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Abstract: Dementia encompasses a group of syndromes that impair cognitive functions such as
memory, reasoning, and the ability to perform daily activities. As populations globally age, nearly 10
million new dementia cases occur annually. Clinical diagnosis remains challenging because symptoms
overlap with other conditions and require comprehensive cognitive assessment, highlighting the need
for feasible and accurate detection methods. Recent advances in machine learning have highlighted
spontaneous speech as a promising noninvasive, cost-effective, and scalable biomarker for dementia
detection. In this study, spontaneous speech recordings from the ADReSS dataset and the extended
Pitt Corpus were analyzed, consisting of picture description tasks performed by cognitively healthy
individuals and participants with Alzheimer’s disease or dementia. Unlike many prior approaches
relying on speech-active segments, acoustic features were extracted from entire recordings with
the openSMILE toolkit. This recording-level representation reduces the number of feature vectors
and provides a computationally efficient framework for dementia classification, while indirectly
incorporating pause- and hesitation-related information. Classification models with classifier-based
wrapper feature selection were employed to estimate feature importance and identify diagnostically
relevant acoustic characteristics. Among the evaluated classifiers, the extreme minimal learning
machine emerged as the most computationally efficient method, providing competitive classification
accuracy with substantially lower training time in repeated leave-one-subject-out validation. The
results demonstrated that the proposed framework is computationally efficient, interpretable, and well-
suited as a supportive tool for speech-based dementia assessment.
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1. Introduction

Dementia is a progressive clinical syndrome characterized by cognitive and functional decline that
interferes with daily living [1, 2]. It results from underlying diseases, most commonly Alzheimer’s
disease, which accounts for 60 to 70% of cases, and its risk is associated with advanced age, genetic
predisposition, and chronic conditions [2]. The disease progresses gradually from subtle impairments
in memory, learning, and attention to severe deficits in language, executive function, and daily
functioning [2, 3]. More than 55 million people are currently affected worldwide, and the number
of cases is projected to nearly triple by 2050, emphasizing the importance of early and efficient
recognition of cognitive decline [2].

Standardized cognitive screening tools such as the Mini-Mental State Examination (MMSE) [4],
the Montreal Cognitive Assessment (MoCA) [5], and the Consortium to Establish a Registry for
Alzheimer’s Disease (CERAD) battery [6] are widely used in clinical practice. These assessments
evaluate multiple cognitive domains, including memory, language, attention, and visuospatial abilities.
Mobile cognitive screening applications have also been developed and shown to correlate with
established tests [7].

Neuroimaging techniques such as MRI, PET, and CT, together with biomarker analyses including
cerebrospinal fluid and blood tests, and clinical anamnesis, are utilized in dementia diagnostics [8].
In Alzheimer’s disease, structural changes are particularly evident in memory-related regions such as
the hippocampus and medial temporal lobe [9]. Machine learning, especially deep learning-based
convolutional neural networks, has been applied to neuroimaging-based diagnosis [10, 11]. However,
these approaches are often constrained by high acquisition costs, invasiveness, limited standardization,
and restricted data availability [12].

The analysis of naturally spoken language provides a cost-effective and non-invasive alternative for
identifying dementia. In Alzheimer’s disease and related disorders, early impairments may manifest as
difficulties in semantic memory, word retrieval, and sentence construction [13–15]. Advances in speech
analysis have enabled the development of machine learning models that utilize acoustic and linguistic
features to detect cognitive impairment [16]. Consequently, there is a growing need for interpretable
and computationally efficient speech-based approaches that support accurate classification while
enabling systematic analysis of the underlying acoustic characteristics.

Despite this growing interest, relatively few publicly available speech databases are available for
the detection of cognitive decline. Although analyses are often comprehensive, experiments have
typically been conducted with relatively small sample sizes, which may limit statistical power and
reduce the generalizability of findings to larger populations [16]. Limited sample sizes are also a
broader challenge in supervised classification settings, particularly when developing data-driven or
deep learning-based models [17]. Another common methodological concern is the imbalance between
healthy control participants and individuals with dementia, as well as differences in age and gender
distributions across groups. Such imbalances can bias classification models and distort performance
estimates if evaluation metrics do not adequately account for class distribution. In addition, some
studies have included multiple speech recordings from the same individuals in both training and testing
sets, increasing the risk that models capture speaker-specific characteristics rather than markers of
cognitive impairment. Patients have also been stratified according to dementia severity in some studies,
making direct comparisons of results more difficult. Furthermore, many studies do not provide open
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access to their datasets [16].
Taken together, these limitations indicate that systematic evaluation of compact and interpretable

acoustic feature subsets under strictly controlled and subject-independent validation protocols remains
limited. The purpose of this study is twofold: (i) to evaluate the potential of machine learning models
to predict cognitive decline from human speech, and (ii) to identify the most important acoustic
characteristics contributing to classification performance. Although deep learning techniques are
increasingly used in this research area [18], they were not included in the present study because there
is currently no widely accepted method for directly linking their performance to specific acoustic
characteristics [19, 20]. In contrast, the interpretable classifiers used in this work enable an explicit
wrapper-based approach for assessing feature importance in a systematic manner [21]. Furthermore,
experiments reported by Kumar et al. [22] indicated that non-deep-learning-machine learning methods
achieved higher dementia classification accuracy than a representative set of deep learning techniques.

This study utilizes the INTERSPEECH 2020 Alzheimer’s Dementia Recognition through
Spontaneous Speech (ADReSS) challenge dataset to classify cognitively healthy controls and
individuals with Alzheimer’s disease [23]. Model performance is evaluated using leave-one-subject-
out (LOSO) cross-validation and an independent test set following the original challenge protocol. In
addition, an extended subset of recordings from the DementiaBank Pitt Corpus is used to assess the
generalization of the proposed methods to a larger and more heterogeneous dataset.

Acoustic features are extracted using the open-source openSMILE toolkit. Classification
is performed with classifier-based wrapper models including a linear support vector machine
(L-SVM) [24], ridge logistic regression (Ridge) [25], and extreme minimal learning machine
(EMLM) [26], enabling efficient learning and estimation of feature weights. Each recording is
represented by a single feature vector, reducing computational complexity compared to segment-
level approaches. Informative acoustic features are identified by ranking model-assigned weights and
evaluating classification performance across increasing feature subset sizes. In parallel, a permutation-
based statistical cutoff is used to estimate a data-driven feature subset size.

The main contribution of this study is the systematic evaluation of recording-level acoustic feature
representations combined with classifier-based wrapper feature selection for dementia classification.
The present work emphasizes the identification and comparison of diagnostically relevant acoustic
feature categories across multiple lightweight and interpretable classifiers.

2. Background

Acoustic features can be extracted directly from audio recordings without converting speech into
text, enabling fast, resource-efficient, and cost-effective analysis [23]. In dementia detection, acoustic
approaches are particularly attractive because they are largely independent of language, educational
background, and cultural factors.

Changes in cognitive function can manifest as alterations in speech production, prosody, and voice
quality. In dementia, variations in fundamental frequency (F0) are commonly observed and may
be reflected in increased voice jitter and amplitude shimmer [27]. Reduced F0 variability can lead
to monotonous speech with limited intonational modulation [28], while changes in voice intensity
dynamics may indicate impairments in emotional expression and motor control [29]. Temporal aspects
of speech are also affected: slower speech rates, irregular rhythm, and altered pause patterns have been
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associated with cognitive decline, reflecting difficulties in linguistic planning, working memory, and
lexical retrieval [30,31]. In addition, spectral characteristics such as Mel-frequency cepstral coefficients
(MFCCs) and formant frequencies (F1 and F2) capture changes in articulatory precision and voice
quality, which may be degraded in dementia through increased hoarseness, breathiness, and reduced
vocal stability [15, 32, 33].

To represent these speech characteristics, several standardized acoustic feature sets have been
proposed. The Extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) provides a
compact collection of physiologically and perceptually motivated features, while larger sets such
as the Computational Paralinguistics Challenge (ComParE) and COVAREP offer high-dimensional
representations covering a broad range of prosodic, spectral, and voice-quality features [34–36].
Although high-dimensional feature sets can capture rich information, they often require careful
feature selection or dimensionality reduction to ensure interpretability and computational efficiency,
particularly in clinical applications.

In parallel, deep learning-based approaches have been increasingly explored for acoustic
representation learning. These include embedding-based methods such as x-vectors and VGGish,
as well as end-to-end convolutional neural networks operating on raw or spectrogram-based speech
representations [37–39]. While such approaches can automatically learn task-specific representations
and can benefit from pretrained speech representation models, they may still require substantial
computational resources and careful adaptation, and their learned representations are often less directly
interpretable than traditional acoustic feature-based methods [40, 41].

A common alternative to deep learning is the aggregation of low-level descriptors (LLDs)
extracted from short-time speech frames into global representations using statistical functionals [35].
Related statistical embedding techniques, such as i-vectors, compress speech characteristics into
low-dimensional representations using probabilistic modeling without relying on deep neural
networks [42]. More recently, distribution-based aggregation methods, including bag-of-audio-words
(BoAW), fisher vectors (FV), and clustering-based representations, have been applied to summarize
acoustic feature distributions for dementia classification, with recording-level BoAW representations
combined with statistical feature selection showing competitive performance while maintaining
interpretability and computational efficiency [43–46].

Multimodal approaches that combine acoustic and lexical information have also been proposed to
improve diagnostic performance [31, 47, 48]. However, such methods introduce additional linguistic
dependencies and complexity.

In contrast to deep learning-based and multimodal approaches, the present study focuses on
interpretable acoustic features aggregated at the recording level and combined with computationally
efficient wrapper-based feature selection. This design choice enables accurate, transparent, and
scalable dementia classification from spontaneous speech while reducing reliance on lexical content
and potentially improving portability across languages.
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3. Methods

3.1. Pitt Corpus dataset

The original Pitt Corpus, a core component of the DementiaBank project∗, was collected
between 1983 and 1988 as part of Alzheimer’s disease research [49]. A commonly analyzed subset
of this corpus consists of 101 healthy control individuals and 181 patients with Alzheimer’s disease.
Participants’ diagnoses were based on clinical assessments and long-term follow-up. Eligibility criteria
included a minimum age of 44 years, at least seven years of education, the ability to read and write
prior to the onset of dementia, the absence of central nervous system disorders or relevant medications,
a Mini-Mental State Examination (MMSE) score of at least 10/30, and informed consent from both the
participant and a caregiver.

Participants were asked to describe events depicted in the kitchen-scene picture from the Boston
Diagnostic Aphasia Examination (BDAE) test battery [50]. A caregiver provided initial guidance at
the beginning of the task and could ask follow-up questions or introduce additional topics during free-
form conversation. All responses were recorded as audio files and later transcribed using the CHAT
format [51], including annotations for pauses, repetitions, and errors.

While the original Pitt subset of the DementiaBank corpus is frequently analyzed in computational
studies, the project has since released expanded and updated versions of the dataset. These later
releases include additional participants as well as revised diagnostic information, which explains the
discrepancies in reported sample sizes across studies.

Although the primary experimental evaluation in this study is conducted using the ADReSS 2020
challenge dataset†, the extended Pitt Corpus‡ is analyzed as a complementary dataset to assess the
robustness of the proposed methods on a larger and more heterogeneous sample. In this work, we
use the available extended Pitt Corpus data, consisting of the original Pitt recordings together with
subsequent Pitt Corpus additions and diagnostic updates.

In total, the extended Pitt corpus includes recordings from 104 cognitively healthy control
participants and 208 participants with dementia. During preprocessing, a subset of recordings was
excluded due to insufficient audio quality or because multiple recordings were available for the same
participant. In the latter case, a single representative recording was retained, resulting in one recording
per participant and a final dataset of 291 recordings.

The final control group consisted of 99 individuals, of whom 58 were female (mean age = 65.3 ± 8.2
years) and 41 were male (mean age = 65.6 ± 8.0 years). The dementia group consisted of 192
individuals, including 125 females (mean age = 72.4 ± 8.6 years) and 67 males (mean age = 70.1 ± 8.5
years).

3.2. ADReSS 2020 dataset

The main goal of the ADReSS dataset was to provide a standardized and openly available speech
database to enable the evaluation and comparison of different machine learning models for detecting
cognitive decline [23]. The dataset is a subset of the Pitt Corpus consisting of 156 individuals,
containing one recording per individual. The participants were selected so that half were healthy

∗https://dementia.talkbank.org/access
†https://dementia.talkbank.org/ADReSS-2020/
‡https://dementia.talkbank.org/access/English/Pitt.html
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control individuals and half dementia patients. Additionally, the dataset is divided into a training set
of 108 individuals (54 healthy controls and 54 with Alzheimer’s disease) and a test set of 48 individuals
(24 healthy controls and 24 with Alzheimer’s disease). Table 1 illustrates the distribution, taking into
account the age and gender distribution of the participants.

The classification task distinguishes participants diagnosed with Alzheimer’s disease/dementia from
cognitively healthy controls. In the ADReSS dataset, the diagnostic group is referred to as Alzheimer’s
disease, whereas in the extended Pitt Corpus, we use the term dementia following the available corpus
metadata.

Table 1. ADReSS 2020 dataset (M = male, F = female, AD = Alzheimer’s disease).

Age Train-AD Test-AD Train-Non-AD Test-Non-AD
M F M F M F M F

[50, 55) 1 0 1 0 1 0 1 0
[55, 60) 5 4 2 2 5 4 2 2
[60, 65) 3 6 1 3 3 6 1 3
[65, 70) 6 10 3 4 6 10 3 4
[70, 75) 6 8 3 3 6 8 3 3
[75, 80) 3 2 1 1 3 2 1 1
Total 24 30 11 13 24 30 11 13

3.3. Data preprocessing

The ADReSS dataset provides audio recordings segmented into active speech intervals. In
the present study, however, acoustic features were extracted from entire recordings obtained from
the DementiaBank database hosted by the TalkBank project. This choice enabled a compact
recording-level representation, with one feature vector per participant, thereby reducing computational
complexity compared with segment-level approaches. Because the analysis was performed at the level
of entire recordings, pause, hesitation, and other paralinguistic information may also be reflected in the
resulting acoustic feature representations.

The recordings contained substantial background noise and extraneous sounds, including caregiver
speech, buzzer sounds, traffic noise, phone ringing, and sudden environmental noises. Initial noise
reduction was performed using the adaptive noise reduction filter in Adobe Audition (version 24.4, 64-
bit), which did not require manual parameter tuning. To improve consistency in manual preprocessing,
the same criteria were applied throughout: clearly non-participant and non-task-related sounds were
removed, whereas participant speech, silent pauses, and paralinguistic vocalizations were retained.

The recordings were originally sampled at 44 kHz and subsequently downsampled to 16 kHz, which
allows reliable signal representation within the 0–8 kHz frequency range. As most speech-related
frequency components fall below 8 kHz, a 16-kHz sampling rate is sufficient for speech analysis. All
recordings were normalized according to the EBU R 128 loudness standard [52] to reduce variability
arising from recording conditions, such as microphone placement. The processed audio files were
stored in WAV format.

In the extended Pitt Corpus, multiple recordings were available for several participants. One
recording per participant was selected based on the highest speech intelligibility in noise (SIG) score to
ensure consistent audio quality. The SIG score provides an objective estimate of speech signal quality
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in noisy conditions, following the ITU-T Recommendation P.835 [53].
For the ADReSS dataset, the average recording duration did not differ significantly between control

participants (mean = 51.9 s, SD = 24.9 s) and participants with Alzheimer’s disease (mean = 58.7 s,
SD = 33.0 s), as indicated by a two-sample t-test (p > 0.05). In the extended Pitt Corpus, the mean
recording duration was 47.4 s (SD = 21.2 s) for control participants and 56.1 s (SD = 29.9 s) for
participants with dementia. This difference was statistically significant at the 0.05 level (p < 0.05),
but not at the 0.01 level. Recording duration was not included as an input feature in the classification
models.

3.4. Feature extraction

Acoustic feature extraction was performed using the default settings of the openSMILE
(version 3.0) library§. Three widely used acoustic feature sets were extracted: 88 eGeMAPS
features, 988 EmoBase features, and 6373 ComParE features [54]. These sets were combined into
a single acoustic feature space comprising 7449 features. From this combined set, duplicate features
arising from the overlap between the EmoBase and ComParE feature sets were first removed (371
features). Subsequently, features exhibiting very low variability (fewer than 10 unique values across
the dataset) were removed (155 in total) to avoid including near-constant or highly quantized variables.
The resulting feature space contained 6923 acoustic features.

The retained features primarily consist of low-level spectral descriptors, their first-order temporal
derivatives (delta coefficients), and statistical functionals computed over these descriptors [35]. In
addition to standard statistical measures such as mean, standard deviation, and minimum and maximum
values, the feature set includes higher-order distributional statistics (e.g., percentiles, interquartile
ranges, skewness, and kurtosis) as well as commonly used spectral and temporal descriptors. These
include measures related to pitch dynamics, regression-based trend estimates, spectral variability
and entropy, spectral centroid, and amplitude-related characteristics, which are widely employed in
paralinguistic speech analysis.

3.5. Classification and feature selection

Next, we will present the classification methods used in this study, as well as the wrapper-
type feature selection methods based on them. The three classifiers were selected to represent
complementary lightweight and interpretable modeling strategies. L-SVM and Ridge provide linear
decision functions with explicit coefficient-based feature weights, whereas EMLM provides a distance-
based formulation with sensitivity-based feature importance estimates. Using these complementary
models enables comparison of whether similar acoustic feature categories are emphasized across
different classifier formulations while maintaining low computational cost.

3.5.1. Linear support vector machine

A linear support vector machine seeks a separating hyperplane that maximizes the margin between
classes while allowing for misclassifications through a soft-margin formulation [24]. The model is
defined by the linear decision function:

f (xi) = w>xi + b,
§https://www.audeering.com/research/opensmile/
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where {xi}
N
i=1 denotes the observation vectors with xi ∈ R

n, where n represents the number of features,
N is the total number of observations, w ∈ Rn is the weight vector, b is the bias term, and yi ∈ {−1, 1}
denotes the class label. The model parameters are obtained by minimizing the objective function:

JL−S V M(w, b) =
1
2
‖w‖2 + C

N∑
i=1

max(0, 1 − yi f (xi)),

where C controls the trade-off between margin maximization and classification error. In the context of
this study, the L-SVM is employed as a wrapper model that provides explicit feature weight estimates.
Feature weights are given by the learned components of the weight vector w, whose magnitudes reflect
the contribution of each feature to the decision boundary and can therefore be used to rank acoustic
features.

3.5.2. Logistic ridge regression

Logistic ridge regression (Ridge) extends standard logistic regression by incorporating L2
regularization to control model complexity and reduce overfitting [25]. The probability of class
membership is modeled using the logistic function:

p̂i =
1

1 + e− f (xi)
,

where f (xi) = w>xi + b denotes the linear predictor of the logistic regression model. Model parameters
are learned by minimizing the regularized negative log-likelihood:

JRidge(w, b) = −

N∑
i=1

[
yi log(p̂i) + (1 − yi) log(1 − p̂i)

]
+
λ

2
‖w‖2,

where the regularization parameter λ ≥ 0 controls the magnitude of the coefficients in the weight vector
and yi ∈ {0, 1} denotes the class label. Optimization is performed using gradient-based numerical
methods. Feature weights correspond to the learned coefficients w, which are used to rank acoustic
features in the wrapper-based feature selection procedure.

3.5.3. Extreme minimal learning machine

The extreme minimal learning machine is a distance-based supervised machine learning model [26].
It combines ridge regression with the distance-based representation of the minimal learning machine
(MLM), which is based on distance computations [26, 55]. The corresponding model output function
can be written as

fEMLM(xi) = WH(xi),

where W ∈ Rk×m denotes the matrix of weight coefficients for distance-based classification, k is the
number of classes, m is the number of reference points, and H(xi) is the vector of distances between the
reference points {r j}

m
j=1 and the observation xi. For a training dataset consisting of N observations, the

distances between each observation and the m reference points are collected into the matrix H, where
H ∈ Rm×N and (H) ji = ‖r j − xi‖2.

Applied Computing and Intelligence Volume 6, Issue 1, 89–114.



97

The weight matrix W is obtained by solving a ridge-type regularized least-squares problem, in
which the regularization term stabilizes the solution and ensures unique solvability [26,56]. This leads
to the linear matrix equation:

W
(
HHT +

λEMLMN
m

I
)

= YHT .

Following [26], we fix λEMLM =
√
εmach, where εmach denotes machine epsilon, because λEMLM is used

to ensure unique solvability rather than to control model complexity.
For the full EMLM model considered here, all N observations themselves are used as reference

points, i.e., m = N. The columns of the matrix Y ∈ Rk×N contain the 1-of-k encoded class labels.
For a new observation x∗, the predicted output of the trained model is given by y∗ = WH∗, where
H∗ = [H∗1, . . . ,H

∗
m]T is the vector of distances between the reference points and the observation x∗,

and H∗j = ‖r j − x∗‖2, j = 1, . . . ,m. The output values can be interpreted as class-wise scores for the
observation. In the binary case, the predicted class corresponds to the larger output value.

For the input feature vectors in the EMLM model’s training dataset, the average absolute sensitivity
values can be computed from the gradient of the model output function and used as feature importance
weights to rank the acoustic features. The sensitivity values quantify the effect of the input features on
the model output and are obtained from the gradient of the output function with respect to the input
features:

FI =
1
N

N∑
i=1

∣∣∣∣∣∂ fEMLM

∂xi

∣∣∣∣∣ .
The gradient of the output can be expressed in a well-defined form [57] as follows:

∂ fEMLM

∂xi
= WDT , D(xi) = [d1,d2, . . . ,dm], D(xi) ∈ Rn×m,

d j =
r j − xi

max
(
εdist, ‖r j − xi‖2

) , d j ∈ R
n, j = 1, . . . ,m.

Here, εdist is set to
√
εmach to avoid division by zero or numerical instability when the distance between

a reference point and an observation is very small.

3.6. Experimental evaluation and validation setup

Classification performance was evaluated using two complementary settings, following the protocol
described in [23]: LOSO cross-validation and a separate test dataset. LOSO cross-validation was
conducted on both the ADReSS dataset and the extended Pitt Corpus, while the separate test dataset
comprised approximately one-third of the ADReSS dataset (48 of 156 individuals) and was used to
assess generalization to unseen data. In all experiments, min-max normalization to the range [0, 1] was
applied to the training data, and the same normalization coefficients estimated from the training data
were subsequently applied to the corresponding test data.

Accuracy was used as the primary performance metric because the ADReSS training and test sets
are class-balanced. In addition, class-specific F1-scores, precision, and recall were reported to account
for class imbalance in the extended Pitt Corpus and to evaluate whether the models differed in their
sensitivity to AD/dementia and Non-AD/control groups.
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As LOSO cross-validation requires training the classification model once for each subject, its overall
computational complexity scales linearly with the number of subjects and can be expressed as O

(
N ·

Ctrain
)
, where N denotes the number of subjects and Ctrain denotes the computational cost of training a

single model.

All experiments were conducted using a consistent computational environment to ensure
comparability across methods. Specifically, experiments were run on a Linux workstation operating
Rocky Linux 9.7 and equipped with an Intel Xeon Platinum 8160 CPU (2.10 GHz, 48 physical
cores). The implementations relied on MATLAB R2023b (Update 6) and Python 3.9.25, depending
on the classifier, and the glmnet MATLAB binaries were compiled for the Linux platform using default
compilation settings.

Three classification models were evaluated. For the EMLM model, both feature weighting and
classification were conducted using all observations as reference points (m = N). The implementation
was based on publicly available code¶.

The L-SVM model was implemented using the scikit-learn (v.1.6.1) library with the LIBLINEAR
backend‖. During training in feature weighting, the default regularization parameter (C = 1.0) was
used. For model training and classification, a smaller regularization value (C = 0.01) was applied.

The Ridge model was implemented as L2-regularized logistic regression using the Glmnet for
Matlab (2013) library∗∗ [58]. During training in feature weighting, the default regularization parameter
(λ = 1.0) was used, whereas model training and classification employed a lower regularization strength
(λ = 0.1).

Preliminary experiments were also conducted using a random forest classifier [59]. However, due
to the small sample size and high feature dimensionality, this approach exhibited substantial overfitting
even under strong regularization settings (MinLeafSize = 10, MaxNumSplits = 5) and was therefore
excluded from the final experiments.

The primary objective of the experiments was to evaluate classification performance using wrapper-
based feature ranking derived from the three models. Feature weights were estimated exclusively using
the ADReSS training data following Algorithm 1 and were subsequently applied in all classification
experiments. Feature ranking was performed once using the ADReSS training set and was not nested
within the LOSO folds. For each classifier, features were ranked according to their model-specific
weights, and classification was first performed using the single highest-weighted feature. The number
of features was then increased incrementally by adding one feature at a time, with classification
repeated at each step.

As a secondary objective, the number of features required for stable classification performance was
estimated separately for each classifier using a one-sided Wilcoxon signed-rank test [60]. The resulting
ranked feature lists and statistically determined cutoffs were subsequently used in the classification
experiments described in the following section (Section 3.7).

¶https://gitlab.jyu.fi/hnpai-public/extreme-minimal-learning-machine
‖https://scikit-learn.org/stable/api/sklearn.svm.html
∗∗https://hastie.su.domains/glmnet matlab/
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Algorithm 1 Repeated feature weight estimation and ranking.
1: for i = 1 to 100 do
2: Randomly split the data into 80% training and perform 5-fold cross-validation.
3: for each fold do
4: Normalize training data (min-max), train the model, and compute feature weights using true

class labels.
5: Permute class labels and recompute feature weights.
6: end for
7: Compute median feature weights across folds for true and permuted labels.
8: Take absolute values of the median weights for true and permuted labels.
9: end for

10: Average the absolute median weights (true labels) across iterations.
11: Rank features according to the averaged absolute median weights (true labels).
12: Output: Ranked feature list and distributions of absolute median weights for true and permuted

labels.

3.7. Feature ranking and permutation-based subset selection

In this study, the feature ranking procedure is used as an application of classifier-based wrapper
feature selection, rather than as a new general-purpose feature selection method. The statistical
significance and importance ranking of the feature weights obtained from the classifiers were estimated
using a repeated random subsampling and cross-validation framework, as summarized in Algorithm 1.
Feature weight estimation was conducted using the training portion of the ADReSS dataset, comprising
feature vectors from 108 individuals and 6923 features. The data were randomly split into 80% training
data and evaluated using 5-fold cross-validation, repeated over 100 iterations. Within each fold,
features were normalized using min-max scaling to the range [0, 1], based on training-fold statistics.
The model was trained using true class labels to obtain feature weights, after which class labels were
permuted and the model was retrained to obtain permuted weights. Median feature weights across
folds were computed for both true and permuted labels, yielding 100 median estimates per feature.
Features were ranked based on the average of the absolute values of the fold-wise median true-label
weights.

To determine a cutoff for feature selection, the Wilcoxon signed-rank test was applied to the 100
paired absolute median weight estimates for each feature, comparing true-label and permuted-label
weights (see Algorithm 2). The null hypothesis assumed a non-positive median difference, and a one-
sided (right-tailed) Wilcoxon signed-rank test was applied at α = 0.10. The significance level α = 0.10
was selected to allow greater sensitivity in this exploratory analysis. In the present feature selection
setting, this choice was intended to reduce the risk of prematurely discarding potentially informative
acoustic features before evaluating their contribution to classification performance. The ranked list was
traversed from the highest-weighted feature downward. The first feature for which the null hypothesis
was not rejected was defined as the cutoff, and all higher-ranked features were selected. Similar data-
driven feature count selection has been reported in previous studies [61, 62].
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Algorithm 2 Permutation-based feature subset selection.
1: for features in ranked order do
2: Compute paired differences di = |wtrue

i | − |w
perm
i |, i = 1, . . . , 100,

3: where wtrue
i and wperm

i denote the absolute fold-wise median weights
4: obtained in iteration i.
5: Apply a one-sided Wilcoxon signed-rank test to {di}

100
i=1

6: testing H0 : median(di) ≤ 0 at α = 0.10.
7: if H0 is not rejected then
8: Stop and define the current feature as the cutoff.
9: end if

10: end for
11: Output: Features ranked above the cutoff.

4. Results

4.1. Classification results

Figure 1 presents classification accuracies for the EMLM, L-SVM, and Ridge models across
different evaluation settings, using wrapper-based feature weighting embedded within the classifiers
and evaluated across feature subset sizes up to the 2500 highest-ranked features. Table 2 summarizes
classification performance in LOSO cross-validation on ADReSS, on the separate test dataset, and
in LOSO cross-validation on the extended Pitt Corpus. Because the relationship between feature
subset size and classification performance is non-monotonic, the best observed classification accuracy
was identified by evaluating performance across all feature subset sizes, incrementally increasing the
number of features from one up to 2500.
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(a) LOSO cross-validation (ADReSS dataset).
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(b) Independent test set.
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(c) LOSO cross-validation (extended Pitt Corpus).
Figure 1. Classification accuracy across datasets as a function of feature subset size, using
up to the 2500 highest-weighted wrapper-selected features.
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Table 2. Best classification performance across different datasets.

LOSO cross-validation (ADReSS)
Method Accuracy F1 (Non-AD) F1 (AD) Selected features
EMLM 85.3% 85.4% 85.2% 186
L-SVM 85.3% 85.4% 85.2% 343
Ridge 86.5% 86.5% 86.6% 227

Separate test dataset
Method Accuracy F1 (Non-AD) F1 (AD) Selected features
EMLM 79.2% 79.2% 79.2% 152
L-SVM 79.2% 78.3% 80.0% 348
Ridge 75.0% 75.0% 75.0% 238

LOSO cross-validation (extended Pitt Corpus)
Method Accuracy F1 (Non-AD) F1 (AD) Selected features
EMLM 78.4% 64.8% 84.4% 2103
L-SVM 79.4% 67.4% 84.9% 1785
Ridge 79.7% 69.1% 84.9% 1476

In the ADReSS dataset, EMLM and L-SVM achieved comparable LOSO classification accuracy
(85.3%), with EMLM requiring a smaller feature subset, while Ridge yielded the highest accuracy
(86.5%). On the separate test dataset, EMLM and L-SVM reached the highest accuracy (79.2%),
whereas Ridge showed lower performance (75.0%). On the extended Pitt Corpus, all models attained
similar LOSO accuracy (78.4–79.7%), with Ridge achieving the highest accuracy while relying on
the smallest feature subset. Overall, classification accuracy was higher in LOSO cross-validation on
ADReSS than on the separate test dataset or the extended Pitt Corpus.

Figure 2 shows the confusion matrices for the three classifiers on the extended Pitt Corpus dataset.
Across models, recall for the AD class was consistently high (86.5–88.5%), whereas recall for the
Non-AD class was lower (58.6–66.7%), indicating a higher rate of false positive classifications among
Non-AD subjects. Precision followed a similar pattern, with higher values for the AD class (80.6–
83.4%) than for the Non-AD class (71.7–72.9%). Overall, all classifiers exhibited higher sensitivity
to AD than specificity to Non-AD, with Ridge showing the most balanced precision–recall trade-off

across classes.
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Figure 2. Confusion matrices of the best-performing models, along with class-specific
precision and recall.
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4.2. Statistical estimation of feature subset size

The number of features was estimated separately for each classifier using a one-sided Wilcoxon
signed-rank test (Table 3). In LOSO cross-validation on the ADReSS dataset, all three classifiers
achieved high classification accuracy (80.1–84.0%) when using statistically selected feature subsets.
When evaluated on the separate test dataset, classification performance decreased for all models, with
accuracies of 75.0%, 58.3%, and 64.6% for EMLM, L-SVM, and Ridge, respectively. On the extended
Pitt Corpus, classification performance was lower than on ADReSS but remained relatively stable
across models, with LOSO accuracy ranging from 75.3% to 77.7%. Overall, Wilcoxon-based feature
selection yielded classification performance that was broadly comparable to that obtained through
exhaustive empirical evaluation of feature subset sizes, although some reduction in accuracy was
observed for certain classifiers, particularly on the independent test dataset.

Table 3. Classification performance using features selected with the one-sided Wilcoxon
signed-rank test (α = 0.10) across different datasets.

LOSO cross-validation (ADReSS)
Method Accuracy F1 (Non-AD) F1 (AD) Selected features
EMLM 84.0% 84.1% 83.9% 279
L-SVM 80.1% 80.5% 79.7% 1120
Ridge 84.0% 84.5% 83.4% 642

Separate test dataset
Method Accuracy F1 (Non-AD) F1 (AD) Selected features
EMLM 75.0% 75.0% 75.0% 279
L-SVM 58.3% 56.5% 60.0% 1120
Ridge 64.6% 62.2% 66.7% 642

LOSO cross-validation (extended Pitt Corpus)
Method Accuracy F1 (Non-AD) F1 (AD) Selected features
EMLM 75.3% 60.0% 82.1% 279
L-SVM 77.3% 62.5% 83.7% 1120
Ridge 77.7% 66.7% 83.2% 642

4.3. Feature category enrichment across classifiers

Table 4 summarizes the distribution of acoustic feature categories in the full feature set (N = 6923)
and in the 500 most important features consistently identified across all three classifiers, based on
average feature ranks. Enrichment was defined as the ratio between the relative frequency of a feature
category in the selected feature subset and its relative frequency in the full feature set, reflecting the
relative over-representation (Enrichment > 1) or under-representation (Enrichment < 1) of each
category. Appendix 1 lists the top 100 features ranked by their average ranking position across
classifiers, while Appendix 2 reports classifier-specific counts for the 350 highest-weighted features.

As shown in Table 4, Energy/Loudness, MFCC, Spectral Balance, and Spectral Dynamics features
were over-represented among the selected features common to all classifiers, with Spectral Dynamics
showing the highest enrichment (2.55). F0 (Pitch) features were also moderately over-represented.
In contrast, Auditory Spectrogram, Voice Quality, and Voicing & Temporal Structure features were
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under-represented relative to their original proportions. Overall, these results indicate that spectral- and
energy-related characteristics play a dominant role in discriminative performance across classifiers.

Table 4. Feature category distribution and enrichment across classifiers.

Category All (n = 6923) All models (n = 500) Enrichment
Auditory Spectrogram 2770 125 0.62
Energy / Loudness 184 25 1.88
F0 (Pitch) 168 17 1.40
Formants 12 0 0.00
MFCC 1496 132 1.22
Spectral Balance 1654 158 1.32
Spectral Dynamics 103 19 2.55
Voice Quality 310 17 0.76
Voicing & Temporal Structure 226 7 0.43

4.4. Computational cost

Table 5 shows that EMLM was consistently the fastest method in repeated LOSO model training
across both the ADReSS and extended Pitt Corpus datasets. Its model training time increased
only moderately with the number of features, rising by approximately twofold when increasing
from 500 to 2500 features, whereas the computation times of L-SVM and Ridge regression increased
substantially, particularly with larger feature sets. This advantage is especially relevant in LOSO
validation, where the model must be retrained separately for each subject. In the separate test setting,
computation times were low for all methods (≤ 0.07 s), and thus negligible compared to the repeated
LOSO training runs.

Table 5. Computation time (seconds) for repeated model training and feature selection,
reported as a median (Q1–Q3) over 100 runs. Feature selection times refer to a single 5-fold
feature-weight estimation run. The full repeated procedure consisted of 100 such iterations.

Model training Feature selection
Method 500 features 1500 features 2500 features (5-fold CV)
ADReSS-LOSO cross-validation
EMLM 0.48 s (0.47–0.48 s) 0.64 s (0.64–0.65 s) 0.87 s (0.86–0.87 s) 3.19 s (3.14–3.35 s)
L-SVM 1.20 s (1.19–1.20 s) 5.54 s (5.53–5.55 s) 12.34 s (12.30–12.38 s) 1.67 s (1.61–1.75 s)
Ridge 11.45 s (11.45–11.45 s) 37.11 s (37.10–37.17 s) 55.41 s (55.39–55.43 s) 0.42 s (0.36–0.44 s)
Extended Pitt Corpus-LOSO cross-validation
EMLM 1.62 s (1.61–1.63 s) 2.71 s (2.64–2.74 s) 3.63 s (3.62–3.65 s) –
L-SVM 4.04 s (4.04–4.05 s) 20.34 s (20.30–20.39 s) 47.38 s (47.17–47.59 s) –
Ridge 36.41 s (36.38–36.42 s) 99.71 s (99.45–100.21 s) 167.99 s (167.93–168.27 s) –
Separate test data
EMLM <0.01 s 0.01 s (0.01–0.01 s) 0.01 s (0.01–0.01 s) –
L-SVM 0.01 s (0.01–0.01 s) 0.02 s (0.01–0.02 s) 0.03 s (0.02–0.03 s) –
Ridge 0.01 s (0.01–0.01 s) 0.04 s (0.04–0.04 s) 0.07 s (0.07–0.07 s) –
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5. Discussion and conclusions

This study investigated acoustic-feature-based dementia classification from spontaneous speech
using classifier-based wrapper machine learning models across multiple evaluation settings. On the
ADReSS dataset, all three classifiers achieved strong performance, with Ridge regression yielding the
highest accuracy in LOSO cross-validation, while EMLM and L-SVM showed comparable results.
Performance decreased on the independent test set and the extended Pitt Corpus, reflecting increased
dataset heterogeneity. However, classification accuracy remained relatively stable across models,
suggesting robustness across the evaluated datasets.

Notably, EMLM achieved competitive classification accuracy across all datasets while being
clearly the most computationally efficient classifier in repeated LOSO model training. This finding
is practically important in the present study because the wrapper-based feature selection procedure
involved repeated model fitting to evaluate candidate feature subsets. In this setting, EMLM provides a
favorable accuracy-efficiency trade-off. Although Ridge and L-SVM achieved comparable or slightly
higher accuracies in some settings, EMLM maintained competitive performance with substantially
lower computational cost.

When evaluated on the extended Pitt Corpus, all models maintained stable performance despite the
larger and more heterogeneous sample, supporting the robustness of the proposed approach beyond the
original ADReSS split, although not yet demonstrating generalization to a fully independent corpus.
Compared with previously reported acoustic-only results on the same ADReSS benchmark dataset, the
obtained accuracies fall within a competitive range [63]. Importantly, this performance was achieved
without deep learning architectures, which often require task-specific adaptation, careful fine-tuning,
and increased computational resources [40, 41]. Although multimodal approaches combining acoustic
and lexical features have reported higher accuracy [39, 48, 64–66], many of these methods depend
on more complex model architectures and linguistic information, which may limit interpretability,
scalability, and practical deployment in clinical settings.

In the present study, the number of selected features was determined using a permutation-based
statistical cutoff, as described in Section 3.7 and evaluated in Section 4.2. Similar data-driven
approaches for selecting acoustic feature subsets have been reported in prior work on speech-based
dementia detection. For example, [64] used analysis-of-variance-based selection to identify 393
relevant ComParE features, whereas [66] applied a two-stage selection framework combining
correlation feature selection and recursive feature elimination with cross-validation, resulting in a
reduced set of 54 features and 74.0% accuracy under LOSO validation. Overall, the feature subset
sizes identified in the present study fall within, or slightly above, the broad range reported in earlier
work, reflecting differences in feature representations, selection strategies, and evaluation protocols.

The results indicated that spectral- and energy-related acoustic characteristics were among the most
important contributors to discriminative performance across classifiers. These features capture the
spectral structure of the speech signal and its temporal energy distribution, both of which are associated
with articulation precision, prosodic variation, and the control of speech rhythm and vocal intensity,
as commonly described in acoustic speech analysis literature [67]. Clinical studies have shown that
speech produced by individuals with dementia is characterized by increased pausing, slower speech
rate, and irregularities in rhythm and prosody compared to healthy controls, and that these alterations
are reflected in temporal, spectral, and energy-related acoustic measures [68, 69].
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In the present study, acoustic features were extracted from full recordings rather than from
speech-active segments only. This design choice enabled a compact recording-level representation
while retaining temporal characteristics, such as hesitation and silent pauses, that may otherwise
be excluded in segment-level approaches. Nevertheless, retaining non-speech regions should be
considered when interpreting the results, as some acoustic features may also reflect non-speech-related
cues. In particular, energy- and loudness-related features may partly reflect the proportion and acoustic
properties of silent intervals rather than vocal intensity during speech. Because Energy/Loudness
features were over-represented among the highest-ranked features, future work would benefit from
explicitly comparing non-speech energy distributions between AD and Non-AD groups.

Future research could benefit from increasing the dataset size by including a larger group of
participants, which may improve the reliability of the results. The DementiaBank database from the
TalkBank project includes several corpora, such as the Wisconsin Longitudinal Study (WLS) corpus,
which is a large longitudinal dataset [70]. This dataset contains recordings from the image description
task, as well as multiple scored linguistic tasks that assess word retrieval speed (verbal fluency), short-
term memory, semantic memory, and linguistic reasoning skills.

The Taukadial corpus contains a total of 507 recordings, of which 261 are in Chinese and 246 in
English [71]. Recordings were collected from study participants performing three different tasks: two
picture description tasks and one narrative task. The dataset would enable empirical evaluation of the
cross-linguistic portability of acoustic feature-based machine learning models, such as those proposed
in the present study.

A relevant future direction is to reconsider the formulation of the machine learning task as a binary
classification problem, in which subjects are categorized simply as having dementia or not. This binary
formulation represents a methodological simplification and does not fully reflect clinical practice,
where dementia progresses through distinct stages and cognitive assessment instruments such as the
MMSE, MoCA, and CERAD use predefined score thresholds to support clinical interpretation. If
cognitive test scores were available alongside speech recordings, a more clinically aligned approach
would involve stage-based classification. Alternatively, the task could be reformulated as a regression
problem aimed at directly predicting cognitive test scores. From a screening perspective, higher
sensitivity is desirable, since missed Alzheimer’s disease cases are typically of greater concern
than false positives. The relatively high sensitivity observed especially in the extended Pitt Corpus
experiments (Section 4.1) is consistent with this clinical priority. Overall, these findings support
EMLM as a particularly suitable classifier for acoustic dementia classification, especially when
repeated model training in LOSO validation makes computational efficiency an important practical
consideration.
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Appendix 1. Highest-ranked acoustic features across eighteen feature categories based on
average rankings from three models

Table 6. The 100 acoustic features with the highest average ranks.

Rank Feature Category
1 mfcc sma[7] lpc3 MFCC
2 mfcc sma de[2] peakRangeRel MFCC
3 pcm fftMag spectralRollOff90.0 sma centroid Spectral Roll-Off

4 pcm zcr sma de quartile2 Zero-Crossing Rate
5 mfcc sma de[13] lpc3 MFCC
6 audSpec Rfilt sma de[4] minRangeRel Auditory Spectrogram
7 audSpec Rfilt sma de[4] peakRangeRel Auditory Spectrogram
8 pcm fftMag spectralHarmonicity sma centroid Spectral Centroid
9 mfcc sma[7] lpc2 MFCC
10 pcm fftMag psySharpness sma centroid Spectral Centroid
11 pcm fftMag spectralRollOff75.0 sma centroid Spectral Roll-Off

12 pcm RMSenergy sma de meanSegLen Energy
13 audSpec Rfilt sma[11] upleveltime90 Auditory Spectrogram
14 pcm RMSenergy sma de maxSegLen Energy
15 pcm fftMag spectralCentroid sma centroid Spectral Centroid
16 mfcc sma de[13] lpc4 MFCC
17 audSpec Rfilt sma de[8] upleveltime75 Auditory Spectrogram
18 mfcc sma[6] lpc4 MFCC
19 mfcc sma de[11] peakRangeAbs MFCC
20 pcm fftMag spectralVariance sma centroid Spectral Centroid
21 pcm fftMag fband250-650 sma centroid Spectral Centroid
22 jitterLocal sma de upleveltime25 Jitter
23 mfcc sma[11] peakMeanRel MFCC
24 jitterDDP sma lpc4 Jitter
25 mfcc sma de[4] meanSegLen MFCC
26 mfcc sma de[5] linregc2 MFCC
27 lspFreq sma de[4] quartile2 Line Spectral Pairs (LSP)
28 mfcc sma[12] linregc1 MFCC
29 pcm intensity sma linregc2 Energy
30 mfcc sma[10] max MFCC
31 mfcc sma[14] quartile3 MFCC
32 lspFreq sma de[0] quartile2 Line Spectral Pairs (LSP)

Continued on next page
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Rank Feature Category
33 mfcc sma de[10] upleveltime25 MFCC
34 F0final sma centroid F0 (Pitch)
35 pcm fftMag spectralSlope sma centroid Spectral Centroid
36 pcm RMSenergy sma lpc4 Energy
37 audSpec Rfilt sma de[0] lpc4 Auditory Spectrogram
38 mfcc sma[7] lpc4 MFCC
39 audSpec Rfilt sma de[0] lpc3 Auditory Spectrogram
40 audSpec Rfilt sma[1] stddevFallingSlope Auditory Spectrogram
41 pcm fftMag spectralSlope sma lpc1 Spectral Centroid
42 audSpec Rfilt sma de[0] lpc2 Auditory Spectrogram
43 pcm fftMag spectralSlope sma lpc0 Spectral Centroid
44 mfcc sma[10] linregc2 MFCC
45 audSpec Rfilt sma[1] meanFallingSlope Auditory Spectrogram
46 audSpec Rfilt sma[10] upleveltime90 Auditory Spectrogram
47 pcm fftMag spectralEntropy sma centroid Spectral Entropy
48 pcm loudness sma linregc2 Loudness
49 lspFreq sma[2] minPos Line Spectral Pairs (LSP)
50 pcm zcr sma risetime Zero-Crossing Rate
51 logHNR sma de lpc3 Harmonic-to-Noise Ratio (HNR)
52 voicingFinalUnclipped sma lpc3 Voicing Probability
53 mfcc sma[10] upleveltime50 MFCC
54 pcm fftMag spectralCentroid sma linregc2 Spectral Centroid
55 mfcc sma[7] peakMeanRel MFCC
56 mfcc sma[10] qregc3 MFCC
57 pcm fftMag spectralRollOff90.0 sma linregc1 Spectral Roll-Off

58 mfcc sma[8] lpc3 MFCC
59 lspFreq sma de[2] max Line Spectral Pairs (LSP)
60 mfcc sma de[3] lpc4 MFCC
61 pcm fftMag spectralFlux sma de minRangeRel Spectral Flux
62 pcm fftMag spectralKurtosis sma stddevFallingSlope Spectral Kurtosis
63 audSpec Rfilt sma de[0] lpc1 Auditory Spectrogram
64 mfcc sma[14] upleveltime25 MFCC
65 audSpec Rfilt sma[4] meanRisingSlope Auditory Spectrogram
66 mfcc sma de[8] minRangeRel MFCC
67 audSpec Rfilt sma de[5] skewness Auditory Spectrogram
68 jitterDDP sma de lpc0 Jitter
69 mfcc sma de[8] range MFCC
70 audSpec Rfilt sma de[4] upleveltime25 Auditory Spectrogram
71 audSpec Rfilt sma de[16] upleveltime50 Auditory Spectrogram
72 mfcc sma de[7] linregc2 MFCC
73 audSpec Rfilt sma de[1] lpc4 Auditory Spectrogram

Continued on next page
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Rank Feature Category
74 mfcc sma[8] lpc4 MFCC
75 pcm RMSenergy sma lpc0 Energy
76 voiceProb sma maxPos Voicing Probability
77 audSpec Rfilt sma de[15] stddevRisingSlope Auditory Spectrogram
78 pcm RMSenergy sma de minSegLen Energy
79 mfcc sma de[1] peakRangeRel MFCC
80 audSpec Rfilt sma de[1] lpc0 Auditory Spectrogram
81 audSpec Rfilt sma de[1] lpc3 Auditory Spectrogram
82 audSpec Rfilt sma de[1] lpc2 Auditory Spectrogram
83 pcm RMSenergy sma centroid Energy
84 mfcc sma[1] minRangeRel MFCC
85 pcm fftMag spectralRollOff90.0 sma lpc1 Spectral Roll-Off

86 audSpec Rfilt sma de[2] stddevRisingSlope Auditory Spectrogram
87 pcm fftMag fband1000-4000 sma upleveltime50 Spectral Centroid
88 pcm fftMag spectralRollOff75.0 sma de upleveltime90 Spectral Roll-Off

89 jitterDDP sma de centroid Jitter
90 pcm fftMag spectralSlope sma de peakDistStddev Spectral Centroid
91 mfcc sma de[11] lpc4 MFCC
92 pcm fftMag spectralHarmonicity sma peakRangeRel Spectral Centroid
93 audSpec Rfilt sma de[18] segLenStddev Auditory Spectrogram
94 lspFreq sma[2] quartile3 Line Spectral Pairs (LSP)
95 audSpec Rfilt sma de[1] lpc1 Auditory Spectrogram
96 audSpec Rfilt sma[11] upleveltime75 Auditory Spectrogram
97 audSpec Rfilt sma[5] minRangeRel Auditory Spectrogram
98 audSpec Rfilt sma de[0] lpc0 Auditory Spectrogram
99 pcm fftMag spectralCentroid sma qregc3 Spectral Centroid
100 mfcc sma de[9] peakRangeRel MFCC

Appendix 2. Feature category counts among the highest-weighted features for each classifier

Table 7. Feature counts by category for the 350 highest-weighted features selected by
EMLM.

Category All (N = 6923) EMLM (N = 350) Enrichment
Auditory Spectrogram 2770 86 0.61
Energy / Loudness 184 27 2.9
F0 (Pitch) 168 10 1.18
Formants 12 0 0
MFCC 1496 83 1.1
Spectral Balance 1654 99 1.18
Spectral Dynamics 103 18 3.46
Voice Quality 310 18 1.15
Voicing & Temporal Structure 226 9 0.79
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Table 8. Feature counts by category for the 350 highest-weighted features selected by L-
SVM.

Category All (N = 6923) L-SVM (N = 350) Enrichment
Auditory Spectrogram 2770 93 0.66
Energy / Loudness 184 15 1.61
F0 (Pitch) 168 10 1.18
Formants 12 0 0
MFCC 1496 102 1.35
Spectral Balance 1654 90 1.08
Spectral Dynamics 103 11 2.11
Voice Quality 310 19 1.21
Voicing & Temporal Structure 226 10 0.88

Table 9. Feature counts by category for the 350 highest-weighted features selected by Ridge.

Category All (N = 6923) Ridge (N = 350) Enrichment
Auditory Spectrogram 2770 86 0.61
Energy / Loudness 184 17 1.83
F0 (Pitch) 168 14 1.65
Formants 12 0 0
MFCC 1496 78 1.03
Spectral Balance 1654 130 1.55
Spectral Dynamics 103 4 0.77
Voice Quality 310 9 0.57
Voicing & Temporal Structure 226 12 1.05
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