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Background
The advent of digital biomarkers has generated consider-
able interest in the rapidly increasing field of biomarker 
research for cognitive disorders. Among these, vocal 
attributes offer promising characteristics for the early 
detection and prediction of mild cognitive impairments 
(MCIs) and dementia [1–4]. Studies such as Mahon & 
Lachman (2022) and Park et al. (2024) highlight how 
vocal changes correlate with cognitive decline, par-
ticularly in early stages of dementia [1, 4]​. Thomas et al. 
(2020) demonstrated the utility of language and voice 
biomarkers in large-scale studies like the Framingham 
Heart Study, suggesting the feasibility of using voice data 
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Abstract
Background  Voice biomarkers hold potential for early cognitive disorder detection, but variations in recording 
conditions across different environments present challenges for accurate diagnosis using artificial intelligence (AI) 
models. This study aims to develop a robust, generalizable model for reliably diagnosing cognitive impairments across 
varied datasets.

Methods  We implemented a domain generalization approach using an adapted Deep Domain-Adversarial Image 
Generation (DDAIG) framework. This method transforms input data to reduce center-specific characteristics and 
emphasizes domain-invariant features, allowing the model to focus on cognitive impairment indicators.

Results  Before applying domain generalization, both cognitive impairment (CI) and center classification models 
achieved accuracies of 0.96. After implementing domain generalization, the CI classification accuracy decreased 
to 0.90, while the center classification model’s accuracy dropped to 0.64. This reduction in the center classification 
metrics reflects the model’s reduced dependence on center-specific features, indicating effective domain 
generalization.

Conclusion  The adapted DDAIG framework effectively reduced center-specific learning, enhancing the model’s 
ability to generalize cognitive impairment classifications across different centers. These findings suggest the role of 
domain generalization in developing reliable AI diagnostic tools for cognitive disorder detection.
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to assess cognitive health remotely [2]. The advantage of 
vocal biomarkers lies in their non-invasive nature and 
potential for seamless integration into routine clinical 
assessments or even remote monitoring scenarios. We 
aimed to leverage the features of speech using machine-
learning methodologies to predict cognitive impairments 
in various environments and domains.

Voice constitutes a complex blend of cognitive activi-
ties that are intricately connected with language, emo-
tions, and muscle control [5–8]. The potential of voice as 
a biomarker arises from its sensitivity to subtle shifts in 
these cognitive domains, which are frequently affected 
in the early stages of neurodegenerative diseases [1, 9, 
10]. For example, changes in tempo, pitch, clarity, and 
pattern of vocal errors can act as early indicators of cog-
nitive decline. Machine learning methods can systemati-
cally analyze these vocal characteristics to detect patterns 
that may be too subtle for the human ear to recognize [4, 
11–13]. Garcia-Gutierrez et al. (2023) and Taptiklis et al. 
(2023) explored machine learning’s role in identifying 
amyloid status and predicting cognitive load from voice, 
respectively [11, 12]​.

However, using voice for the diagnosis and prognosis 
of cognitive disorders has its challenges. A primary issue 
are the variations in speech-recording conditions, as the 
environment and ambient noise can significantly influ-
ence the quality of speech data. In the field of artificial 
intelligence (AI) research focused on diagnosing and clas-
sifying various cognitive disorders [14, 15], the acquired 
data can be contaminated by its source, potentially 
skewing the results, as noted by Parsapoor et al. (2023), 
where variations in recording conditions impacted model 
accuracy [13]​. This phenomenon, called the domain shift 
problem, is well documented in the literature [16–20], 
wherein algorithms trained on data on a single center 
have often exhibited lower accuracy when employed 
using data from different centers. Although a study 
attempted to predict Parkinson’s disease using voice anal-
ysis [18], the model was trained on limited datasets and 
struggled to generalize and performed poorly on other 
datasets. The authors suggested that additional research 
is required to improve their performance such that they 
can be employed in real-world applications. Another 
study done by Zech et al. (2018) highlighted a similar 
concern, wherein machine learning models trained on 
medical imaging data from one hospital system were less 
effective on data from another system [19]. Such discrep-
ancies can potentially distort the ability of the machine 
learning model to generalize to real-world scenarios after 
training on limited data. This issue of site-specific data 
variance presents significant challenges to the generaliz-
ability of AI diagnostic tools [20]. These findings under-
score the importance of developing algorithms that are 
robust against diverse data collection environments to 

ensure the reliability and accuracy of AI-driven diagnos-
tics for cognitive disorders.

To discern cognitive impairment (CI) from normal 
cognition (NC) through machine learning, this study 
addresses the pivotal challenge that arises from the het-
erogeneous distribution of participants across various 
collection centers. This heterogeneity presents a signifi-
cant confounding factor, as the machine learning model 
may inadvertently learn to identify the data source rather 
than the intended cognitive features associated with CI 
or NC. This can have profound implications, potentially 
resulting in a model that is more adept at center identifi-
cation than accurate clinical diagnoses.

To address this issue, we explored the concept of 
“domain generalization,” which attempts to create models 
that can perform consistently well across different unseen 
domains. This is particularly crucial in medical settings, 
where data are often siloed, and the ability to generalize 
across various data is essential for creating robust and 
scalable diagnostic tools.

Domain generalization aims to mitigate the effects of 
domain-specific factors that can skew the performance of 
predictive models. In this study, the domains are repre-
sented by the centers from which the data are collected. 
Each center may exhibit unique characteristics in terms 
of ambient environmental conditions during data collec-
tion. These factors can imprint on the data, manifesting 
as noise that can mislead the algorithm learning.

Our approach to overcome this obstacle begins with 
a critical analysis of data distribution. We acknowledge 
that, ideally, data from NC and CI participants should be 
evenly collected across all centers; however, they deviate 
substantially. Specifically, data of patients with NC were 
exclusively collected from Center A, whereas those of 
patients with CI were collected from Centers C, E, and 
S. This discrepancy inadvertently transformed the task 
of classifying patients with NC and CI into distinguish-
ing between Centers A and C, E, and S. Such an overlap 
between clinical and non-clinical factors is common in 
medical datasets, making it a pressing issue that must be 
addressed for predictive modeling.

Unlike other studies [13, 16], our proposed method-
ology involves a sophisticated application of denoising 
autoencoders, which are adept at reconstructing clean 
inputs from corrupted or noisy data [21]. These autoen-
coders are not only pivotal for feature learning but also 
play a crucial role in data denoising [22]. We aimed to 
extend this concept by not only denoising the data but 
also separating domain-specific characteristics, akin to 
separating “content” from “style” in artistic image genera-
tion [23–25]. In this context, “content” is interpreted as 
the cognitive-impairment features inherent to the par-
ticipant, whereas “style” pertains to the center-specific 
characteristics. Through this approach, we expected to 
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develop a model that is not only resilient to domain-spe-
cific noise but also adept at extracting and leveraging the 
underlying cognitive features for accurate classification.

The objective of this study is to develop a robust and 
generalizable model that can accurately classify CIs 
across diverse clinical environments by implementing 
domain generalization techniques. This involves using 
denoising autoencoders to separate cognitive features 
from center-specific characteristics, thereby mitigating 
the ‘domain shift’ problem and enhancing the model’s 
applicability in real-world medical settings.

Methods
This study was designed to evaluate the impact of domain 
generalization on the ability of a neural network to clas-
sify CIs and identify center-specific characteristics. The 
model performance was assessed both before and after 
the application of domain-generalization techniques.

Data acquisition
The data used in this study were collected from Bun-
dang Seoul National University Hospital, Anseong City, 
Eunpyeong St. Mary’s Hospital, and Chung-Ang Uni-
versity Hospital. Participants were recruited among 
patients with memory problems who visited the neurol-
ogy clinics in these hospitals. This study was conducted 
in accordance with the International Conference on 
Harmonization Good Clinical Practice Guidelines [26]. 
The institutional review board (IRB) of each hospital 
approved the study protocol and consent forms prior to 
the study commencement (Seoul National University 
Bundang Hospital IRB No: B-2109-709-303; Anseong 
City, IRB-Korean Nazarene University-2021-16; Eunpy-
eong St. Mary’s Hospital: PC21ESDE0126; Chung-Ang 
University Hospital: 2110-028-481). Written informed 
consent was obtained from all participants before enroll-
ment. During the task, voice recordings were obtained 
from the participants for analysis. This multisite data col-
lection approach was employed to obtain a diverse range 
of vocal biomarkers required for developing an accurate 
AI algorithm capable of diagnosing Alzheimer’s disease 
(AD).

Inclusion criteria
The study population comprised both male and female 
participants aged between 60 and 79 years and were lit-
erate. Individuals with acute or severe asthma, unstable 
cardiovascular diseases, active peptic ulcer disease, 
severe liver disease, kidney issues requiring dialysis, 
neurological brain diseases other than AD (e.g., stroke, 
psychiatric disorders, epilepsy), as well as those with a 
history of drug or alcohol addiction in the past ten years 
were excluded.

Participants with CI referred to individuals with MCI 
or early-stage AD. The control group comprised cog-
nitively healthy community-dwelling individuals with-
out complaints regarding memory or motor abilities. 
These participants met the Christensen’s health screen-
ing criteria [27] for normal aging and scored more than 
one standard deviation above the mean for their age 
and education level in the screening tests. Additionally, 
they required scores of ≤ 0.42 and ≤ 6 on the Korean ver-
sion of the Instrumental Activities of Daily Living Scale 
(K-IADL) [28] and Korean Dementia Screening Ques-
tionnaire (KDSQ) [29], respectively.

The participants were distributed across four centers: 
A, C, E, and S. Each participant was categorized into 
one of three groups: NC, MCI, and Alzheimer’s disease 
dementia (ADD). The patient distribution by sex (male/
female) in each category across the different centers was 
as follows: Center A included 206 patients with NC (62 
males and 144 females), Center C included 82 patients 
with MCI (26 males and 56 females) and 55 patients 
with ADD (18 males and 37 females), Center E included 
82 patients with MCI (21 males and 61 females) and 24 
patients with ADD (4 males and 20 females), and Cen-
ter S included 87 patients with MCI (27 males and 60 
females) and 31 with ADD (14 males and 17 females). 
The age distribution of this study subjects is as follows: 
Among the 110 participants diagnosed with ADD, 25 
were in their 60s, and 85 were in their 70s. For the 251 
participants with MCI, 63 were in their 60s, and 188 were 
in their 70s. The 206 NC participants included 86 indi-
viduals in their 60s and 120 individuals in their 70s.

Table  1 reflects the distribution of pre- and post-pro-
pensity score-matched participants across all centers.

Table 1  Number of pre- and post-propensity score-matched participants distributed across four centers
Center Pre-propensity score-matched participants Matched female participants

NC (M/F) MCI (M/F) ADD (M/F) NC (F) CI (F)
A 206 (62/144) 144
C 82 (26/56) 55 (18/37) 17
E 82 (21/61) 24 (4/20) 56
S 87 (27/60) 31 (14/17) 71
Total 206 (62/144) 251 (74/177) 110 (36/74) 144 144
NC, normal cognition; MCI, mild cognitive impairment; ADD, Alzheimer’s disease dementia; CI, cognitive impairment; M, male; F, female
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We used data from only female participants for train-
ing to mitigate the potential impact of gender differences 
on the classification results. Additionally, focusing on 
female data helped minimize the complexity of analysis 
arising by including data of both sexes. Subsequently, 
we performed propensity score matching to balance the 
data classes of female participants (Table  1). The data 
were randomly divided into training (80%) and validation 
(20%) sets, and we ensured that the same participant was 
not included in both sets.

Data collection
A dedicated application was developed for voice record-
ing and used in this study. This data collection applica-
tion was operated on the same model of and Android 
tablet (Samsung Galaxy Tab A7 SM-T500, South Korea). 
Participants’ voices were recorded and stored in the wav 
format at a sampling rate of 16 kHz in mono channel.

The tasks performed during the voice recordings were 
divided into seven categories, as presented in Table  2. 
Each task was designed to elicit various aspects of speech 
and language abilities that could be potentially affected 
by AD or other forms of CI. These tasks ranged from 
simple vocal activities, such as naming animals (semantic 
verbal fluency) and reading standardized passages (Tasks 
2 and 3), and complex cognitive tasks, such as picture 

descriptions (Task 4), storytelling (Task 5), and engaging 
in spontaneous speech regarding specific topics (Tasks 6 
and 7).

The recordings captured both the interviewer’s and 
interviewee’s voices simultaneously. In subsequent pro-
cessing, the interviewer’s voice was removed and only 
that of the interviewee was preserved, resulting in audio 
segments containing only the voice responses of inter-
viewees. These processed audio segments served as pri-
mary data for further analysis.

The human voice generally falls within the frequency 
range of 300–3400  Hz. Therefore, we opted for a sam-
pling rate of 16,000  Hz—over twice that required by 
Nyquist’s theorem [30]—to capture these higher fre-
quency components and discern subtle changes in speech 
patterns.

Model
We employed two neural network models with distinct 
purposes: one for classifying CI, and the other for cen-
ter classification. To ensure the model’s robustness across 
various domains and to avoid the overfitting of center-
specific characteristics, we implemented a domain-
generalization technique. In the domain generalization 
process, we intentionally degrade the performance of the 
center classifier. By doing so, the model focuses on gen-
eralizable features related to cognitive impairment rather 
than characteristics tied to specific recording centers.

Feature extraction (Figure. 1)
The feature extractor had an autoencoder structure; 
however, unlike typical autoencoders, it contained two 
encoders and therefore, resulted in two encodings. We 
named these content and style encoders and their out-
puts as encoded content and style, respectively. They are 
mathematically expressed as.

Table 2  Voice recording tasks
No. Category Task
1 Semantic verbal fluency Naming animals
2 Reading Reading a passage titled “Rainy Day”
3 Reading Reading a passage titled “Birth of 

Eldest Son”
4 Picture description Describing an image of a city park
5 Storytelling Telling the fairytale “Heungbu and 

Nolbu”
6 Spontaneous speech Discussing a trip to Jeju Island
7 Spontaneous speech Explaining how to cook ramen

Fig. 1  Feature extraction and classification model for domain generalization. The model processes input voice data in the form of a mel-spectrogram. 
The Feature Extractor consists of two separate encoders: the Content Encoder, which isolates cognitive impairment features, and the Style Encoder, 
which captures center-specific characteristics. The outputs from these encoders are decoded and then used for classification. The Cognitive Impairment 
(Label) Classifier uses the content features to classify cognitive impairment, while the Center (Style) Classifier uses the combined style features to classify 
the center
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min
θs,θc

LMSE(gc(x) + ms(x), x)� (1)

where represents the input, gc is the content extractor 
with parameter θc (comprising the content encoder and 
decoder), and ms is the style extractor with parameter θs 
(comprising the style encoder and decoder).

Both encodings are fed into the same decoder to obtain 
the content and style, with their sum defined as the 
reconstructed output. This relationship can be expressed 
as

	 x̃ → gc(x) + ms(x)� (2)

where x and x̃ represent the input and reconstructed out-
put, respectively.

Both the content and style encoders comprised three 
residual blocks, each with two convolution layers of 3 × 3 
kernels. Max pooling with a pool size of 2 was performed 
between each residual block. The convolution layers of 
each residual block comprised (256, 256), (128, 128), and 
(64, 64) channels. Additionally, the decoder comprised 
three residual blocks, each with two convolution layers of 
3 × 3 kernels, but with an upsampling of size 2 between 
the blocks and the (64, 64), (128, 128), and (256, 256) 
channels.

Label classifier (CI classifier)
Label loss calculates the cross-entropy between the labels 
predicted by the label classifier and actual class labels. 
The label classifier uses content from the feature extrac-
tor to predict class labels and is mathematically expressed 
as.

	
min

θl

Ll(fl(gc(x)), y)� (3)

where fl denotes the label classifier parameterized by θl, 
y represents the actual class label, and Ll is the cross-
entropy loss of the label classifier. The label classifier 
employed the Audio Spectrogram Transformer (AST) 
model [31, 32]. The pretrained model used in this study 
is the first model listed in the author’s GitHub repository, 
titled “Full AudioSet, 10 tstride, 10 fstride, with Weight 
Averaging (0.459 mAP).” The label classifier, which is a 
binary classifier, received content as an input to deter-
mine NC or CI.

Domain classifier (center classifier)
The domain loss function calculates the cross-entropy 
between the domain predictions made by the domain 
classifier and actual domain labels. The domain classifier 
used the reconstructed output as the input and employed 
the pretrained AST model as the label classifier. It 

performed a multiclass classification task to distinguish 
between the four centers.

	
min

θd

LD(hD(gc(x) + ms(x)), d)� (4)

where hD is the domain classifier with parameters θd, d 
is the domain label, and LD represents the cross-entropy 
loss for the domain classifier.

Domain generalization
To mitigate unintentional learning of center characteris-
tics by the CI classification model, we applied a domain-
generalization transformation to the input data. This 
technique aims to render center-specific features as non-
identifiable, forcing the model to focus on patterns that 
are more generalizable.

We employed an adapted version of the Deep Domain-
Adversarial Image Generation (DDAIG) framework [33], 
which offers significant benefits in minimizing the influ-
ence of center-specific characteristics, which can skew 
model performance. The DDAIG framework consists of 
three fundamental components: the feature extractor, the 
cognition classifier, and the center classifier.

The feature extractor in our model (Fig. 1) is designed 
to decompose input data into two separate representa-
tions: content and style. It consists of two main compo-
nents—the Content Encoder, which isolates cognitive 
impairment features, and the Style Encoder, which cap-
tures environment-specific characteristics. The input is a 
mel-spectrogram that represents audio as time-frequency 
data, capturing vocal features related to cognitive impair-
ment. The Content Encoder extracts features associated 
with cognitive decline (e.g., vocal tempo, pitch, clarity) 
while excluding environmental characteristics, ensuring 
that the model focuses on domain-invariant cognitive 
features. The Style Encoder, on the other hand, captures 
environmental details like background noise and rever-
beration, isolating these from the cognitive features. This 
separation ensures that environmental variations do not 
impact cognitive classification. Both encoded outputs are 
combined in a Decoder to reconstruct the original input, 
validating that each encoder accurately isolates its desig-
nated information type. The resulting content and style 
outputs maintain distinct cognitive and environmental 
features, producing a reconstructed spectrogram that 
closely resembles the input.

This architecture allows the model to focus on cogni-
tive impairment indicators while reducing environmental 
noise influence, enhancing robustness and generalizabil-
ity across different recording settings. By isolating cog-
nitive from environment-specific features, this approach 
contributes to a reliable diagnostic model resilient to 
recording variations.
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Domain-invariant representation loss
This loss ensures that the content extractor generates fea-
tures that do not contain domain-specific information, 
which makes it difficult for the domain classifier to accu-
rately predict domains. The negative sign implies that 
during training, the direction of the gradient is reversed 
(gradient reversal layer) [34, 35], which essentially means 
that instead of minimizing the domain classifier’s accu-
racy, it is maximized (hence, the negative sign). This is 
mathematically expressed as.

	 min − LD(hD(gc(x)), d� (5)

Negative loss implies that the optimization process aims 
to increase the domain loss, effectively making the task of 
the domain classifier more challenging and encouraging 
the model to learn domain-invariant features.

Processing
The process begins with the collection of input data from 
multiple centers. This data incorporates a wide variety of 
factors, such as the different environmental conditions at 
each center, which can introduce variability. To address 
this, initial processing is performed to normalize the 
features.

Input preprocessing and dimension transformation
The input data undergoes meticulous preprocessing and 
dimension transformation to meet the model’s require-
ments. In this study, the input data is given in a one-
dimensional form ([BATCH, SEQUENCE]), and it is 
transformed into a format that the model can process.

First, the dimension of the input data is set. In the 
case of one-dimensional input data, it is transformed 
into a higher-dimensional feature space and expanded 
to include a channel dimension, resulting in the shape 
[BATCH, 1, TIME, FREQUENCY].

In the feature extraction stage, a ResNet-based encoder 
is used to process the input data. During this process, 
the input data is separated into two main features: con-
tent and style. Content reflects the features necessary 
for CI classification, while style reflects center-specific 
characteristics. The extracted content and style features 
are then combined to reconstruct the original data. This 
reconstruction process maintains the main features nec-
essary for CI classification while minimizing domain-
specific biases.

For processing the output data, the output data is ini-
tially given in the form [BATCH, CHANNEL, TIME, 
FREQUENCY]. It is then averaged to transform it into 
the shape [BATCH, TIME, FREQUENCY]. Subsequently, 
the output data is padded to the shape [BATCH, 1024, 
128] to match the dimensions expected by the model. 

Specifically, the time dimension of the output data 
becomes 1024, and the feature dimension becomes 128.

Through this preprocessing and dimension transforma-
tion process, the model minimizes the domain-specific 
characteristics of the input data and learns more gener-
alized patterns. This is crucial for the model to perform 
reliably across various domains and plays a significant 
role in maintaining domain invariance.

Training procedure
The data were randomly divided into training and test 
datasets, resulting in an approximately 80:20 split. In the 
initial data splitting process, the dataset is divided into 
training and test sets according to the configured settings. 
The training set is used for model training, while the test 
set is used for final evaluation. During this process, the 
dataset is shuffled to ensure randomness. In the merging 
and filtering process, cognitive status and age data are 
merged and filtered according to specified criteria. This 
ensures that the training and test sets are balanced and 
representative of the overall dataset. Additionally, the 
training set is further divided into training and validation 
subsets to adjust model hyperparameters and evaluate 
performance during training. This process ensures that 
data does not overlap between the training and validation 
subsets, preventing data leakage and ensuring indepen-
dent evaluation. In cases comprising multiple voice data 
from the same participant, we ensured that the same par-
ticipant was not included in both sets.

Initially, CI and center classifier models were trained 
independently on a training set without domain gen-
eralization to establish their baseline performances 
(Fig.  1, dot line). Subsequently, domain generalization 
was applied, and the models were retrained. The cogni-
tion classifier utilizes the extracted content as input to 
produce predictions regarding CI. In tandem, the center 
classifier engages with the reconstructed output to pre-
dict center labels. During this phase, the models were 
optimized to minimize the influence of center-specific 
features on their predictions (Fig. 1, line).

To implement domain generalization, we introduced a 
transformation into the input data representation. This 
transformation was designed to ensure that the input 
features from different centers were indistinguishable, 
thereby minimizing the model’s ability to learn center-
specific characteristics. The feature extractor is trained 
with a gradient reversal layer that maximizes the center 
classifier’s prediction error, meaning the model is trained 
to make it increasingly difficult for the domain classifier 
to accurately predict domains, thus enforcing a robust 
and generalized learning approach. Essentially, while 
classifiers for cognitive impairment and centers are con-
currently trained, the optimization stepped up through 
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adversarial training enhances robustness against domain 
variance.

Evaluation metrics
After training, the models were validated on a sepa-
rate validation set to ensure that the performance met-
rics were robust and reflected of the generalizability 
of the models. The validation involved calculating the 
precision, recall, and F1-scores for both CI and center 
classifications.

A confusion matrix was used to further analyze the 
performance of the center classification model. This 
analysis provided detailed insights into the misclassifica-
tion rates for each center within the validation set. The 
decline in the post-domain-generalization performance 
on these metrics further substantiated the reduced abil-
ity of the models to distinguish between center-specific 
features.

Additionally, receiver operating characteristic (ROC) 
curves were plotted to compare the center classification 
performance before and after domain generalization. The 
area under the ROC curve (AUC) elucidated the model’s 
ability to distinguish between the centers. The curves 
and corresponding AUC values revealed a significant 
decrease in the ability of the model to recognize center-
specific characteristics post domain generalization.

Results
Before applying domain generalization, the CI classifica-
tion model achieved an accuracy of 0.96. Additionally, 
when the center classification model was trained inde-
pendently, it also achieved an accuracy of 0.96. Domain 
generalization was applied to transform the input data 
such that the centers could not be distinguished, with the 
aim to mitigate the unintentional learning of center char-
acteristics by the CI classification model. After retraining 

with domain generalization, the CI and center classifica-
tion accuracies decreased from 0.96 to 0.90 and 0.96 to 
0.64, respectively.

Table  3 shows the CI and center classification predic-
tion results before and after applying domain general-
ization. The precision, recall, and F1-score represent the 
macro-averages of the results for each class. The confu-
sion matrix of the center classification model after the 
domain generalization is presented in Table 4. The valida-
tion set included 29 individuals from Center A, 3 from 
Center C, 12 from Center E, and 14 from Center S. Of 
the 29 individuals from Center A, 3 were incorrectly pre-
dicted, whereas all 3 from Center C, 12 from Center E, 
and 3 out of 14 from Center S were misclassified.

Figure 2 presents the ROC curves for center clas-
sification with and without applying domain general-
ization; the left figure displays the ROC curves before 
(AUC = 0.9944–1.000) and the right figure shows those 
after domain generalization. Although the overall AUC 
decreased after domain generalization, Centers A 
(0.8210) and S (0.8815) exhibited relatively high AUC 
scores. However, those for Centers E (0.4755) and C 
(0.3303) decreased significantly, indicating a diminished 
domain effect.

Discussion
In this study, our primary objective was to reduce the 
impact of center-specific characteristics that could lead 
to biased predictions, focusing instead on generalizing 
cognitive features across different domains. Unlike other 
studies [4, 11, 13, 36, 37] that generally apply machine 
learning to voice data holistically, we employ denoising 
autoencoders specifically to isolate cognitive impairment 
(content) features from domain-specific (style) noise. 
This approach helps us to clearly isolate important cogni-
tive features from background noise in our data, making 
the model better at working with recordings from differ-
ent environments and reducing the effects of differences 
between centers. Unlike past studies that used the Deep 
Domain-Adversarial Image Generation (DDAIG) frame-
work for image data, we applied it here specifically for 
detecting cognitive impairment through voice data. In 
this adapted framework, we split voice data into “con-
tent” (showing cognitive impairment features) and “style” 
(showing characteristics specific to each center), allowing 
us to separate relevant clinical information from back-
ground noise more effectively.

Our feature extractor employs a dual-encoder struc-
ture—one encoder for content and another for style—
unlike traditional single-stream encoders [22]. This 
dual-encoding approach supports the explicit separation 
of cognitive features from environmental factors. The 
decoder then reconstructs the input by combining con-
tent and style, maintaining fidelity to the original input 

Table 3  Cognitive impairment and center classification results 
before and after applying domain generalization
DG Classification Accuracy Precision Recall F1-score
Before CI vs. NC 0.96 0.96 0.96 0.96

Center 0.96 0.96 0.95 0.95
After CI vs. NC 0.9 0.9 0.9 0.9

Center 0.64 0.31 0.42 0.36
DG, domain generalization; CI, cognitive impairment; NC, normal cognition

Table 4  Confusion matrix for the center classification model 
using the validation dataset (n = 58)

Predicted value
Center A Center C Center E Center S

True
value

Center A (n = 29) 26 0 0 3
Center C (n = 3) 0 0 0 3
Center E (n = 12) 10 0 0 2
Center S (n = 14) 3 0 0 11
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while effectively isolating clinically relevant features. This 
structural choice contrasts with previous implementa-
tions where content is treated as a slight modification of 
the original input.

The results, as shown in Table  3, indicate that while 
this approach led to a reduction in overall performance 
metrics such as accuracy, precision, recall, and F1-score, 
it succeeded in enhancing the model’s ability to general-
ize. This shift suggests that the model prioritized cogni-
tive features over center identification. We employed 
a DDAIG framework to ensure that the model learned 
cognitive features invariant across different centers, 
effectively mitigating the noise introduced by specific 
environmental conditions. Although this approach led to 
a decline in center classification accuracy, dropping from 
0.96 to 0.64, it ultimately improved the model’s general-
izability, which is crucial for real-world applicability. The 
use of denoising autoencoders further helped disentangle 
“content” (cognitive impairment, CI) from “style” (center-
specific characteristics), thereby reducing the risk of the 
model learning to associate irrelevant noise with cogni-
tive features.

Despite the reduction in CI classification accuracy 
from 0.96 to 0.90 after implementing domain generaliza-
tion, the model demonstrated a notable resilience. The 
relatively smaller decline in CI classification compared 
to center classification suggests that the core features 
critical for diagnosing cognitive impairment retained 
some robustness, even as center-specific influences were 
minimized.

The observed decline in the accuracy, precision, recall, 
and F1-score of the center classification model follow-
ing the implementation of domain generalization raises 
important considerations. Initially, the model lever-
aged domain-specific features to enhance the accuracy 
of cognitive impairment (CI) classification. For example, 
domain characteristics such as the loudness of sound or 
the presence of echoes, which varied depending on the 
recording environment, inadvertently aided the model’s 
performance. As a result, both the CI classification and 
center classification models achieved high accuracies of 
0.96.

However, once domain generalization was applied, the 
model’s focus shifted away from these domain-specific 
features, leading to a dilution of the information previ-
ously used to boost classification accuracy. The accu-
racy for the CI classification model decreased slightly to 
0.90, while the center classification model experienced a 
more pronounced drop to 0.64. This suggests a trade-off: 
the model’s ability to generalize across different datasets 
improved, but at the cost of its capacity to identify spe-
cific center features.

This trade-off highlights a critical challenge—the 
potential loss of contextual information that the model 
originally used to identify CI effectively. While the reduc-
tion in CI classification accuracy was less severe than in 
the center classification model, it is important to consider 
that the domain generalization process may have inad-
vertently removed some relevant features that contrib-
uted to accurate CI diagnosis. This outcome necessitates 
a closer examination of whether the broader changes 

Fig. 2  ROC curves for center classification performance without (left) and with (right) domain generalization. The left panel shows high AUC scores for 
each center, indicating strong reliance on center-specific characteristics. In the right panel, the AUC scores decrease significantly after applying domain 
generalization, illustrating reduced center-specific influence
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introduced by domain generalization have affected the 
feature representations crucial for identifying CI.

To address these issues, future work will focus on refin-
ing the training protocols to improve the model’s sensi-
tivity to various manifestations of CI while maintaining 
its generalization capabilities. Additional validation stud-
ies will be essential to ensure that the model continues to 
perform well across different domains without introduc-
ing new biases. Furthermore, expanding the dataset to 
include a more diverse sample of CI cases will be critical 
for enhancing the model’s robustness and generalizability.

Although we tried to collect data that distinguished 
between patients with MCI and ADD, our goal was to 
identify individuals exhibiting early signs of cognitive 
decline. Therefore, we grouped MCI and ADD into a sin-
gle class, referred to as “CI.” Hence, the classification goal 
was to differentiate between NC and CI.

To prevent the CI classification model from inadver-
tently learning features specific to different centers, we 
implemented a domain generalization technique on the 
input data using a modified version of the DDAIG frame-
work (Fig.  3) [33]. Figure  3 presents the architecture of 
our proposed model, designed to improve domain gen-
eralization by disentangling cognitive impairment-related 
features (content) from environment-specific charac-
teristics (style). This model employs an autoencoder 
framework with two specialized encoders: the Content 
Encoder captures domain-invariant cognitive features, 
while the Style Encoder isolates information specific 
to the recording environment. The encoded content 
and style representations are combined in a Decoder to 
reconstruct the original input, validating that the encod-
ers successfully separate cognitive and environmental 
features. The model’s classification process includes two 
key components: (1) The Label Classifier, which uses 
content features to predict cognitive impairment, ensur-
ing predictions are based on clinically relevant infor-
mation. (2) The Domain Classifier, which classifies the 

center-specific characteristics from the reconstructed 
input, highlighting any residual environmental informa-
tion. In addition, to guide the model’s learning, we used 
four loss functions: (1) Label loss, which optimizes cog-
nitive impairment classification accuracy, (2) Domain 
loss, which focuses on center classification, (3) Negative 
Domain loss, applied to content features to minimize the 
presence of center-specific information, and (4) Autoen-
coder loss, which ensures the accurate reconstruction of 
the input.

Both the proposed and DDAIG models adhered to the 
architecture proposed in the study on domain-adversarial 
training of neural networks [20, 33]. Our research differs 
from Zhou et al. (2022) [20] and Farzana & Parde (2023) 
[38] in several ways. We utilize denoising autoencoders 
to effectively reconstruct clean cognitive features from 
noisy datasets, enhancing the reliability of our classifica-
tions. While previous studies treat features holistically, 
we distinctly separate content-related and style-related 
features to improve accuracy in cognitive impairment 
detection. Moreover, we have adapted the Deep Domain-
Adversarial Image Generation (DDAIG) framework spe-
cifically for our task, allowing for better identification of 
cognitive impairments while minimizing domain-specific 
noise. The architecture of our study is composed of three 
fundamental components: feature extractor, label clas-
sifier, and domain classifier. Although the proposed and 
DDAIG models employed different structures for the 
feature extractor, both employed an identical function 
for transforming the input. In the model, these compo-
nents are referred to as the feature extractor, cognition 
classifier, and center classifier, even though they perform 
equivalent functions.

The primary distinction lies in the use of a feature 
extractor. Although both models assign the same role to 
the feature extractor, the structural details differ slightly 
[20, 33]. In DDAIG, the feature extractor is called DoT-
Net, which employs a series of residual blocks, followed 

Fig. 3  Proposed domain generalization model. The model employs an autoencoder with a content encoder and a style encoder to decompose the 
input image into separate content and style representations. The content and style are decoded and then combined to reconstruct the input. The label 
classifier utilizes the decoded content to predict cognitive impairment labels, while the domain classifier uses the reconstructed input to identify center-
specific features. The model is trained with multiple loss functions: label loss for cognitive classification accuracy, domain loss for center classification, 
negative domain loss to promote domain-invariance, and autoencoder loss to ensure accurate input reconstruction
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by global average pooling that is concatenated with the 
output from these residual blocks. The result is a slightly 
transformed version of the original image, which we con-
sidered the content. Consequently, the content is equal to 
the input plus a modification (α), and DoTNet is trained 
to generate this modification.

The feature extractor of the proposed model comprises 
two encoders (content and style) and one decoder. The 
outputs from the two encoders are fed into the same 
decoder, resulting in two outputs representing content 
and style. This process allows content and style to be pre-
sented in any form unlike that in DDAIG, where content 
represents a modification. Therefore, we imposed con-
straints to ensure that the reconstructed output matched 
the input. Thus, the content plus style did not deviate 
from the original input. In other words, if the input (equal 
to the reconstructed output) equals content plus style, 
the content can be derived by deducting style from the 
input. Hence, the proposed model posits that by remov-
ing features related to the center (style), the content nec-
essary for classifying cognitive disorders is retained.

Although the proposed model generated content and 
style, the content is used to classify labels and is inten-
tionally not used for domain classification. Therefore, in 
the context of our model, the content and DoTNet out-
puts were equivalent.

Figure 2 presents the ROC curves for center classifica-
tion with and without domain generalization, confirm-
ing that the center classification performance is affected 
by domain generalization. However, in the remaining 

center groups (C, E, and S), where center S is the major-
ity class, it can have a dominant influence. Indeed, by 
examining the confusion matrix of the center classifica-
tion model, dominant predictions for Centers A and S 
can be observed along with a high recall for Center A. 
The overall AUC decreased after domain generalization, 
and Centers A and S still exhibited relatively high AUC 
values. However, the AUC scores for Centers E and C 
decreased significantly, indicating a diminished domain 
effect. Dominant predictions for Centers A and S, with 
a higher recall for Center A, suggest that the model 
favors the selection of Centers A and S, which have a 
relatively larger number of patients even after domain 
generalization.

The interpretation of these results indicated that the 
feature extractor played an important role in transform-
ing the input data, and the CI classification model could 
distinguish between CIs. However, it faced difficulties 
during center classification, suggesting that the transfor-
mation by the feature extractor may have prioritized cog-
nitive impairment classification over center classification.

As mentioned earlier, we hypothesized that practical 
transformations, such as noise removal, are necessary for 
effective classification. To confirm this, we investigated 
various statistics such as the mean, maximum, minimum, 
and median values for the input and output of the feature 
extractor, which revealed intriguing patterns. Figure  4 
illustrates examples of a feature extractor that transforms 
the input data into content and style. Visual observa-
tions indicated that the mean and maximum values of the 

Fig. 4  Visual samples of the feature extractor inputs and outputs. Each row illustrates an example of the input mel-spectrogram (left), the extracted con-
tent representation (middle), and the extracted style representation (right). The content representation captures cognitive impairment features, while the 
style representation isolates environment-specific characteristics. When combined, these representations allow for the reconstruction of the input signal 
with a separation between cognitive-related and environment-specific features, enhancing the model’s focus on domain-invariant cognitive indicators
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content consistently decrease by approximately 60%–70% 
compared to those of the original input. Similarly, style 
showed a decrease of approximately 30–40% in the mean 
and maximum values. Contrary to our expectation that 
noise components unique to each center, such as dis-
tinctive sounds, would be included in style (expecting 
that they would disappear in content), content and style 
exhibited remarkably similar shapes, albeit with different 
value ranges. Despite these unexpected results, the fea-
ture extractor achieved the goal of rendering the centers 
indistinguishable. However, further research is necessary 
to elucidate the underlying cause of this success.

To strengthen the performance of the framework, 
several strategies could be considered. ‘Incorporat-
ing a multi-task learning’ framework, where the model 
learns to classify cognitive impairments while simultane-
ously reducing center-specific features through auxiliary 
tasks, could enhance performance by sharing informa-
tion across tasks [39]. This approach enables the model 
to focus on domain-invariant features while minimiz-
ing overfitting. Another promising strategy is the use of 
‘adaptive weighting’ mechanisms, which dynamically 
adjust the balance between cognitive impairment classi-
fication and domain generalization losses during training 
[40]. This ensures that both tasks are optimized effec-
tively without compromising accuracy or generalization. 
Additionally, combining the DDAIG framework with 
‘feature disentanglement networks and introducing con-
trastive loss’ could explicitly separate domain-invariant 
features, such as cognitive biomarkers, from domain-
specific features, like recording conditions [33, 41]. Con-
trastive loss enforces a clear distinction between these 
features, making the learned representations more robust 
and reliable. These strategies could enhance the current 
framework and offer deeper insights into the interaction 
between domain-specific and domain-invariant features. 
Although these techniques could not be implemented in 
the present study, they represent valuable opportunities 
for future research to address limitations in the current 
approach and provide more robust solutions to domain 
shift challenges in cognitive impairment classification 
models.

Limitations and future directions
The sample diversity may not fully represent the broader 
population experiencing cognitive impairments. A lim-
ited sample size may restrict the generalizability of the 
findings. The findings call for additional validation stud-
ies to explore how well the model performs in real-world 
settings, which may differ significantly from controlled 
research environments. To validate the real-world per-
formance of our AI diagnostic tool, prospective clini-
cal studies are essential. These studies should involve 
diverse patient populations and multiple clinical settings 

to assess the tool’s effectiveness, reliability, and generaliz-
ability. Real-world validation will provide critical insights 
into the practical application of our model and its poten-
tial impact on patient care.

We also recognize the necessity of benchmarking our 
methodology against established techniques. Therefore, 
we intend to assess these comparisons more thoroughly 
in future research phases. It would enhance its applicabil-
ity in clinical settings.

Enhancing the predictive power of our model can be 
achieved by incorporating additional features or modali-
ties. For instance, combining voice data with other types 
of data such as speech contents, meaningless voice, inter-
jection, neuroimaging, genetic information, or cognitive 
test results could provide a more comprehensive assess-
ment of cognitive disorders. Multimodal models may 
capture a wider range of biomarkers and improve diag-
nostic accuracy.

Voice-based cognitive disorder prediction models hold 
significant promise for use in everyday settings, not just 
clinical environments. Future research could explore the 
deployment of these models through wearable devices 
or smartphone applications, enabling continuous moni-
toring and early detection of cognitive impairments. 
This approach could facilitate timely interventions and 
improve long-term cognitive health management.

Finally, as AI tools are increasingly integrated into 
healthcare, ensuring data privacy and scalability is cru-
cial. Future work should focus on developing robust data 
anonymization techniques and secure data handling pro-
tocols to protect patient privacy.

Conclusions
In this study, we demonstrated the potential of leveraging 
domain generalization techniques to enhance the robust-
ness and applicability of voice-based CI detection sys-
tems across diverse clinical environments. Our findings 
suggest that, by integrating advanced domain adaptation 
strategies, the impact of dataset variability can be signifi-
cantly reduced and the generalizability of the model to 
new unseen domains can be improved. Thus, this study 
paves the way for the development of more universally 
applicable diagnostic tools in the field of cognitive disor-
ders, offering a promising avenue for future explorations 
to ensure equitable and effective healthcare solutions for 
various patient populations. To validate the robustness of 
this approach, it is essential to test it on data from new 
domains. Through the validation of new domains, we aim 
to enhance the reliability and generalization performance 
of the proposed method in real-world scenarios.
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