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Abstract

In recent years, researchers have become increasingly interested in identifying traits of
cognitive impairment using audio from neuropsychological tests. Unfortunately, there is
no universally accepted terminology system that can be used to describe language impair-
ment, and considerable variability exists between clinicians, making detection particularly
challenging. Furthermore, databases commonly used by the scientific community present
sparse or unbalanced data, which hinders the optimal performance of machine learning
models. Therefore, this study aims to test a new methodology for augmenting text data
from neuropsychological tests in the Pitt Corpus database to increase classification and in-
terpretability results. The proposed method involves augmenting text data with symptoms
commonly present in subjects with cognitive impairment. This innovative approach has
enabled us to differentiate between two groups in the database better than widely used
text augmentation techniques. The proposed method yielded an increase in the metrics,
achieving 0.8742 accuracy, 0.8744 F1-score, 0.8736 precision, and 0.8781 recall. It is shown
that implementing large language models with commonly observed symptoms in the
language of patients with cognitive impairment in text augmentation can improve the
results in low-resource scenarios.

Keywords: cognitive impairment; low-resource scenarios; text augmentation; Pitt Corpus;
memory impairment

1. Introduction

According to the World Health Organization (WHO), approximately 55 million people
worldwide are living with dementia, and this number is projected to rise to 152 million
by 2050. This syndrome can significantly affect the quality of life for those who are
affected, as well as their families and caregivers. Individuals with dementia may experience
changes in thinking, learning, memory, judgment, and decision making. Therefore, early
detection of this syndrome is crucial. The initial stages of dementia often manifest as mild
cognitive impairment (MCI). In specialized settings, the annual progression rate from MCI
to dementia is about 10% [1].
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Language impairment is a core feature of Alzheimer’s disease (AD) and other demen-
tias [2]. Prior studies have shown a link between AD symptom severity and declining
speech and language capability in picture description tasks [3]. Speech and language
changes include loss of written comprehension, naming disorders, fluent but empty speech,
and semantic paraphasia [4]. Despite these changes, the techniques used for text augmenta-
tion in the classification of patients with dementia or mild cognitive impairment lack the
careful application of these symptoms.

Given current limitations, natural language processing (NLP) is emerging as a novel
method of assessing speech and language in individuals with neurologic and mental
disorders. For example, in schizophrenia, the use of NLP techniques, such as latent
semantic analysis, can identify features like incoherence [5]. Due to the promising results
demonstrated in various natural language processing, proposals to analyze language using
large language models (LLMs) in subjects with cognitive impairment have emerged. For
example, Rosas et al. [6] developed a syntactic analysis that included filler words, pauses,
formulated words, restarts, repetitions, fuzzy speech, and incomplete utterances. Using two
classifiers, they achieve an accuracy of 86.42%. Moreover, Santander-Cruz et al. [7] classifies
cognitive and non-cognitive subjects using semantic, demographic, lexical, and syntactic
features. Using different machine learning models, they obtained an F1-score of 80%. In
addition, Ramos-Morales et al. [8] proposed a model to analyze audio and text features
reaching an F1-score of 86.42%. Likewise, the current language models that perform best
require a large amount of data and are difficult to interpret [9]. Furthermore, obtaining
a large amount of labeled data from patients with and without cognitive impairment is
challenging due to the high cost and time required to collect the data.

Although some reported methods can increase the amount of text fed to machine
learning models [10], applying these methods to neuropsychological tests may not general-
ize effectively or may introduce medical biases. This work proposes a new methodology
for augmenting text data from neuropsychological tests in the Pitt Corpus database [11]
to enhance classification results and achieve a more interpretable model. It is based on
applying semantic and pragmatic features to augment text data using symptoms commonly
present in subjects with cognitive impairment.

The essential contribution is an innovative methodology that employs large language
models (LLMs) to create synthetic textual data guided by four salient linguistic features
observed in individuals with cognitive impairment. This approach offers substantial ad-
vantages over existing textual data augmentation methods, yielding superior classification
outcomes and greater interpretability for neuropsychological tests in the elderly population.

2. Related Work

Recently, studies have employed natural language processing (NLP) techniques in
healthcare. For example, it has enabled the automatic extraction of information from
unstructured data, including text, audio, and video, in medical records [12].

Because cognitive impairment can take several years to evolve from MCI to dementia,
detection of cognitive impairment in the early stages is essential. Automatic detection
emerges as a suitable strategy for this purpose because it eliminates the need for repeated
consultations with a specialist. However, one of the main limitations for identifying traits
associated with cognitive impairment using machine learning tools is that the databases
generated for this purpose have limited data. New works have emerged to address this
problem; for example, Masrani et al. [13] created a dataset comprising several thousand
blog posts, including some from individuals with dementia and others from control subjects.
They used this dataset to design a classifier based on Random Forests, k-nearest neighbors
(KNNSs), and artificial neural networks (ANNSs), achieving an accuracy of 84%.
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Some works have employed transfer learning using pre-trained word embeddings,
given the specific data cases. For example, Chen et al. [14] applied Glove as a word
embedding and mechanism attention, demonstrating the potency of automated speech
analysis through transfer learning as a valuable tool for early screening of AD.

Recently, Lin and Washington [15] augmented text and audio data from the Pitt Corpus
database. Their results indicate that synonym-based text data augmentation generally
enhances the performance of the classification model. However, applying this method can
generate false positives or negatives since there is no control over the changed words when
creating samples.

Research classifying cognitive impairment subjects using NLP techniques has em-
ployed traditional data augmentation methods. However, these methods must consider
the characteristics observed in patients with cognitive impairment to obtain better results
and understand the features analyzed in the subject’s samples.

3. Materials and Methods

This section presents the proposed methodology for text augmentation and the classi-
fication of subjects with cognitive impairment. It describes the dataset, text pre-processing,
text data augmentation method, embedding model, and classification technique.

3.1. Dataset

As we said before, the Pitt Corpus database [11] was deployed in this study, which
contains the Mini-Mental State Examination (MMSE) test, demographic data, audio record-
ings, and transcripts collected as part of the protocol administered by the Alzheimer’s and
Related Dementias’ study at the University of Pittsburgh School of Medicine. The total
participants comprised 243 healthy controls (HC), 307 people with mild cognitive impair-
ment (MCI), possible Alzheimer’s disease (AD), and other dementia diagnoses (Table 1).
To reduce class imbalance and to analyze only one type of dementia, only subjects labeled
as having possible and probable Alzheimer’s disease were selected.

Table 1. Cognitive impairment and HC group comparisons of demographics and MMSE mean scores.

Group Subjects Gender Age MMSE Education Years
HC 243 90M/153F 46-81 29 8-21
Cognitive impairment 307 118M/189F 49-90 20 6-20

The dataset contains the audio and manual transcripts from the cookie theft, fluency,
and recall tasks. The present study focuses on cookie theft because it provides a standard-
ized test used in various studies [16]. In this test, the subjects described everything they
saw in the cookie theft picture [17]. This description is based on a familiar domestic scene,
which requires the use of basic essential vocabulary learned in childhood.

The aim of applying this test evaluation is to gather information about patients’
communication and attention deficits. We developed a method for augmenting text data
in this dataset to increase the classification metrics between the two groups. The steps

outlined in the following points were taken to achieve this.

3.2. Text Pre-Processing

As mentioned above, the database provides a set of speech samples classified into
control and cognitive impairment subjects. Each speech recording was manually tran-
scribed at the word level, following the TalkBank CHAT protocol [18]. These transcripts
contain brief information about the test subject, including their identifier, age, gender,
score achieved in the Mini-Mental State Examination (MMSE) test, and diagnosis. The
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researcher’s instructions and interventions are transcribed, as is the description provided
during the test.

The corpus extracted from the transcript was generated by filtering, which only
extracts the participant’s response. The pre-processing applied to the corpus involves
removing the CHAT symbology added by the researchers, punctuation marks, and special
characters from the text, and converting it to lowercase (Figure 1).

e e e R e R T ey P e e

"*PAR: the scene is <in the> [/]1in the kitchen

I *PAR: the mother is wiping dishes and the water is running on the floor.
| *PAR: <a child is trying to get> [//] a boy is trying to get cookies

\*PAR: &-uh the little girl is reacting to his falling.

Preprocessing

the scene is in the in the kitchen the mother is wiping dishes and the
water is running on the floor a child is trying to get a boy is trying to get
cookies uh the little girl is reacting to his falling

Figure 1. The samples underwent text pre-processing. At this stage, CHAT symbology, punctuation
marks, and special characters were removed.

3.3. Text Augmentation

The proposed method for data augmentation involved three stages. The first requires
analyzing the transcripts to identify whether they contain any of the four characteristics
considered: incomplete ideas, circumlocutions, repetitious ideas, and illogical wording.
These characteristics were considered because of the semantic and pragmatic elements
present in the language of subjects with Alzheimer’s disease in the initial stages [19]. The
second and third stages involve selecting samples and performing data augmentation
based on the features identified in the first stage. Figure 2 shows the steps of this process.
These stages are described below.

Analyze Sample

Perform text
data
augmentation

selection to
data
augmentation

samples using

the four

characteristics

Figure 2. The text augmentation process. The first stage involves analyzing the samples, and the
second and third stages are sample selection and data augmentation.

3.3.1. Analyzing Samples

To determine the characteristics observed in the language of both groups, the DeepSeek
R1 7B model [20] was used to generate a description of each sample. This model was
selected due to comparable results with larger models on different medical datasets [21].

DeepSeek R1 is a large language model developed by a research team in China. It
performs well on complex mathematical, coding, and scientific reasoning tasks. The model
is innovative, particularly in using reinforcement learning and model distillation. This
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process utilizes chain-of-thought prompting, encouraging the model to “think out loud”
or provide step-by-step reasoning in its responses. For example, when solving math
problems, each step of the process will be shown. This approach enables the identification
of mistakes and allows the model to self-evaluate and improve its accuracy through re-
prompting or re-evaluating its steps. Using this model, samples were evaluated based on
the four features proposed.

Because the image to be described by the subject presents a set of main ideas [22],
the chain-of-thought approach helps to analyze the text step by step, considering the
four proposed characteristics.

The samples were analyzed using one-shot prompting. A sample was proposed for
each of the four characteristics analyzed (Figure 3).

Prompting with a single example of each category.

Please tell me if the following text belongs to none,

[}

1

1

s one, or several categories: incomplete ideas,

1

: circumlocutions, illogical flow between ideas, and
1
1

b

repetition of ideas.

L L I

This is an example of a text with incomplete ideas:
"text", circumlocutions: "text", an illogical flow of
ideas: "text", and repetition of ideas: "text".

N

e e Em Er R e R mm R mm Mmoo e o Em Em omm mm mmw

Figure 3. One shot prompt. A sample of each category was provided.

3.3.2. Sample Selection and Data Augmentation

Once each text was analyzed based on the proposed characteristics, new samples were
generated, modifying the elements observed in the original text. In this way, the control
samples were rephrased, but considering the characteristic of repeating ideas, the cognitive
impairment samples were rephrased using incomplete ideas. These characteristics were
selected because incomplete ideas were the most predominant characteristic in the samples
of subjects with cognitive impairment, while the repetition of ideas was the least frequent.
For both cases, the Llama 3.2 3B model [23] was used for rephrasing. This model was
selected due to the promising results shown in text generation in medical applications [24].
This model was not fine-tuned due to the limited amount of available data.

Moreover, since not all samples contributed to improving the classifier’s results, in the
case of the control group samples, only the samples that did not have the characteristics of
incomplete ideas or any other characteristics were augmented. In contrast, in the case of
samples of cognitive impairment subjects, only the texts that did not have the characteristics
of idea repetition or did not have any characteristics were augmented (Figure 4).
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Sample selection for data augmentation in the cognitive impairment group

Incomplete | Circumlocutions] lllogical | Repetitions
ideas flow of ideas
Text 1 v x v N4
Lo X x X x Sample Selection
>
Text 3 e v J v
Text 4 v X v X
Sample selection for data augmentation in the control group
Incomplete | Circumlocutions| lllogical | Repetitions
ideas flow of ideas
Text 1 v X 4 v
lext x x x X Sample Selection
>
Text 3 v o N4 i
Text 4 X X v v

Figure 4. Samples from the group of subjects with cognitive impairment that do not have the
characteristic of idea repetition and samples from the control group that do not have incomplete
ideas will be selected to perform data augmentation.

3.4. Text Vectorization

The embedding models used to test the proposed method were BERT [25], RoBERTa [26],
Ling-Embed-Mistral [27], and gte-Qwen2-7B-instruct [28]. Both BERT and RoBERTa were
selected due to their architecture and performance in classification tasks [29]. Mean-
while, Ling-Embed-Mistral and gte-Qwen2-7B-instruct were selected because they were the
two open-source models with the best performance in the MTEB benchmark [30] (21 May
2025). A detailed description of these embeddings is provided in the subsequent sections.

3.4.1. BERT and RoBERTa Model

The RoBERTa model [26] was selected to vectorize the samples. This method is based
on the BERT model [25] but incorporates some improvements. On the one hand, BERT was
pre-trained on two tasks. The first is masked language modeling (MLM), which predicts
missing (masked) words in a sentence. The second is next-sentence prediction (NSP), where
the system is trained to predict whether one sentence follows another. On the other hand,
the RoBERTa model employs the same concept as BERT but eliminates the NSP component
and utilizes larger batch sizes. Additionally, this method introduces dynamic masking
for the MLM, whose masked tokens change during training epochs. The RoBERTa model
maps words to a 768-dimensional space, just like BERT. A sentence vector was generated
by averaging each word embedding. These vectors can be used for tasks such as clustering
or semantic searches. In this case, they were used for the classification task.

3.4.2. Ling-Embed-Mistral Model

The Ling-Embed-Mistral model was built based on E5-mistral-7b-instruct and Mistral-
7B-v0.1 [27]. This LLM incorporates key advances to improve text retrieval through
advanced data refinement. This includes sophisticated data crafting, filtering, and teacher
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model-guided negative mining to create high-quality triplet datasets. Linq-Embed-Mistral
was selected for testing because it is one of the best models on the MTEB leaderboard [30].
This model generates an embedding of 4096 elements.

3.4.3. gte-Qwen2-7B-Instruct

The gte-Qwen2-7B-instruct model is the newest in the gte family of text embedding
models, and it was selected because it currently holds the top ranking on the MTEB
benchmark [30] for both English and Chinese. Built upon the Qwen2-7B large language
model [28], it maintains the same training data and strategies as its predecessor, gte-
Qwenl.5-7B-instruct. Key advancements include bidirectional attention, query-side instruc-
tion tuning, and extensive multilingual training on diverse data, enhancing its contextual
understanding and applicability across various languages and tasks. The embedding has a
dimension of 3584 elements.

3.5. Classifiers

We have applied a support vector machine and a logistic regression model as classi-
fication methods in this work. The choice of the methods is based on their results in the
state-of-the-art techniques for similar tasks using word embeddings [31] and linguistic
features [32]. These models are briefly described below.

3.5.1. Support Vector Machine

A support vector machine (SVM) is a supervised machine learning algorithm primarily
used to classify tasks. It can also be used for regression and outlier detection. The core
idea behind an SVM is to find the best possible hyperplane that separates data points into
different classes. In 2D, this hyperplane is a line; in higher dimensions, it is a plane or
a more complex surface. The optimal hyperplane is the one that maximizes the margin
between the closest data points from different classes. These points are referred to as
support vectors (Figure 5).

A
Class A Support
O PP

O O Vectors
o O -
o @

O

<> Class B
- >

Figure 5. Support Vector Machine. This classifier tries to find the best possible hyperplane that

separates data points into different classes.
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Maximizing the margin leads to better generalization performance. A more consid-
erable margin means the model is less sensitive to noise and outliers, making it more
robust. The Scikit-learn library [33] was used to implement this classifier. The kernel, C,
and gamma values were ‘rbf’, 1.0, and ‘scale’, respectively.

3.5.2. Logistic Regression

This work also applied a logistic regression model as a classification method. This
model is a supervised machine learning algorithm used for classification tasks. The goal is
to predict the probability that an element belongs to a given class [34]. Logistic regression
is used for binary classification, where we use the sigmoid function (Equation (1)), which
produces a probability value between 0 and 1.

_ 1
T 14X

f(x) M

For example, we have classes Class 0 (non-cognitive impairment) and Class 1 (cogni-
tive impairment). If the value of the logistic function for an input is more significant than
0.5, then it belongs to Class 1. On the other hand, if we obtain any other value, it belongs to
Class 0. This algorithm is an extension of linear regression but is mainly used for classifica-
tion problems. We used the logistic regression model from the SKLearn Python package
(Python 3.11.13 and SkLearn 1.6.1) [33]. We set the ‘C” and ‘solver” hyperparameters to
1 and ‘liblinear’, respectively.

4. Results

The analysis of the characteristics of the samples of subjects with cognitive impairment
and without cognitive impairment, considering the repetition of ideas, use of circumlocu-
tions, illogical flow, and incomplete ideas, generated the results shown in Figure 6.

Features in samples of subjects with cognitive impairment

Cognitive Impairment
0.7 1 Emm Controls

Frequency
© o o
-+ w ()]
1 1 1

e
w
1

e
[\8)
1

0.1 A

0.0 -
Incomplete ideas Circumlocutions Illogical flow Repetitions of ideas

Features
Figure 6. Characteristics analyzed in the sample group of subjects with and without cogni-
tive impairment. Incomplete ideas were the most important feature in the samples of cognitive
impairment subjects.
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Figure 6 illustrates that incomplete ideas were the most predominant feature in the
samples of subjects with cognitive impairment, while the repetition of ideas was the least
predominant feature.

However, to test the proposed methodology, the following commonly used metrics
in similar studies were utilized: accuracy (Equation (2)), precision (Equation (3)), recall
(Equation (4)), and Fl-score (Equation (5)). These metrics are defined in terms of the
correctly estimated values, namely true positives (TPs) and true negatives (TNs), as well as
the incorrect predictions, namely false positives (FPs) and false negatives (FNs).

TP+TN

= 2
ACCuracy = o5 T TN+ FP 4 EN @
L. TP
Precision = TP L EP 3)
TP
Recall = TP+ EN 4)
2
Fl-score = ———————— 5)

1 1
Recall + Precision

K-fold cross-validation was also employed. A value of k = 5 was used to test the
effectiveness of the data augmentation method. The data were divided into five folds, split
into training and testing, using 80% of the data for training and 20% for testing.

Table 2 shows the results of comparing different embeddings models using an SVM as
a classifier.

Table 2. The results of the proposed method are based on four different embedding models.

Model Accuracy Precision Recall F1-Score
RoBERTa 0.8650 0.8659 0.86525 0.8649
BERT 0.85111 0.855246 0.851367 0.8507
Ling-Embed-Mistral 0.8491249 0.856885 0.8491249 0.8482079
gte-Qwen2-7B-instruct 0.845249 0.8507056 0.845249 0.84456

To compare our proposed methodology, four data augmentation techniques were used.
Three were based on [35] (Synonym Replacement, Random Swap, and Random Deletion),
and one was based on word replacement, considering BERT embeddings. These techniques
were implemented using the nlpaug library.

Tables 3 and 4 show the results of each metric for the proposed method and the other
text augmentation techniques using the SVM and logistic regression classifier, respectively.
The reported results are the average of 10 iterations.

Table 3. Results of the proposed method compared with other text augmentation techniques using
the SVM model as a classifier and RoBERTa as an embedding model.

Model Accuracy Precision Recall F1-Score

Proposed method 0.8742 ** 0.8736 * 0.8781 ** 0.8744 **
Synonym replacement 0.8629 0.8626 0.8611 0.8642
Random Swap 0.8459 0.8446 0.8481 0.8442
Random Deletion 0.8462 0.8466 0.8481 0.8462
BERT embeddings 0.8580 0.8596 0.8571 0.8568
No data augmentation 0.8650 0.8659 0.86525 0.8649

Note: Statistically significant improvements are indicated by * (p < 0.01) and ** (p < 0.001). The results were
obtained using the Mann-Whitney test.
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Table 4. Results of the proposed method compared with other text augmentation techniques using
the logistic regression model as a classifier and RoBERTa as an embedding model.

Model Accuracy Precision Recall F1-Score
Proposed method 0.8462 0.8456 0.8474 0.8463
Synonym replacement 0.8335 0.8326 0.8337 0.8329
Random Swap 0.827 0.8246 0.8281 0.8262
Random Deletion 0.8225 0.8236 0.8211 0.8218
BERT embeddings 0.8402 0.8406 0.8511 0.8408
No data augmentation 0.8401 0.8399 0.8409 0.8404

The results showed that the proposed model outperforms other text data augmentation
methods.

Figure 7 presents the accuracy results for the ten experiments performed with the
five data augmentation techniques using box plots and the SVM model as a classifier.

Comparison of text augmentation techniques considering accuracy as a metric

0.881
0.874 N
$ 0.861
§ i
1
0.854 .
0.844
0.83+ . . - - -
Synonyms Random Swap Random Deletion BERT embeddings Proposed Method
Method

Figure 7. Box plots of the proposed method compared to traditional data augmentation methods

using accuracy as a metric.

The box plots shown in Figure 7 indicate that the proposed method and the BERT-
based synonyms showed the best performance in terms of variance. Furthermore, the
Random Swap method yielded the lowest accuracy and exhibited higher variance than the
other methods.

To increase the model’s interpretability, an attention mechanism was developed to
analyze each sentence in the text and observe whether there were changes in the attention
score before and after data augmentation. For this model, a classifier was developed using
an attention mechanism [14] for each sentence (Figure 8).

The scene is in the in \‘,
the kitchen. The mother
is wiping dishes and the
water is running on the

floor. A child is trying to
get a boy is trying to get
cookies. uh the little girl
is reacting to his falling.

i
i

i Sentence 1 Attention score 1

- Sentence 2 Attention score 2 D Classifier
! Sentence 3 Attention score 3

| Sentence 4 Attention scores

I s

i
I
|

- W

Figure 8. Interpretability model using attention scores for each sentence.
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As shown in Figure 9, when data augmentation is performed for the example where
the characteristic of idea repetition exists, a change in the attention score is observed, which
helps identify the characteristics the model is analyzing to make the prediction.

Example of attentions scores before data augmentation

- -y Sentence Attention score

If’ Thesceneisin the in the \‘I The scene is in the in the kitchen. 13.5%
kitchen. The mother is
wiping dishes and the The mother is wiping dishes and the 30.7%
water is running on the water is running on the floor.
floor. A child is trying to > )
get a boy is trying to get A child is trying to get a boy is trying to 36.3%
cookies. uh the little girl get cookies.

\ is reacting to his falling.

- B uh the little girl is reacting to his falling. 19.5%

Example of attentions scores after data augmentation

LT S Sentence Attention score
/| Thesceneisintheinthe The scene is in the in the kitchen. 9.5%
kitchen. The mother is
W|p|ng. dlshes. andithe The mother is wiping dishes and the 29.7%
water is running on the . .
o : water is running on the floor.
floor. A child is trying to
get a boy is trying to get eI EEuvET T 333 %
cookies. uh the little girl i ; IkS YINEAD BLL A DUMISLIVING L0 )
\ is reacting to his falling. : SEL LK
ke =T uh the little girl is reacting to his falling. 17.5%

Figure 9. Example of a change in the attention score on a sentence with idea repetition before and
after data augmentation.

5. Discussion

The results obtained from both classification models indicate that leveraging common
symptoms of cognitive impairment within a text augmentation framework substantially
improves classification task outcomes. Based on the rigorous evaluation using the proposed
metrics, this methodology presents a robust and effective approach for data augmentation
in the context of neuropsychological assessments.

Regarding the embedding models used, the results showed that the RoBERTa model
demonstrated the best performance, even outperforming more advanced models such as
Ling-Embed-Mistral and gte-Qwen2-7B-instruct, which may indicate that simpler models
may have comparable results in classification tasks involving small texts with a reduced
language with more complex models. Likewise, these results could be due to differences in
the models’ pre-training.

The synonym replacement method was the best traditional technique. The possible
reason is that, as patients identified as having AD, word retrieval is the most notable
characteristic in oral descriptions [36,37]. This can lead to using synonyms for some words
because they cannot remember the correct word. Furthermore, word retrieval deficits,
measured using verbal fluency tasks, are hallmark features of the early clinical stages of
AD [38].

The synonym replacement model using BERT’s contextual word embeddings and
the proposed method showed the best results regarding variance. This may indicate
that the modifications to the samples were minor compared to those performed by the
other text augmentation methods. This performance suggests that in the case of word
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replacement using BERT embeddings, the modifications to the texts were less aggressive
than those performed by other methods, such as random word deletion. In the case of
the proposed method, because only the number of samples that met the conditions for
each group was increased, better metrics and lower variance were obtained compared to
traditional methods.

Compared to similar studies, Kang et al. [24] propose generating synthetic data from
clinical interviews to detect traits associated with depression. This model demonstrates the
utility of thought chains in generating synthetic data in clinical settings. Due to this fact, the
proposed model incorporates the DeepSeek Reasoner model to analyze the characteristics of
the samples to be augmented, thereby obtaining an in-depth analysis of the possible signals
in the subjects’ responses. On the other hand, the proposed framework of Wu et al. [39]
generated synthetic data using LLMs for the mental health domain, focusing on tasks such
as suicidal ideation detection, which highlights the potential and ethical considerations of
using LLMs for sensitive clinical narratives. Moreover, the work highlights the importance
of symptomatic analysis for generating feature data, as in our proposed work.

A potential problem with the proposed model is the overfitting of the classifier due to
the synthetically generated semantic and pragmatic features, which could increase the risk
of architectural overfitting, as studied by Prattico et al. [40].

6. Conclusions

Analyzing linguistic features in patients with cognitive impairment presents a signifi-
cant challenge due to the condition’s inherent complexity. Nevertheless, the proposed data
augmentation method, derived from observed linguistic characteristics in individuals with
this syndrome, offers a viable alternative to conventional artificial intelligence models in
resource-constrained environments. Unlike generic augmentation techniques, this method
reflects genuine clinical linguistic patterns more accurately.

This study introduces a novel analytical approach to investigating cognitive impair-
ment by incorporating complex linguistic features, such as circumlocutions. Recent ad-
vancements in reasoning models have enabled the effective analysis of these intricate
features within subject samples.

In critical healthcare contexts, where clinical decisions directly impact patient well-
being, the interpretability of an artificial intelligence (AI) model’s output is as crucial as
its predictive accuracy. Understanding the mechanistic basis of an Al-driven prediction
or diagnosis is essential for clinical adoption. Therefore, the proposed model’s integrated
explainability facilitates its seamless integration into clinical workflows, thereby fostering
greater confidence among healthcare professionals.

One disadvantage of the embedding models analyzed, especially the latest state-
of-the-art ones, such as Ling-Embed-Mistral and gte-Qwen2-7B-instruct, is that they are
challenging to integrate in practical clinical settings with limited resources due to com-
putational cost and time complexity. A BERT-based model or a TF-IDF model could be
better options in these scenarios. Specifically, the latter is a lightweight option that presents
comparable performance with state-of-the-art models on the cookie theft description task
Llaca-Séanchez et al. [41].

A limitation of this study is its narrow scope, as only four characteristics associated
with cognitive impairment were considered. Future research could incorporate a broader
range of characteristics to develop a more robust model for analyzing language in individ-
uals with cognitive impairment.

Future investigations could explore additional features for sample analysis and alter-
native strategies for sample selection and classification. This includes generating samples
with diverse characteristics and evaluating various subject classification methodologies,
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as well as exploring other vectorization techniques, such as TF-IDE, which have provided
interesting metrics in the analyzed test Llaca-Sanchez et al. [41]. In addition, we aim to
integrate other characteristics, such as prosodic flattening or lexical disfluency, as well as to
include language characteristics of subjects in moderate and advanced stages of the disease.
In addition, we aim to integrate other characteristics, such as prosodic flattening or lexical
disfluency, as well as language characteristics of subjects in moderate and advanced stages
of the disease. Moreover, we aim to test the proposed methodology on datasets in other
languages, such as the one used by Diaz-Rivera et al. [42], to evaluate its applicability in
other populations.

Likewise, another future work is to analyze the method when the subject has a co-
morbid condition, for example, when AD and Parkinson’s disease or AD and depression
are present. In the latter case, it has been studied that both depression and Alzheimer’s
disease present in different syndromes; therefore, as mentioned by Fraser et al. [43], it is
probably unrealistic to delineate the many possible combinations of depression, AD, and
other possible medical conditions by analyzing only a single language task.

Because the purpose of this study is to develop a model for facilitating the early
diagnosis of cognitive impairment, a mobile application is expected to be developed, which
will analyze both audio and transcripts for indicators of cognitive decline. This will serve
as a helpful tool for specialists. For now, the proposed method is limited to text only, but
future work is expected to contribute to analyzing audio for indicators of cognitive decline.
Additionally, integrating multiple signal modalities [44] and combining them with acoustic
prosody would further enrich this study.
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