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the patients to identify patterns associated with cognitive decline. In p

Coefficients (MFCCs) are extracted to capture the spectral properties of speech and additional linguistic 
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to train two classification models—
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the SVM model in terms of both accuracy and EER, demonstrating its suitability for Alzheimer’s detecti
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1. INTRODUCTION 
Alzheimer's disease (AD) is a progressive 
neurodegenerative disorder impairing memory, 
thinking, behavior, and language. It is the most 
common cause of dementia in older adults, presenting 
a growing public health challenge as population’s 
age. Notably, individuals with AD often exhibit 
significant speech changes early in the disease. These 
include frequent pauses, reduced vocabulary, word
finding difficulties, and repetitive or vague 
expressions, reflecting underlying cognitive decline. 
Such patterns offer valuable clues for early detection. 
While traditional diagnosis relies on 
neuropsychological assessments, speech analysis is 
emerging as an effective non-invasive biomarker for 
AD [1]. Consequently, detecting AD through 
spontaneous speech is gaining attraction as a 
promising and cost-effective diagnostic approach [2].
 
2. REVIEW OF LITERATURE 

Language impairments, especially difficulties with 
naming, often emerge early in the course of 
Alzheimer’s disease (AD). Krishner [3] found that all 
participants with AD in their study showed naming 
deficits, even when other language functions 
remained relatively preserved. Similarly, Ahmed [4] 
noted that nearly two-thirds of individuals exhibited 
major changes in connected speech up to a year 
before receiving a probable AD diagnosis.
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This paper presents a methodology for the automatic detection of Alzheimer’s disease Patients 

(ADP) using their speech data. The approach leverages both acoustic and linguistic cues derived from speech of 

the patients to identify patterns associated with cognitive decline. In particular, Mel

Coefficients (MFCCs) are extracted to capture the spectral properties of speech and additional linguistic 

features may be considered for a more comprehensive representation. These features are normalized and used 

—Support Vector Machines (SVMs) and Random Forest Trees (RFT). The 

performance of these classifiers is evaluated on speech datasets consisting of both male and female ADP. Key 

evaluation metrics, including Equal Error Rate (EER) and recognition accuracy are used to measure 

classification effectiveness. Experimental results indicate that the Random Forest Tree classifier outperforms 

the SVM model in terms of both accuracy and EER, demonstrating its suitability for Alzheimer’s detecti

Mel frequency cepstral coefficients (MFCC), Alzheimer’s disease Patient (ADP), speech 

analysis, SVM, cognitive decline, EER. 

Alzheimer's disease (AD) is a progressive 
neurodegenerative disorder impairing memory, 
thinking, behavior, and language. It is the most 
common cause of dementia in older adults, presenting 
a growing public health challenge as population’s 
age. Notably, individuals with AD often exhibit 
significant speech changes early in the disease. These 
include frequent pauses, reduced vocabulary, word-
finding difficulties, and repetitive or vague 

ions, reflecting underlying cognitive decline. 
Such patterns offer valuable clues for early detection. 
While traditional diagnosis relies on 
neuropsychological assessments, speech analysis is 

invasive biomarker for 
equently, detecting AD through 

spontaneous speech is gaining attraction as a 
effective diagnostic approach [2]. 

Language impairments, especially difficulties with 
naming, often emerge early in the course of 
Alzheimer’s disease (AD). Krishner [3] found that all 
participants with AD in their study showed naming 
deficits, even when other language functions 
remained relatively preserved. Similarly, Ahmed [4] 

thirds of individuals exhibited 
ajor changes in connected speech up to a year 

before receiving a probable AD diagnosis. 

While memory loss is the hallmark symptom of 
Alzheimer’s, language deficits offer crucial insight 
into cognitive decline. According to Faber
Langendoen [5], 36% of indi
and all individuals with severe AD were diagnosed 
with aphasia using standard assessment tools. 
Difficulties retrieving proper names and specific 
terms are common [9], often resulting in the use of 
vague or generic substitutes [6][10].

A pattern consistently observed across studies shows 
category fluency (e.g., naming animals or tools) is 
more impaired than letter fluency (e.g., naming words 
starting with a certain letter) [10][11][12], a finding 
reinforced by a meta-analysis studies [7
in a study of AD patients, identified strong 
correlations between dementia severity and several 
linguistic measures, including naming precision, 
lexical access, speech clarity and semantic fluency.

Beyond word-level challenges, AD also compr
higher-order language skills. Comprehension of 
metaphor, sarcasm, and the ability to maintain 
thematic coherence often deteriorate [15]. Glosser 
and Deser [13] reported that individuals with AD 
produced less globally coherent discourse than 
healthy controls and patients with fluent aphasia. 
Likewise, Blonder [14] observed reduced discourse 
cohesion during interviews with ADP compared to 
their cognitively intact spouses. There's also 
compelling evidence suggesting verb retrieval is more 
compromised than noun retrieval. Robinson [16] 
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While memory loss is the hallmark symptom of 
Alzheimer’s, language deficits offer crucial insight 
into cognitive decline. According to Faber-

viduals with mild AD 
and all individuals with severe AD were diagnosed 
with aphasia using standard assessment tools. 
Difficulties retrieving proper names and specific 
terms are common [9], often resulting in the use of 
vague or generic substitutes [6][10]. 

A pattern consistently observed across studies shows 
category fluency (e.g., naming animals or tools) is 
more impaired than letter fluency (e.g., naming words 
starting with a certain letter) [10][11][12], a finding 

analysis studies [7]. Weiner [8], 
in a study of AD patients, identified strong 
correlations between dementia severity and several 
linguistic measures, including naming precision, 
lexical access, speech clarity and semantic fluency. 

level challenges, AD also compromises 
order language skills. Comprehension of 

metaphor, sarcasm, and the ability to maintain 
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and Deser [13] reported that individuals with AD 
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compelling evidence suggesting verb retrieval is more 
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found poorer performance on verb-naming tasks, 
even when frequency and phonological difficulty 
were matched with nouns. 

Together, these findings highlight profound and 
wide-ranging changes in the spontaneous speech of 
individuals with AD, distinguishing them markedly 
from healthy individuals. 

 
3. DESCRIPTION OF KEY TERMS 
MMSE (Mini-Mental State Examination) is a 30-
point questionnaire used to measure cognitive 
impairment [18]. The MMSE is a widely used 30-
point questionnaire designed to assess cognitive 
function and screen for cognitive impairment. It 
evaluates a range of cognitive domains, including 
orientation to time and place, short-term memory, 
attention and calculation, language abilities, and 
visuospatial skills. The MMSE is commonly used in 
both clinical and research to aid in the diagnosis of 
conditions such as dementia and Alzheimer's disease, 
as well as to monitor changes in cognitive status over 
time. A patient who gets fewer scores out of 30 will 
be considered as having more cognitive issues. Only 
MMSE is not providing us complete and guaranteed 
diagnosis, but is used as a good tool for initial 
checking of cognitive disorder and also ongoing 
evaluation. 
 
MFCC (Mel-Frequency Cepstral Coefficients): 
Features representing the power spectrum of sound 
[17].For Speech and audio processing and its 
analysis, Mel-Frequency Cepstral Coefficients 
(MFCCs) are found much helpful in extracting the 
features from sample data which is mostly effective 
in gaining human speech characteristics like phonetic, 
timbral etc...MFCCs are derived from the short-term 
power spectrum of an audio signal and are designed 
to mimic the human ear’s perception of sound, which 
is more sensitive to logarithmic frequency scales than 
linear ones. This processing includes stages of  
framing the audio signal then applying a Fourier 
Transform and  mapping the powers of the spectrum 
onto the Mel scale, taking the logarithm of the 
powers, and then to obtain the required coefficients 
Discrete Cosine Transform (DCT). The resulting 
MFCCs give the shape to the speech spectrum and 
MFCCs are very helpful in speech recognition, 
speaker identification, and the detection of cognitive 
or neurological conditions like Alzheimer’s disease, 
where minor changes in speech production may be 
reflected in these acoustic features. 
 
Support Vector Machine (SVM) uses supervised 
learning algorithms to classify available data samples. 
It is especially effective for high-dimensional, small-
sample-size problems, making it a strong candidate 
for Alzheimer’s disease Patient (ADP) detection, 

where datasets often contain more features (e.g., MRI 
voxels, speech descriptors) than samples (patients). 
In the case of a linear SVM, the decision function 
used to classify the input features is defined as 

���� = ��� + 	 

Here, weight vector is w, feature vector is x and bias 
term is b [21]. The SVM is designed to identify the 
optimal hyperplane that maximizes the separation 
margin between classes, enabling effective 
classification based on the extracted speech 
features.SVM is widely used in speech based tasks 
like speech recognition, speaker identification and 
other audio speech based classification tasks. 
 
Random Forest Tree (RFT) is one of the good 
learning algorithms that prepares multiple decision 
trees and aggregates their results to improve 
prediction accuracy and also control over fitting of 
curves. In the context of Alzheimer’s disease Patient 
(ADP) classification, Random Forests are particularly 
useful due to their robustness to noise, ability to 
handle high-dimensional data, and effectiveness with 
small to medium datasets, which are common in 
medical studies. Random Forest builds a "forest" of 
many decision trees during training time and outputs 
the majority vote (most common class) of all the trees 
for classification tasks. 
Let,  h1(x),h2(x), h3(x)…… hn(x) be the predictions of 
n individual decision trees for input feature x. Then, 
the Random Forest prediction  y is given by 

y=mode(h1(x),h2(x), h3(x)…… hn(x)) 

Here, mode finds and gives the class having more 
frequency of occurrence among the predictions of 
trees. 

Point at which the rates of false acceptance (FA) and 
false rejection (FR) are identical is termed as Equal 
Error Rate (EER)[19]. EER is a key to evaluate the 
accuracy and reliability of a model under test for 
performance evaluation which can be used in 
biometric and classification systems. Here the false 
rejection (FR) rate and false acceptance (FA) rate are 
the same. In other words, EER is the rate at which the 
system equally accepts the incorrect one and rejects 
the correct one. EER is particularly valuable when 
comparing different biometric systems or algorithms, 
as it provides a single value that encapsulates the 
trade-off between FA and FR. 

 The EER is defined also as the point indicating the 
threshold at which both types of errors occur at the 
same rate. Mathematically, it can be expressed as 

��� = 
���� = 
����  ���� 
� = 
� 

Where, 
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FA (False Acceptance) is the probability of wrongly 
accepting a wrong data sample. 

FR (False Rejection) is the probability of wrongly 
rejecting a true data sample. 

θ represents the decision threshold that is adjusted to 
balance the FA and FR. 

The EER provides a useful summary of the system's 
performance and is often used to compare different 
classifiers or biometric systems. A lower EER 
indicates a better-performing system, as it reflects a 
more optimal balance between the rates of false 
acceptances and false rejections.  

Recognition Accuracy is the proportion of correctly 
identified data samples among all data samples [20]. 
Recognition accuracy is a fundamental performance 
metric used in classification and pattern recognition 
tasks to quantify how effectively a system correctly 
identifies or classifies input data samples. It is 
defined as the proportion of accurately classified 
samples comprising both true positives (TP) and true 
negatives (TN) relative to the total number of data 
samples assessed. Mathematically, it is calculated as 

��������	 =
��. ��	����	�����������	����

 ���!	��. ��	�����������	����
∗ 100

	

 

This is more properly given by 

��������	��	% =
 � +  �

 � +  � + 
� + 
�
∗ 100

	

Here, TP (True Positives) represents the count of 
samples accurately identified as positive. 
TN (True Negatives) indicates the number of samples 
correctly recognized as negative. 
FP (False Positives) refers to the number of samples 
that were mistakenly classified as positive. FN (False 
Negatives) denotes the number of samples that were 
wrongly classified as negative. This formula provides 
a percentage that reflects the overall success rate of 
the classifier in correctly identifying both positive 
and negative instances. However, accuracy can be 
misleading when the dataset is imbalanced and other 
metrics like precision, recall, and F1-score may 
provide more insight into model performance. High 
recognition accuracy indicates that the model 
performs well in distinguishing between different 
categories or classes, making it a critical benchmark 
in applications such as speech recognition, face 
identification, and medical diagnosis.  

 

4. EXPERIMENTAL METHODOLOGY 

Figure 1 depicts the processing pipeline. Speech 
samples from Alzheimer's disease patients (ADP) are 
first processed to extract Mel-Frequency Cepstral 
Coefficients (MFCCs), which encode essential 
acoustic properties of the signal. These MFCC 
features are subsequently normalized to standardize 
the input data. The normalized feature vectors are fed 
into both Support Vector Machine (SVM) and 
Random Forest (RF) classifiers for classification. We 
compared the performance of the SVM and RF 
models for male and female ADP, specifically 
evaluating their accuracy and Equal Error Rate 
(EER). 

 

Fig.1 Basic functional block of ADP classification 
system 
 

5. RESULTS OF EXPERIMENT 
 

Table 1 Performance of SVM and RFT for Female 

FEMALE Accuracy (%) EER (%) 
SVM 81.82 18.75 
RFT 90.91 9.09 

 
Table 2 Performance of SVM and RFT for Male 

MALE Accuracy (%) EER (%) 
SVM 80.77 18.18 
RFT 88.46 11.11 

As per the above tables our experiment involved 
analyzing speech features of 22 female and 26 male 
participants to evaluate the performance of two 
classification algorithms which are Support Vector 
Machine (SVM) and Random Forest Tree (RFT)  for 
the task of Alzheimer’s disease detection. 
For female candidates, RFT achieved higher accuracy 
(90.91%) and a lower EER (9.09%) compared to 
SVM (Accuracy: 81.82%, EER: 18.75%). This 
indicates that RFT is more effective in distinguishing 
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between Alzheimer’s and non-Alzheimer’s cases in 
female voices. For male candidates, RFT also 
outperformed SVM, with accuracy of 88.46% and 
EER of 11.11%, whereas SVM reached 80.77% 
accuracy and 18.18% EER. While both classifiers 
performed slightly better on female data, RFT 
maintained a consistent advantage across genders. 
The EER values, which balance false acceptance and 
false rejection rates, further validate that RFT 
provides a more reliable classification in this context. 
 
6. CONCLUSION AND FUTURE SCOPE 

This study demonstrates that Random Forest Tree 
(RFT) consistently outperforms Support Vector 
Machine (SVM) in detecting Alzheimer’s disease 
from speech samples of both male and female 
participants. The higher accuracy and lower EER 
achieved by RFT make it a more suitable candidate 
for real-world applications of speech-based 
Alzheimer’s screening tools. These results highlight 
the feasibility of using machine learning and voice 
biomarkers for early-stage Alzheimer’s detection, 
potentially offering a non-invasive, accessible, and 
cost-effective diagnostic aid. 
To enhance the robustness and applicability of the 
proposed system, future research may consider the 
following directions. 
Larger and More Diverse Dataset: Incorporate more 
speakers across different age groups, dialects, and 
linguistic backgrounds to improve generalization. 
Feature Engineering: Explore additional acoustic and 
prosodic features such as pitch variability, jitter, 
shimmer and speech rate that may be more sensitive 
to early cognitive decline. 
Longitudinal Analysis: Evaluate speech progression 
over time to detect early trends in cognitive 
degradation. 
Multimodal Integration: Combine speech features 
with other modalities (e.g., facial expression, EEG, 
text transcripts) to improve detection accuracy. 
Real-Time Implementation: Develop a lightweight, 
mobile-compatible version for real-time screening in 
clinical and at home purposes. 
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