to
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decode. The standard chain models training sequence relies on alignment data from

the GMM-HMM stage as input to the TDNN layers depicted in Fig. 10.

Data Pre- Feature GMM-HMM TDNN
— —>
processing Extraction Training Training

Figure 10. LF-MMI model training sequence

The architecture of the LF-MMI model comprises five TDNN layers with
splicing indexes as (-1,0,1) (-1,0,1) (-3,0,3) (-3,0,3) (-3,0,3), as shown in Fig. 11. The (-
1,0,1) means that the TDNN layer will process the input vectors at time t-1, t, and
t+1, and (-3,0,3) means the TDNN layer will process input vectors at time t-3, t, and
t+3.

Output

:

ReLu-BatchNorm Layer

Y

TDNN Layer 4-6 —

X3

5 I )
i

TDNN Layer 2-3 V_

2] ] () x2

TDNN Layer 1

NN

MFCC + iVector

Figure 11. TDNN architecture for LF-MMI
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Due to the limited amount of Digital MoCA training data, the quality of the
GMM-HMM stage may not enable acceptable results with our chain models. We used
another technique proposed by Hadian et al. [33] called end-to-end LF-MMI (EE-LF-
MMI), where training was performed in a flat-start manner of single DNN in one stage

without using any previously trained model or alignment data, as shown in Fig. 12.

Data Pre- | Feature TDNN
processing Extraction Training

A 4

Figure 12. EE-LF-MMI model training sequence

The model architecture for end-to-end LF-MMI was composed of 13 TDNN
layers with splicing indexes (-1,0,1) in layers 2-4 and (-3,0,3) in layers 6-13, as
illustrated in Fig. 13.

Output

i

Linear Layer

i

TDNN Layer 6-13

8
) O o) ’
i
TDNN Layer 5
TDNN Layer 2-4
) O 9 x3

TDNN Layer 1

nUooiuinubui

MFCC

Figure 13. TDNN architecture for EE-LF-MMI
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Language model and lexicon

A special dictionary was prepared by extracting all words starting with “n”
from a standard Thai dictionary, yielding 2,253 words. We combined all utterance
transcriptions from the LOTUS corpus and Digital MoCA language fluency test dataset
as well as the special dictionary to construct a text corpus for tri-gram language

model training and lexicon creation.

Evaluation metrics

Performance of ASR systems is usually evaluated by the WER, which is

calculated as follows in (4):

WER = _(I_-f_S;D)

N (4)
where, | is the number of insertions, Sis the number of substitutions, Dis the
number of deletions, and N is the number of words in the reference.

To evaluate the performance of MoCA language fluency scoring, we defined a new
metric called fluence score accuracy (FSA) to measure the difference between the

final score rated manually by health professionals and the score calculated by the

system. This is shown in (5) below:

™

FSA =ty (5)

where, TM is the total number of utterances that received the same score in the
manual and automatic calculations and TN is the total number of utterances that

received different final scores in the manual and automatic calculations.
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Decoding and Scoring

According to the scoring criteria of the MoCA test for language fluency, scores

”»”

are given to words that start with “n ” as defined in a standard Thai dictionary,
excluding proper names and duplicate words. The final score is 1 if the total eligible
word count is 11 or higher; otherwise, the final score is 0. Thus, the final score

function can be calculated as shown in (6):

0, x <11

Fluency score f(x) = {1 x>11 (6)

where X is the total number of unique words in the dictionary.

Since output word sequences might contain ineligible words caused by
recognition process errors as well as unintended spoken words from patients, we
implemented additional steps to filter words that begin with the initial phoneme /k/
corresponding to “n” in Thai before feed into the scoring algorithm. The steps for

decoding and scoring are illustrated in Fig. 14.
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Decoda Dutgut

l

wiced Filtiering

I

List ol Detacted Woends V—‘

Upsdate nasnt in
Toldd Ztorw

Figure 14. Decoding and scoring flowchart

Results and Discussion

We conducted an experiment with the original data from the Digital MoCA
and LOTUS corpus using the GMM-HMM model as the baseline to confirm our
hypothesis that incorporating data from the LOTUS corpus can improve the accuracy
of our model. We performed GMM-HMM training with the same configuration applied
to each dataset from the Digital MoCA, LOTUS, and a combined set from both
corpora. The results showed that our GMM-HMM model achieved good accuracy for
the LOTUS training samples but did not work with the data collected from the Digital
MoCA due to the smaller sample size, while the combined dataset from LOTUS and
the Digital MoCA improved the overall accuracy of the model when validated with

data from the Digital MoCA, as shown in Table 2. We analyzed the results further and
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found that the main reason behind the poor results from the GMM-HMM model was

a phone alignment problem that occurred during the training.

Table 2. Baseline ASR results

Dataset Features Model Validation WER
LOTUS MFCC GMM-HMM (triphone) LOTUS 2.64%
LOTUS MFCC + Pitch  [GMM-HMM (triphone) LOTUS 3.81%
Digital MoCA MFCC GMM-HMM (triphone) MoCA 96.06%
Digital MoCA MFCC + Pitch  |GMM-HMM (triphone) MoCA 91.34%
LOTUS MFCC GMM-HMM (triphone) MoCA 100.39%
LOTUS MFCC + Pitch  |GMM-HMM (triphone) MoCA 100.39%
LOTUS + MoCA MFCC GMM-HMM (triphone) MoCA 74.41%
LOTUS + MoCA MFCC + Pitch  [GMM-HMM (triphone) MoCA 84.65%

From the experiments, we observed that pitch features helped reduce WER in
general, but no improvement was visible for the LOTUS dataset in the current setup.
To evaluate the performance of our proposed model, we performed an experiment
with the combined dataset with data augmentation using different configurations and
features for GMM-HMM, TDNN-HMM (LF-MMI), and TDNN-HMM (EE-LF-MMI). The
results showed that the proposed model EE-LF-MMI improved the overall accuracy
of the recognizer without a need for alignment data from the previous training in the

GMM-HMM model, as depicted in Table 3.

Table 3. Evaluation of ASR results

Dataset Features Model WER
Augmented LOTUS + MoCA [MFCC TDNN-HMM (EE-LF-MMI) | 41.30%
Augmented LOTUS + MoCA |MFCC +iVector [TDNN-HMM (LF-MMI) *
Augmented LOTUS + MoCA [MFCC + Pitch [GMM-HMM 93.48%

* Model failed to run due to bad alignment

We used the phone alignment results from the GMM-HMM training with the
LOTUS+MoCA dataset for the LF-MMI model, and the results confirmed that we

could not obtain good improvement due to the bad quality of input. Decoded
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output from the EE-LF-MMI obtained a WER of 41.30%, which was relatively high, but
it shown significant improvement over the other two models.

Currently, the regular LF-MMI achieves state-of-the-art results on several
speech recognition tasks [33], while the end-to-end LF-MMI can obtain a comparable
performance with the regular LF-MMI but with a simplified training pipeline and works
well with a small dataset. In our study, the LF-MMI approach obtained better
accuracy than the GMM-HMM, but the model architecture required alignment data
from the previous training due to very poor results from the GMM-HMM. Thus, phone
aligcnment information significantly affected the quality and accuracy of the TDNN
layers. Meanwhile, the EE-LF-MMI approach demonstrated a high potential for future
ASR development where domain-specific data are scarce with minimum effort

needed for feature engineering.

Data augmentation analysis

We conducted a comparison to understand the impact of the data
augmentation techniques used in our proposed model. We applied a combination of
frequency shift and speed perturbation help to reduce errors and improve the

overall accuracy, as shown in Table 4.

Table 4. Comparison of accuracy impact by data augmentation over combined datasets

Model Frequency shift| Speed purturbation| WER
TDNN-HMM (EE-LF-MMI) N Y 80.98%
TDNN-HMM (EE-LF-MMI) Y Y 41.30%

Word count and utterance analysis

We analyzed the results of the decoding output from our model for each
speaker to see where the errors came from. Substitution error was the main

contributor with 29.35% on average. Then, 1.63% of the problem came from
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insertion and 10.33% from deletion errors, while the percentage of words that could
be detected correctly was in the range of 60.33%, as reported in Table 5.

We observed higher accuracy rates for male speaker compared to female
speakers, so we listened to the original audio recordings and found that the voice
quality of male speakers seemed to be better. As the audio samples contained both
long utterances and single words, to gain a better understanding of the sequence of
errors for long utterances, we filtered out the results from single words and analyzed
only long utterances. By doing this, we found that major mismatches were caused by
deletion and insertion errors, as shown in Table 6. Further analysis showed that the
model could not accurately predict words with similar tones: e.g., 1na /klay/ vs. 1nd

/klay/, Ina /klay/ vs. 'In /kay/, as shown in Fig. 15.

Table 5. Statistics of the recognizer results by speaker

SPEAKER id #WORD Corr Sub Ins Del Err

F0029 raw 28 15 11 0 2 13
F0029 sys 28 53.57 39.29 0 7.14 46.43
FO033 raw 44 25 12 0 7 19
FOO033 Sys 44 56.82 27.27 0 15.91 43.18
FO038 raw 16 9 4 0 3 7
FO038 sys 16 56.25 25 0 18.75 43.75
FO040 raw 28 15 13 2 0 15
FO040 sys 28 53.57 46.43 7.14 0 53.57
FOO51 raw 24 14 5 0 5 10
FOO051 sys 24 58.33 20.83 0 20.83 41.67
MO0006 raw 44 33 9 1 2 12
MO0006 Sys 44 75 20.45 2.27 4.55 27.27
SUM raw 184 111 54 3 19 76

SUM sys 184 60.33 29.35 1.63 10.33 41.3




Table 6. Detailed results of mismatches per utterance
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Utterance Decode output
F0029_1001 [ref [msuufmisew [la [ [Aw [ru Jnau [ngu[ine [Au  [Ausn[rau  [inds [an |
F0029_1001 |hyp [mashulmsew [la [dn [Aw [na_ [nau [ngu [Tne 1y e [ [nan |
F0029_1001 (op C C C C C N C C C D S N N N
F0029_1001 |#csid 8 5 0 1
F0033_1001 |ref [Auan [ndwiulnsonn [nnsihu [ndumdsviulne [\a [ndufnqunsulfn  [dng  [Aauuaulfeiu [nau [n&s [nsanwin [ndundeviu[nduldndun [maaus]lna [tna [Aas |
F0033_1001 |hyp s [nduvdoiu|ne  [1n [n&u[nqunsulAn  [Ang  [rauuau[Aeiu [nau [n&s [nsanmin [ndundoviu [asse [tneu [lna [na [nas |
F0033_1001 |op D D D C C C C C c C C C C C C C C S S C C C
F0033_1001 |#csid 17 2 0 3
F0038_1001 |ref [wAm  [lna  [Au  [ae  [iAm [nae  [uAu [Au |
F0038_1001 |hyp e [me [m9e [iAm [nas [iAy [Au |
F0038_1001 (op D S S C C C C
F0038_1001 |#csid 5 2 0 1
FO040 1001 [ref [une  [Aau  [Au L % [ou [ime [mo[ta [an [tna [laa [*** Jdu [nav A |
F0040_1001 |hyp [une  [rau  [Au nn [rau_[ime [mo [ta [an [tnd [lna Au_[inse[naau |
F0040_1001 |op C C C | S S C C C C C C | S S S
F0040_1001 |#csid 9 5 2 0
F0051_1001 [ref [ld [Aern [ [Ae  [dau [au_ [AsAalne [infeu [lna [tna Ao
F0051.1001 |hyp [1d [Aern  [m [Ae  [dau [Au no_[wnieu [lna
F0051_1001 (op C C C C C C D C C C D N
FO051_1001 |#csid 9 1 0 2
MO0006_1001 |ref  [nszenunaszan [nszide [asveaulaszith  [nszaln[nefl [m [aszén [ném[naide [iAia  [Aands[assu [Av [Aaa [Anide [Aaviu [fva  [Aoanu[Andae]nszau|
M0006_1001 |hyp [nszenu[aszan [nsuide |asveaulaszith  [nszan[nefl [m [nszén [ném[naide [iAe  [Aands[assu [Avi [Awea [Anile | Araviu [fva |Aoau[AnAasnszau |
MO0006_1001 |op C C C C C C C C C C C C C C C C C C C C C C
MO0006_1001 |#csid 22 0 0 0
0 0 2
&
1 1 0 5
3.s 0 1 7 0 0 p
¥ d
-3
c ;
E 0 2 1 ) 0 3
0 0 0 0 0
\ ! | 3 ' -0
e Tn 'l lan ot dete
Predicted

training set to find the most common words uttered by patients (see Fig. 16). We
compared the top 10 words from the test data with the total distribution in the

training set. The results confirmed that the model could predict correct words

Figure 15. Confusion matrix for words with similar tone

We conducted further analysis of the distribution of words in the MoCA

outside the training data, as illustrated in Table 7.
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Table 7. Top 10 words from test utterances

Word Count Word countin training Correctly detected
fiu 10 175 7
1nad 8 0 4
n 8 0 7
na 6 0 3
fau 6 84 5
a 6 126 4
LAR 4 0 2
nn 4 0 3
NN 4 0 3
NAUNAIRY 4 0 3

In this study, we have developed and evaluated a new approach to integrate
ASR techniques into a MoCA assessment tool for conducting a language fluency test
with Thai language support. Most previous studies focused on utilizing ASR to assess
verbal semantic fluency tasks in English, for which ample speech data are publicly
available. This novel method is proposed to utilize ASR for assisting a phonemic
fluency task in Thai, which is the first attempt of its kind. Several challenges still
need to be addressed, starting from the data collection process, which directly
affected the quality of voice recordings and had major impacts on the overall

accuracy of ASR. Acoustic model training with low resources, namely, no domain-
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specific data available, was one of the biggest challenges in the speech recognition
task.

To evaluate the usability of an automated scoring system for the MoCA
assessment tool, we examined the results of automated scoring compared with
manual scoring by health professionals after the assessment. For those utterances
with substitution errors, the ASR recognizer tried to predict the closest words that
were still within the dictionary results with no big deviation from the total count of
words and no impact to the overall score for that utterance. The final scoring
calculated by the system showed an accuracy of 83%, as reported in Table 8§,

indicating a high potential for further development and use in clinical practice.

Table 8. Comparison of language fluency scores between the manual and automated systems

Utterance Type |Final Score | Count Decode Output

F0029_1001 | Manual 1 14 |ref |AI5UU [N |“Ln |n“11 i nu nay_|nfu |1no Aiu_ |fu |Aau W&y |nn
F0029_1001 Auto 1 13 |hyp  |nsiufmisou [1a An A na nay_[nfu |Ing Wy |Ae My |nau

F0033_1001 | Manual 19 |ref |Auzn [nduiu N5t [Nl

F0033_1001 Auto

A |1 [ndu[nsundulin  [Ang |rauuau|doiu [nan [nds [nsanmin naulnduin [lna_[tha [rag
18 |hyp st [ndumdoiu e [\n [n&unqundulfn  [Ang  [nauuau]dewu [nau [nde [nsanmin NI wnieu [lna_[na|Aae

8 |ref e |A nay iy [Au
7 |hyp 1na WAy
14 |ref fau 1y | nn_ [lnd [1na fu__[nav |y

14 |hyp fiau T nn_ |lna_ [lna na Ay (159 [naau
12 |ref i Aurn A
10 |hyp |ld fAvAn [m fig fiau

F0038_1001 Manual
F0038_1001 Auto
F0040_1001 Manual
F0040_1001 Auto
F0051_1001 Manual
F0051_1001 Auto

oy [1na my

‘lna|lna’
nseén_[nénn [natfie [ fians [nasu [Avn [Ama [Anilo [Aoviu [foa  [fonulfnras]nszau]

M0006_1001 | Manual 22 |ref  [nszanu|AsEA [ASUEY |nszeau [Assih

FRORRROORR

IM0006_1001 Auto 22 |hyp |nszenu[nszen [nsudd [nszeau|nszih nsaln [nedl [m)

nszén_[néinn[natAa [1Ae Aanns [nssu (v [Aaa |Anale R [fnna_ [Aonu]Andas|nszan]

FSA (%) 0.83

Conclusion

The MoCA is a widely used tool of assessment for MCl detection, but data
analysis options for the current paper-and-pencil based version are limited and
require great manual efforts in data collection. Therefore, we seek to develop the
Digital MoCA in Thailand. This research paper is a sub-project of the larger Digital
MoCA project with the aim of creating technology to support automatic data
collection and analysis to enable physicians and other health professionals in

Thailand to conduct reliable cognitive assessments for a broader range of patients.
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This paper demonstrated the possibilities to utilizing ASR techniques for word
detection to assist with the MoCA language fluency test scoring system for Thai. The
proposed method yields acceptable accuracy under a number of constraints where
domain-specific data are not publicly available. However, more data need to be
collected for the Digital MoCA, which is still in the early phase of development. In
addition, several other challenges emerged in this study, mainly arising from data
quality issues.

We see great potential to further improve the accuracy of the system, such as
by enhancing the acoustic model with more data from patients, increasing the
accuracy of the Thai tone detection with a better algorithm, and integrating a
dedicated microphone system into the iPad device to differentiate the voices of
patients from health professionals, which will help to improve the quality of the
voice recording. In additional to benefits within the medical domain, the techniques
developed from this research, such as isolated word recognition of Thai words

”»

beginning with “n,” can be used as a baseline for future expansion of complex ASR

system integration in various speech recognition domains.
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