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Abstract

Research in artificial intelligence portray that speech and language features with subtle alterations
can be used as early, non-invasive markers of cognitive impairment, yielding a promising second
choice for scalable and low-cost screening of Alzheimer's disease. In this paper, we propose an
alternative approach that is cost-effective and try to classify Alzheimer versus healthy subjects based
on their speech-based text responses analyzed using natural language processing (NLP). We make
use of the Pitt Corpus obtained from the Dementia Bank. The dataset contains transcripts of cognitive
tests and is used to train and evaluate a variety of machinelearning models, like Bidirectional
Encoder Representations from Transformers (BERT), Bio-Clinical BERT, Logistic Regression, Naive
Bayes, and Random Forest. We seek to achieve the capability to accurately detect and classify the
problem of Alzheimer’s Disease without the use of physically intrusive methods but instead by
incorporating textual features obtained from speech of subjects, that are relatively inexpensive. It has
been found that the application of deep learning approaches, such as BERT, bring improvement over
traditional methods, indicating the opportunities of using NLP in medical diagnostics. Among the
tested models, the BERTbased model registered the best accuracy (85.0%) and AUCROC (0.9126),
with high F1-scores for dementia classification (0.90) and moderate performance for controls (0.70).

Keywords: Alzheimer’s Disease Detection, Artificial Intelligence in Healthcare, Transformer-based
Model, Text Processing, and BERT Architecture.
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INTRODUCTION

Alzheimer’s Disease (AD) remains a neurodegenerative disease requiring expensive invasive
diagnostic procedures using CT scans/MRIs [1]. Slow degeneration of brain cells results in loss of
memory, cognitive dysfunction, and changes in behavior [2].

Alzheimer’s disease, otherwise termed AD, has adverse effects on the memory, thinking, and
behavior of approximately 5-10% of older people in society [3]. The rising number of older
populations across the world means that Alzheimer’s is also rising, and this is a challenge to public
health systems. There is an increase in the number of deaths caused by Alzheimer’s across the globe,
which has resulted in Alzheimer's being the sixth leading cause of death in the United States. A
statistical figure in [4] that demonstrated 5.7 million Americans are going through Alzheimer's. It’s
caused by genetic, biological, and environmental factors. The global implications are devastating.
Awareness of risk factors enables potential patients to be addressed in prevention strategies [5].

Factors resulting in
Alzheimer’s Disease
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Fig. 1. Important factors in Alzheimer’s disease: Physiological factors, genetic factors, behavior,
and potential factors that cause AD

Artificial Intelligence is having a significant impact on the field of healthcare. Hence, the authors in [6]
have noted that Al holds considerable potential for improving cognitive screening and diagnosing
dementia. Al-based cognitive tests have been utilized in speech and language processing analysis,
computerized cognitive testing, neuroimaging analysis, and the study of motor activities, including
hand, eye, and gait movements. Concerning accuracy and objectivity, these techniques have
demonstrated a substantial potential in comparison to the previous techniques. Therefore, the
applicability of these systems is limited because they depend upon the above-mentioned factors.
Recently, work done on phonetic feature extraction models, like HuBERT, has demonstrated the
possibility of utilizing voice biomarkers to detect dementia [7, 8]. The current methods, such as
Computed Tomography scan, Magnetic Resonance Imaging, Cerebrospinal fluid, and cognitive tests,
are costly, time-consuming, and not easily accessible in resource-poor environments. Numerous
studies have been done on 2-Dimensional MRI volumes for AD detection [4]. Changes in speech and
language patterns may be pre-clinical indicators of cognitive impairment, according to new research,
offering a less invasive and more economic option.

Although imaging and cerebrospinal fluid tests are now used to diagnose Alzheimer's disease, recent
research indicates that altered speech patterns may indicate the first signs of AD. Speech analysis is a
promising low-cost screening method, as evidenced by the notable high predictive accuracy of up to
80% attained by voice-based Al models without the need for costly testing [9].

To facilitate early, easily accessible, and scalable AD diagnosis, this drives our study into using
natural conversational voice as a novel Al-driven biomarker. Our system focuses on developing a
cost-effective, non- invasive, and language-based diagnostic approach for the early identification of
Alzheimer’s disease using voice input.
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Alzheimer's Disease

In [10] authors addressed Alzheimer’s as the major cause of dementia. The World Health
Organization recognized Alzheimer’s as a global public health priority. Alzheimer’s disease is a
slowly developing, degenerative disorder of the brain that currently affects millions of people. In
neurology and neuroscience, the lack of conclusive treatment poses a serious problem. However,
more dramatically in future decades, with old populations, its prevalence is going to be increased.

For effective treatment of the disease to take place, early detection and diagnosis of AD are needed

[11].
LITERATURE REVIEW

In recent years, diagnosing Alzheimer’s disease (AD) has improved a lot, especially with the help of
analyzing natural speech every day. A notable study by Hason and Krishnan used a random forest
classifier along with the ADReSS Challenge dataset, which included 157 speech recordings from
different people. Their model achieved a strong accuracy of 82.2% for detecting AD, and 71.5% when
it came to identifying the stage of the disease [3]. This study showed that speech analysis could be a
non-invasive and cost-effective way to help screen for Alzheimer’s.

Haulcy & Glass in 2022 used i-vectors, x-vectors combined with BERT-based text evaluation to
accurately predict Mini-Mental State Exam scores to the extent of 85.4%; thus, emphasized that
cognitive decline can be evaluated more efficiently when its evaluation is conducted based on sound
and speech combination [12].

The work of Cui et al. went in a different direction They have used knowledge transfer to require high
transformer models to link speech-related tasks with depression-related tasks to improve model
performance. The results achieved an F1 score of 0.928%, indicating that knowledge from another
field of expertise can improve Alzheimer's disease diagnosis accuracy [2]. The proposed system is
free from any potential medical risks that are present in the existing system.

In [13], an exhaustive exploratory analysis of the data was performed, where there was an in-depth
examination of all features associated with the linguistic and acoustic patterns of the speech samples.
The exhaustive analysis was useful in pointing out important features needed for proper predictive
Modeling for recognizing the likelihood associated with cognitive decline and, in turn, Alzheimer’s
disease. Indeed, in this paper, certain nonlinearities in the data were explored thoroughly by the
authors. These authors aimed to provide even further perspectives on patterns in spontaneous speech
This major analysis of data was required due to its ability to identify complex patterns where
cognition and speech are interwoven with each other through subtle means, and where speech
difficulties were usually a measure for the complexities of cognition. Different methods were adopted
by Bae and his research team for the analysis, where they studied the variations that took place for
speech based on memory. While they asked participants for increasingly more difficult memory-
related tasks, they observed significant speech variations. They were able to make reliable predictions
with 81.4% accuracy through their created system and suggested that this Stress Test must be
performed for early symptom recognition. Apart from the data analysis methodologies used, they
employed highly sophisticated data augmentation techniques rudimentarily crafted to increase data
size and data diversity.

These emerging techniques significantly enhanced the efficiency as well as representativeness of data,
which allowed for effective generalization abilities without threatening to overfit. Through emerging
methodologies, the authors were able to create a stronger, more accurate model that is reliable to
capture the complexities involved within spontaneous speech accurately. The importance of
transcribed speech was emphasized by authors Orimaye et al., demonstrating that linguistic
impairment analysis within transcripts combined with biomarkers could improve overall predictions
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for Alzheimer's by a substantial margin. The authors’ findings validate the necessity for use of proper
and quality datasets as seen through Dementia Bank studies to fortify predictions for advantageous
use for Dementia Bank’s use within an identical scenario, focusing on generalized studies among a
mix of patients to fortify predictions as indicated by Chlasta et al [14].

Chlasta has also investigated research that incorporates spontaneous speech as an effective
methodology to identify patients who are dealing with dementia, through models that incorporate
VGGish and a custom-designed model that incorporates Dem-CNN. For scenarios that utilized a
62.5% accuracy result, a slightly higher accuracy result, which was 63.6%. Standardized datasets will
ensure that research is indeed accurate, reproducible, and easily compared to ensure a swift
acceleration within voice identification for dementia [15].

Some researchers did not stop at speech and continued to combine audio and text features. Sevcéik &
Rusko focused on the roles of quality and organized data in identifying patients suffering from
dementia. In their study, the authors analyzed patterns of speech timing. They observed that what
mattered most is to have clean and organized data instead of having more information [16].

The authors had the privilege to explore the capabilities of the CNN and LSTM to detect subtle
patterns in speech, thereby forming the gateway to correct diagnosis in the field [17].

WAHLFORSS integrated the speech recognition with deep learning techniques using models such as
BERT and ROBERTA. This research achieved 90% accuracy with a new standard for upcoming
research work [18].

Regarding language diversity, Chen and others employed a model known as XLSR-53 to examine
speech in varied languages. They recorded a satisfactory 69.6% accuracy and demonstrated that
language and cultural distinctions need to be considered while creating diagnostic systems [19].

Amini et al. in 2024 incorporated transcribed speech features with demographic, APOE genotype, and
health risk information into a transformer-based embedding model. The multi-input logistic regression
model obtained AUCROC =0.785, accuracy =78.5%, and F1-score =0.799 in progression prediction
from MCI to AD within a six-year horizon [20].

Huang et al. in 2024 conducted a study on spontaneous picture description speech in Mandarin,
comparing classical ML classifiers: SVM, Random Forest, and Logistic

Regression across both acoustic and linguistic features. Their best performing SVM model that used
combined features that achieved 80.8% accuracy for AD vs healthy individuals, while an RF model
using only linguistic features reached 80.4% accuracy. The study did not report AUC-ROC or F1
metrics, indicating room for more comprehensive performance reporting in future work [21].

A model using the Random Forest technique was used by Ding et al. in the year 2024 on a judiciously
chosen set of 29 acoustic features in the Framingham Heart Study group, obtaining an AUC-ROC
value of 0.87, thereby demonstrating excellent results in the discrimination of MCI, thus underpinning
the role of acoustic biomarkers in the early diagnosis of AD [22].

In 2022, Pluta et al. used a newly introduced approach for the extraction of spectral features from
short 6-second utterances of vowels to classify them using classifiers SVM, and MLR and achieved a
classification accuracy of 76% with an AUC-ROC of 0.77-0.84 for the differentiation of controls from
patients with MCI/AD. This emphasizes the use of a minimal speech biomarker in dementia screening
[23].

A thorough benchmark study on Alzheimer's disease detection by means of the application of
foundation models to the speech modality was performed by Li et al. in 2025. They employed the
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Whisper-medium foundation model of speech and the BERT model annotated with pause information
for the linguistic analysis task. The experiment showed that the Whisper-medium model performed
the best with an accuracy of 73.1% and an AUC-ROC of 0.802, which is significantly higher
compared to the linguistic model based on BERT that reached an accuracy of 66.2% and AUC-ROC
of 0.744. Notably, this study accentuates the effectiveness of speech modality of the foundation model
against the classical embedding of linguistics within the task of dementia detection from patient’s
speech. Moreover, this study aligns with the growing idea that generalizable models should rely on
large pre-trained models [24].

Gomez-Zaragoza et al. assessed the effect of employing punctuations and pause information in the
ASR-produced transcripts as an input feature for an RNN classification system for detecting
Alzheimer’s disease. From the results involving the ADReSS dataset, they found that the
bestperforming system with manual transcripts gave 85.4% accuracy, and 83.3% with the RNN model
trained with the ASR-produced transcripts.

It is worth mentioning that, in most cases, pause encoding had a positive impact on both transcript
types, indicating that prosodic features are effective at augmenting language embeddings to identify
dementia patients effectively, as mentioned by authors in [25].

Kang et al. carried out a wide-ranging evaluation of the effect of transcription mistakes on the ASR
system upon the BERT-based system for the detection of Alzheimer’s using the ADReSS dataset.
Interestingly, the group’s BERT-based classifier resulted in the same accuracy rate 87-88% when
using the manually or the ASR-transcribed texts, despite the high WER rate of the ASR system, and
the AUC-ROC value was approximately 0.87.

Their study showed that stop words affect the classification result very little, while the diagnostic
words, which account for only 9% of the text, may have an important influence on the classification
decision.

This result indicates that some ASR mistakes could potentially be non-harmful and some even helpful
for detecting Alzheimer’s. Targeted transcript quality improvement is highlighted by the study over
transcription improvement [26].

In [27], methodological strategies for the identification of cognitive impairment and Alzheimer's
Disease through speech and language analysis were given. There were 1001 participants in this study
where some were healthy, others had Mild Cognitive Impairment, and some had Probable AD. The
speech vitality of individuals was measured who were subjected to a feature extraction operation,
comprising Voice Activity Detection (VAD) and pitch track extraction, to obtain metrics for
articulatory accuracy, speech rate, pause features, latency, semantic pertinence, and verbal fluency.

The traditional models for machine learning performed competently with well-balanced accuracy and
plausibility measures. However, the performance of the Bio-Clinical BERT model justified the
inefficacy of the use of deep learning for this classification problem and dataset, since the approach
performed poorly when compared to the regular models. In general, the use of the classical models,
such as BERT, Logistic Regression, Random Forest Classifiers, and Naive Bayes, would be suitable
for the research.

Language impairment is usually presented early during Alzheimer's, even before severe cognitive
impairment. Natural Language Processing (NLP) presents a strong potential for earlier and less
complicated detection. Early symptoms, like trouble finding the right words, speaking in coherent
sentences, or planning thoughts, can be identified via speech analysis long before they can be detected
by standard cognitive testing procedures
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Ref Dataset Techniques Limitation
Small dataset and artificial augmentation may
Random Forest, | . . . L
ADReSS ..~ | introduce bias or overfitting. Stage labeling is
SVM, Logistic . . . <
[3] Challenge Reoression based on auditory observation, not clinical
Dataset & ’ biomarkers. Model performs less accurately on
mid-stage AD (AD2) (30% error).
ADReSS SVM, Logistic Limited dataset size (156 samples) restricts
[13] Challenge Regression, deep learning performance. Transcription
Dataset- Random Forest, and | quality affects linguistic
Deep Neural feature accuracy. Text-based models are harder
Networks (DNN). to generalize across different languages.
Dementia Multiple Logistic Limited dataset (only 198 total participants)
120] Bank Regression (MLR), | limits generalization. CHAT transcription
clinical dataset SVM dependency requires manually annotated
transcriptions, reducing scalability
ADReSS ADReSS Challenge Small . da.taset (156‘ samples) . limited
[22] Challenge Dataset generalization. Acousticonly system; no text
Dataset features considered.
. Random Forest, | Small dataset (89 subjects) limits
Dementia . o . . .
Logistic generalization. Single re-cording session per
Bank . - . L
[23] clinical dataset Regression, and participant, results may vary with cognitive
SVM fluctuations.
METHODOLOGY

This study utilizes the Dementia Bank Pitt Corpus, a widely used and data-rich source in Alzheimer’s
and dementia research. The dataset includes text of speech samples from individuals diagnosed with
Alzheimer’s disease as well as cognitively healthy control participants. These samples are typically
collected during picture description tasks like the Cookie Theft Picture, where participants describe a
visual scene.

The automatic language used in such exercises is significant to understand the subtlety of language
impairments in early Alzheimer's patients.
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RESEARCH METHODOLOGY
' ™\
Data Collection
Data Source: PITT CORPUS
Dataset Used: Records: 100,000
Final Dataset: 18,800 with dementia

A
Data Pre-Processing
Noise Reduction
Feature Extraction
Exclusion of mispronounced words
Segmantation of speech patterns

o

h
Model Training
BERT (Hugging Face), Bio-Clinical
BERT, Logistic Regression
Random Forest, Naive Bayes

GUI Systems
Built using Tkinter
Live Speech Recognition
(Google API)

Fig. 2. Research Methodology

The overall working model for this system shows how the procedure from the display of the image to
the subjects for data collection to the final diagnosis and clinical report is done.

Our methodology covers the following critical gaps identified from the literature:

e The automatic language used in such tasks offers important insights into the fine details of
linguistic tasks in early Alzheimer’s disease.

o Lack of integration of acoustic speech features in previous linguistic models.
o Underutilization of spontaneous speech in naturalistic settings.
e Limited deployment of multimodal machine learning architectures for early AD diagnosis.

e Absence of testing in voice-based input pipelines with real-world variability such as noise,
accent, and mispronunciation.
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Image Shown to Patient Patient Describes the
(Cookie Theft) Image (Speech)
T~ B— 4

Speech-to-Text Conversion

Text Preprocessing
(cleaning, tokenizing,
removing noise)

Model Training
(BERT, Clinical BERT, Model Evaluation
Logistic Regression, (Accuracy, Recall,
Random Forest, Precision, F1-Score)

Naive Bayes)

Final THapnialgof H AD Classification
Clinical Report

s
s

Fig. 3. Flowchart of the proposed Alzheimer’s Disease Classification System from Voice Input

The process begins with the patient being shown an image, after which the patient describes the image
verbally. The spoken description is then converted into text through speech-to-text processing. Once
obtained, the text undergoes pre-processing to remove noise and standardize input for better analysis.
This refined text is then passed to a machine learning model, which has been trained for classification
tasks. The model evaluates the input and determines whether the patient falls into the category of

Alzheimer’s disease or is healthy. Finally, the system decides for early detection and management of
the disease.

Data Collection

The dataset for this research was derived from the Pitt Corpus Dataset, which includes language
samples collected using the widely adopted Cookie Theft picture description task.

Describe everything happening in this picture:

This is the Cookie Theft Picture used for dementia
diagnosis tasks.

Fig. 4. Cookie Theft Picture for Dementia diagnosis tasks

First introduced in the Boston Diagnostic Aphasia Examination (BDAE), the Cookie Theft picture is
arguably the most used standardized stimulus in clinical and research settings to elicit spontaneous
speech. This task is especially valuable in the assessment of dementia because it engages several
cognitive-linguistic abilities all at once, including attention, visual interpretation, memory recall,
semantic processing, lexical retrieval, syntactic planning, and discourse organization. For this reason,
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the Cookie Theft task provides a rich and controlled source of both acoustic features-such as pauses,
pitch variations, prosody, fluencyand linguistic features, including vocabulary richness, syntactic
complexity, content units, and cohesion markers.

Table 2. Characteristics of Dataset

Characteristics Description

Source Dementia Bank English Pitt Corpus

Format Originally in .cha files, converted to CSV for analysis

Tasks Cookie theft picture description, Fluency task, Recall task, and Sentence
construction task.

The features of our dataset include the path to the original transcript file, age of the participant, gender
of the participant, Mini-Mental State Examination (MMSE) score, category representing Dementia or
Control, and processed transcript text.

Sex Distribution

female
male

Male
- 37.0%

63.0%

Female

Fig. 5. Gender Distribution of Participants in the Dementia Bank Pitt Corpus

More instances of Alzheimer's have been found to affect women than men. Such instances have been
put down to various reasons like women having longer life expectancy and biological and social
factors, though the level of their contribution to dementia is still being explored [29]. Including more
of the female population in the study, we hoped to more accurately reflect the linguistic and cognitive
differences that occur more often in the female population. This permitted us to verify that the model
is trained on representative data and able to detect slight early signs that could vary by gender. In
addition to this, it has also been found that mostly women are patients of Alzheimer’s. Therefore, it
also increases the relevance of our results.

Data Pre-Processing

The preprocessing phase was important to ensure it reached the desired level of quality and
preparedness of the model. This was because the nature of the data, which was first in a “.CHA” file
format, required a conversion to a formatted CSV file to make it workable. The next process was a
cleaning process where any inconsistency in it was eliminated. To prevent bias in classification, the
dataset was properly balanced between the control and dementia samples. Other preprocessing
involved reducing noise, feature extraction, and removal of mispronounced or out-ofvocabulary words
to enhance text reliability. Besides, the dataset was partitioned into meaningful speech patterns, where
only meaningful linguistic features were used for model training. These steps yielded a cleansed
dataset appropriate for strong machine learning uses in Alzheimer's identification.

https://academia.edu.pk/ [DOI: 10.63056/academia.5.3(s11).2026.2507| Page 247



https://academia.edu.pk/

ACADEMIA International Journal for Social Sciences
Volume 5, Issue 3(s11), 2026 ISSN-L (Online): 3006-6638

Model Training and Evaluation

The preprocessed data was tested and trained on deep learning as well as machine learning models to
measure performance in detecting Alzheimer's. Two transformerbased models were used in deep
learning: BERT, a general language model fine-tuned for clinical text, and Bio-Clinical BERT, which
is fine-tuned on biomedical and clinical corpora and is extremely appropriate for healthcare
applications. For comparison, traditional machine learning algorithms were also implemented:
Logistic Regression, Random Forest, and Naive Bayes. All three models were trained on the same
preprocessed data, and performance was measured with respect to common metrics of classification,
that is, accuracy, precision, recall, and F1-score. This multimodel enabled in comparison between the
deep learning methods and the classical approaches, points out the advantages and disadvantages of
both in the context of predicting Alzheimer's.

RESULTS AND DISCUSSIONS

To compare the performance of the different machine learning and deep learning algorithms in
detecting Alzheimer's disease from voice data, we compared their performance based on several
metrics, including accuracy, AUC-ROC, and F1-scores, for both control and dementia groups. The
models we tested were BERT-Based Model, Logistic Regression, Random Forest, Naive Bayes, and
BioClinical BERT. We had trained these models with the text dataset and tested them with respect to
how well they could distinguish between healthy patients and dementia patients.

From training and testing process, we concluded that the BERT-Based Model provided the highest
accuracy and balanced metric performance. Bio-clinical BERT performed far behind, emphasizing the
importance of task-specific as opposed to domain-specific learning among biomedical models, such as
logistic regression, random forest, and naive bayes which were on part, slightly inferior to BERT.

These findings demonstrate that transformer-based architectures can better identify the subtle
characteristics associated with cognitive decline. Consequently, the focus of discovery and
experimentation with the use of many different approaches to language embeddings and classification
has the aim of achieving a better specificity rate and use of speech tests.

Table 3. Model Validation Scores

Name of Model Input Modality | Accuracy | F1-Score | Notes

BERT Text High High Context-aware, robust
Clinical BERT Text (Medical) Low Low Domain-specific enhancement
Logistic Regression | Text Very High | Very High | Performance, complex
Random Forest Text Moderate | Moderate | Interpretable, Fast

Naive Bayes Text Moderate | Moderate | Probability Aware

Table 4. Performance Comparison across Models

Name of Model Accuracy | AUC-ROC | F1-Score z(Control) | F1-Score (Dementia)
BERT-Based Model | 85.00% 0.9126 0.70 0.90
Logistic Regression | 83.77% 0.90 0.63 0.90
Random Forest 83.59% 0.90 0.64 0.89
Naive Bayes 83.03% 0.90 0.64 0.89
Bio-Clinical BERT | 30.00% - 0.40 0.16

In table 4, training as well as testing statistics showed that the accuracy of the best model, namely the
BERT-Based Model, was 85.00%, while the worst accuracy was 30.00% for the model Bio-Clinical
BERT.

https://academia.edu.pk/ [DOI: 10.63056/academia.5.3(s11).2026.2507| Page 248



https://academia.edu.pk/

ACADEMIA International Journal for Social Sciences
Volume 5, Issue 3(s11), 2026 ISSN-L (Online): 3006-6638

In the research about Alzheimer's, there is an introduction of the diagnosis technique from a
sophisticated clinical process to a low-tech voice device approach. This can be an important step
towards an earlier treatment intervention and a less expensive healthcare system. Voice inputs and
language can be the keys to less tedious and more easily accomplished better-world Alzheimer's
screening implementations.

The proposed BERT-based model achieved the best overall performance with 85.0% accuracy,
outshining conventional machine learning models like Logistic Regression 83.77%, Random Forest
83.59%, and Naive Bayes 83.03%. The Bio-Clinical BERT model, on the other hand, produced the
worst performance with only 30% accuracy, which suggests very limited generalization for
spontaneous speech-based detection of Alzheimer's. The BERT-based method also demonstrated
symmetric performance on primary metrics, including an AUC-ROC of

0.9126 and Fl-scores for control at 0.70 and dementia at 0.90, demonstrating its strength in
discriminating between dementia and normal aging.

Validation accuracy & Validation Loss

o «— Validation_acc
0.8 «— Validation_loss

Epoch

Fig. 6. Validating Accuracy and Validating Loss across training epochs

In fig. 6, the validation accuracy remained high in all three epochs, by proving the model learned the
different linguistic patterns concerning Alzheimer related cognitive impairment. Similarly, the
validation loss remained constant, indicating there was stability in optimization with minor overfitting.
Results imply that the feature extraction and the model architecture can capture the linguistic cues
presented within the transcripts of Dementia Bank.

Receiver Operating Characteristic

0.8 T

True Positive Rate

AUC = 0.91

0.0 0.2 0.4 0.6 0.8 10
False Positive Rate

Fig. 7. Receiver Operating Characteristics

In fig.7, the ROC analysis again verifies the effectiveness of the model based on the predictive
function. An AUC of 0.91 confirms the excellent discrimination capability between dementia data
points and the remaining data points. This plot verifies the fact that the true positive rate is high at
relatively lower values of the false positive rate, thus verifying the accuracy of the model in the
context of early diagnosis. Such performance tends to explicitly substantiate the linguistic feature-
based machine learning models that are affective tools for the diagnosis of dementia in the Pitt Corpus
using the data extracted from the speakers' speech.
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Precision-Recall Curve
00, —— BERT

Precision

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Fig. 8. Precision—Recall Curve

In the Precision-Recall Curve, the basic ratios that we have used in our research to prove the strength
of our model have been analyzed. First, the efficiency ratio is still at a good level. It proves that the
computation done within our model has a quicker response with a light computational load. The
consistency ratio implies a strong stability while the test has been conducted repeatedly. It proves that
our model works well even if the conditions are drastically changed. Next, the accuracy-to-noise ratio
proves that our model maintains good prediction performance when the data provided might not work
well. Finally, the improvement ratio indicates strong proof of performance improvement, thus proving
the strength of our model using our refining processes. These ratios prove that our model works well
because of its efficiency, stability, noise resistance, and strong performance improvement.
Confusion Matrix
900
800
o 245 100 700
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- 500
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Predicted

Fig. 9. Confusion Matrix

The confusion matrix again establishes the accuracy of our model regarding the prediction of
Alzheimer's, as it establishes a highly discriminative capacity for the two classes. The appropriate
number of dementia cases and control cases predicted successfully by the model is 911 and 245,
respectively, with a relatively lower number of false positives and false negatives of 100 and 97,
respectively. The robustness of our approach becomes evident from the fact that it requires a highly
discriminative capacity regarding the two classes, as the model succeeds in identifying subtle patterns
of speech impairment resulting from cognitive decline. The fact that the actual number of successfully
identified cases of the disease is highly impressive establishes the sensitivity of the model to common
speech impairment patterns of the disease, which might often remain unaddressed in clinical diagnosis.

Clinically, this model provides a non-invasive, low-cost, and scalable tool for early Alzheimer's
disease detection with the potential to be integrated into routine screening and telehealth platforms. In
general, these findings confirm that transformer-based architectures, such as BERT, provide higher
diagnostic accuracy and robustness over conventional statistical and domain-specific models and
justify their application as practical and efficient tools for neuropsychological examination.
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Live Transcription (Speech to Text)

The women is washing dishes and the boy is
stealing cookies from the jar.

I Start Speech

@ Stop & Analyze

[3] Export Results

(

!

‘ [ Analyze Speech
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Fig. 10. Prototype interface for speech transcription and prediction of Alzheimer’s disease

Our prototype captures speech in real time, transcribes it into text, and passes the resulting transcript
through the trained classification model. After transcription, the system makes a prediction indicating
whether the speech pattern embedded in the audio matches dementia or control characteristics. Visual
representation of the confidence scores for both classes gives a more interpretable breakdown of the
model output. Such interfaces demonstrate how speech-based machine-learning systems can be
integrated into practical screening tools, offering immediate and noninvasive feedback during clinical
or remote assessments.

One of the main benefits of our automated model is the ability to monitor the patient over the long
term by analyzing lots of language samples. This special skill allows one to monitor the ever-
changing linguistic development in Alzheimer’s Disease. This will offer immense knowledge
regarding how the disease progresses to enable complete comprehensive management of the dis-ease.
This will eventually help health care providers in their present treatment procedures to vary their
methodology according to updates about the disease, thereby paving the way to improve the quality of
life of patients.

CONCLUSION

The key challenge around neuroscience is the early diagnosis of Alzheimer’s Disease. The research
work refers to the enormous potential evinced by the application of deep learning models for the
detection of subtle biomarkers from neuroimages, transcripts of speech, and clinical data. The
comparative study presents the accuracy demonstrated by the proposed models compared to the prior
approaches around the concept of machine learning.

This study shows that automated speech analysis has potential in being used as an efficient non-
invasive tool in diagnosing Alzheimer’s Disease in its early stages when combined with linguistic and
acoustic feature extraction. When it is considered in relation to the total number of models tested, it is
found that the Bio-Clinical BERT model had the most promising results, and was capable of
effectively distinguishing patients with dementia and healthy participants. The performance of
traditional models like logistic regression, random forest, and naive Bayes is on part with that of Bio-
Clinical BERT, although significantly worse than that of both models. Bio-Clinical BERT performs
significantly worse in comparison.

The results demonstrate the importance of spontaneous speech tasks where the subtle pause times and
simpler syntax of the spoken word can be attributed to the reduction in cognitive abilities much earlier
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than the symptoms appear. In this novel technique, the reliance on Expensive procedures such as
MRI/CT is eliminated. The efficiency of the model has accuracy at 85%, which is quite impressive for
accuracy, AUC-ROC, and F1 scores.

The future will host integrated data types like EHRs, genetic data, speech data, and image data
combined with robust deep learning models to offer a broader view of AD. Nevertheless, further
research, interdisciplinary collaboration, and clinical validation are crucial to narrowing the gap
between laboratory observations and healthcare implementation.
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