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Abstract— Toward an automatic health monitoring tool,
we investigate voice analysis technology to extract related
features from speech and to build a machine learning model
for identifying fatigue. We collect voice data and their fatigue
labels through phone calls and then experiment with diverse
machine learning methods using various acoustic and prosodic
features. The models are trained on spontaneous Japanese
speech from participants who are older than 70 years. Each
model and feature shows different performance and the logistic
regression model using x-vectors outperforms other models.

Clinical relevance— This study shows that our proposed
machine learning model can identify fatigue by analyzing voice
and speech with sensitivity at 0.87 and specificity at 0.65.

I. INTRODUCTION

Having a quick and reliable way to assess the health
of a population is important for allocating resources and
services to address the healthcare needs of a community. The
Short Form 36 (SF-36) health questionnaire [1] is one of the
common methods to perform this assessment. It measures
an individual’s perception of their own health in addition
to behavioral tendencies to provide a more comprehensive
picture of an individual’s health. It covers 8 health concepts
such as limitations in physical activities, limitations in social
activities, bodily pain, general mental health, and vitality.

Although SF-36 is a reliable approach to measuring a
health condition [2], the cost of administering SF-36 is
high [3] and repetitive surveys are potentially inefficient to
monitor health conditions. We explore non-invasive voice
processing technology to consistently monitor individuals’
health, especially of older adults. By building a speech-
processing tool, we aim at identifying issues or changes in
health and providing proper actions in time.

In this work, we train different machine learning models
to analyze features derived from voice recordings of senior
citizens in Japan and predict whether they show signs of
fatigue as we ask SF-36 survey. We focus only on one aspect
of the questionnaire because each section of SF-36 tackles
a different aspect of general health and requires different
approaches to predict successfully.

The vitality section of the SF-36 questionnaire captures the
energy and fatigue aspects of health [1]. Fatigue can refer to a
variety of conditions such as sleep fatigue [4], work fatigue
[5], [6], [7] and COVID-19 fatigue [8], [9]. According to
Ware [1], the vitality part of the questionnaire was added to
capture “differences in subjective well-being”.

To our knowledge, no direct research using audio to detect
fatigue based on the SF-36 questionnaire has been done so
far. In the area of sleep fatigue detection, the authors of [4]
collected data from 15 participants and a Support Vector
Machine (SVM) was trained on common audio features such
as F0, Mel-Frequency Cepstral Coefficients (MFCCs), and
loudness. Similarly, for work fatigue detection Krajewski et
al. [5] collected data from 12 participants and common audio
features were used to train an ensemble of machine learning
models such as a linear SVM, logistic regression, decision
trees, and multi-layer perceptrons. COVID-19 fatigue detec-
tion was investigated by Han et al. [8] on a dataset consisting
of 52 participants, where they used common audio features
to train an SVM.

Across existing fatigue research, the usual approach is to
use common audio features to train a shallow machine learn-
ing classifier. Further, the detection of fatigue is typically
treated as a binary classification problem. The shortcoming
of pre-existing work is that adopted datasets are usually quite
small and clear details about how the data are split between
training and testing sets are not precisely specified.

Berisha et al. [10] showed that models built on larger
amounts of data tend to report lower accuracy than the mod-
els using fewer data in the clinical speech machine learning
literature, which can be interpreted as overfitting on smaller
data sets. For this reason, we collect a comparably large data
set for the prediction of fatigue consisting of more than 1500
samples to build reliable models and we compare a variety
of machine learning approaches to this task. Furthermore,
this study is conducted on Japanese speech and our model
uses language-agnostic acoustic features. The final prediction
unweighted accuracy on fatigue is 0.76 and its sensitivity and
specificity are 0.87 and 0.65, respectively.

II. DATA COLLECTION

A. Phone Survey

We collected speech audio samples and self-answered
labels through phone interviews in Japan with senior citizens
beyond the age of 70 years. Trained representatives called
the randomly selected elderly adults to ask them a catalog
of questions if they agreed on the data collection. Previous
research on anxiety and depression had shown that self-
and telephone-administered assessments can be used inter-
changeably [11] as well as in-person interviews [12]. The
representatives were given the interview scripts including
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the list of self-evaluation questionnaires and the example
questions to elicit free speech. The free speech questions
include topics on shopping, housework, job, etc.

B. Fatigue Label

A Japanese version of the SF-36 (36-item Short Form
Survey) questionnaire [13] was asked during the phone call,
and the results of the vitality (energy and fatigue) subsection
were used as the fatigue label. The vitality score ranges
between 0 and 100, where the lower score means more
fatigued. The representatives wrote down the interviewee’s
answers to the itemized questions about vitality. Later, we
generated a binary label Fatigue by cutting off the vitality
score at the 25 percentile (at the score of 50).

C. Data Pre-Processing

We collected the audio files in the uncompressed WAV
format in order to eliminate any potential negative effect of
compression on the final prediction of our models. Since
they were collected through conversations over the phone,
the sampling rate was set to 8 kHz. We obtained de-identified
participant channel audio and performed segmentation by
considering pause duration and the remaining segment dura-
tion. We filtered out all audio segments representing answers
to vitality questionnaires and instead used only free-speech
portions. The filtering was done by several heuristic rules
on the keywords and segment duration. In this study we
focus on the analysis of free speech instead of answers to
questionnaire questions since our product goal is to build a
voice analysis tool for early detection of fatigue from general
speech.

The selected audio segments were concatenated resulting
in one audio sample per phone call. We measured the dura-
tion of voice activity by adding the duration of each spoken
word as determined by ASR (automatic speech recognition),
excluding pauses between words. Although we use full audio
samples including pauses for our analysis, we filtered out
short audio samples based on the voice activity duration.
The statistics over each sample’s voice activity duration are
presented in Table I. Since very short speech samples - the
minimum voice activity duration dmin is just about 3 seconds
- do not contain sufficient information to robustly detect
fatigue from speech, samples whose voice activity duration
was shorter than 20 seconds were removed from the data set.
Out of the 1535 phone calls (samples) that were collected,
236 short audio files were excluded, so the final number of
samples we used for our study was 1299.

III. ACOUSTIC VOICE FEATURES

From the pre-processed audio samples, we generated
various feature sets, both hand-engineered and data-driven,
which serve the subsequent classification and prediction step
as an intermediate input representation. The rationale for this
commonly adopted step in a classification system is three-
fold: first, it serves to extract relevant and eliminate irrelevant
information. Second, it provides a compact representation of
the underlying audio recording, constituting a dimensionality

TABLE I
STATISTICS OF SAMPLE-WISE VOICE ACTIVITY DURATION

Statistical Value Voice Activity Duration [sec]
Mean 69.3
StdDev 49.2
Minimum 3.1
Maximum 429.8
Voice Activity Duration Number of Samples
≥ 40 seconds 1035
≥ 30 seconds 1196
≥ 20 seconds 1299
Total collected 1535

reduction mechanism. And finally, it transforms the variable-
length audio signal into a fixed-sized intermediate represen-
tation required by most classification algorithms. Generally,
acoustic features are different from lexical features in that
they are language-agnostic to a large extent. Yet, especially
data-driven features might still exhibit some language depen-
dency depending on the data they were derived from.

In this study, we compare a number of different feature
sets whose dimensionality (per speech sample) is depicted
in Table II.

TABLE II
FEATURE SETS

Features Dimensionality
Acoustic 1944
Prosodic 33
i-vector (Japanese) 512
x-vector (Japanese) 512
x-vector (English) 512
openSMILE (eGeMAPSv02) 88
openSMILE (Speaker Trait) 5757
openSMILE (ComParE 2016) 6373

These feature sets are defined as follows:

• Acoustic features are calculated on a per-frame basis,
where frames are defined as 25 ms sliding windows
over the audio signal being computed every 10 ms.
For each window, a 36-dimensional vector is calcu-
lated consisting of Mel-Frequency Cepstral Coefficients
(MFCC) [14], Perceptual Linear Prediction (PLP) [15],
and fundamental frequency (F0) features. From the
sequence of these vectors, its first-order and second-
order time derivatives are derived and added to the
base features. Based on a word-boundary Voice Activity
Detector (VAD) of an ASR system, all non-speech
feature segments are subsequently removed. Finally,
18 statistical values such as mean, percentile, slope,
skewness, kurtosis, quartile, etc., are computed per
individual feature across all (speech) frames.

• Prosodic features capture aspects of the modulations
caused by the movement of the human articulatory
organs during speech. They mainly consist of statistics
of the fundamental frequency (F0), energy, and rate
of speech, derived via supra-frame spectral analysis. In



particular, normalized deciles are computed by normal-
izing the deciles of F0 and energy values of a given
speech signal by its first decile, as given by

γi = log(
ϕi

ϕ1
), i ∈ {2, 3, 4, · · · , 9} (1)

where ϕi denotes i-th decile. Besides, the minimum and
maximum values of the F0 and energy over the full
audio signal are added to the feature set. In addition, as a
measure related to speech rate the rhythm of the acoustic
energy pattern is analyzed, resulting in features repre-
senting the duration and number of syllables, pauses,
speech segments, phonation, articulation, and average
speaking duration (ASD).

• I-vectors are data-driven low-dimensional speech repre-
sentations based on factor analysis using Gaussian Mix-
ture Models (GMM) [16] and were originally invented
for the purpose of robust speaker recognition [17]. They
effectively constitute a fixed-sized representation of a
variable-length audio signal and are trained on a data
corpus in a supervised fashion. Since no pre-trained
8 kHz models are publicly available, we trained an i-
vector model on the Corpus of Spontaneous Japanese
(CSJ)1 [18] and the Callhome Japanese corpus [19].

• X-vectors were proposed as an improvement over i-
vectors and are built using a deep neural network
(DNN) [20]. They, too, are trained in a supervised, data-
driven fashion and return a fixed-sized representation
of a variable-length input. In our study we used a
publicly available English x-vector model2 trained on
8 kHz audio data from several data sets including
Switchboard [21], Mixer 6 [22] and NIST SREs [23].
In addition, we trained our own x-vector model for
Japanese on the CSJ and Callhome Japanese corpora,
similar in spirit as for the i-vector model above.

• openSMILE features originate from the research area
of voice-based Paralinguistics [24]. In our study,
we investigate three different feature configurations:
eGeMaps [25], ComParE 2016 [26], and Speaker
Trait [27], each computed using the openSMILE 3.0
package [24]. These features are derived from frame-
based, low-level audio descriptors, similar to the acous-
tic features described above, but undergo an additional
application of a large number of functionals (e. g. mo-
ments, extrema, percentiles, peaks, and valleys, etc.),
resulting in a single feature vector per audio signal [28].

IV. MODEL ARCHITECTURES

We built binary classification models predicting the fatigue
label as defined by the vitality score in SF-36. Various model
architectures were explored including Logistic Regression
(LR), Support Vector Machine (SVM), Random Forest (RF),
as well as a fully connected deep neural network (DNN-FC).

The fully connected DNN model was built using Ten-
sorflow [29] adopting hyperband search [30] to tune the

1https://clrd.ninjal.ac.jp/csj/en/index.html
2https://kaldi-asr.org/models/3/0003 sre16 v2 1a.tar.gz

hyperparameters such as layer depth, hidden layer size, and
drop-out rate while monitoring the performance on the de-
velopment set. We used the Adam optimizer with an inverse
time decay learning rate and a batch size of 16 for 100 epochs
with early stopping. Each layer applies a Rectified Linear
Unit (ReLU) activation function, except for the last layer,
which uses the Sigmoid function. The remaining (shallow)
models were implemented using scikit-learn [31], namely
an SVM with a Radial Basis Function (RBF) kernel and
a Random Forest classifiers consisting of 100 trees in the
forest. All models apply different class weights computed
from the training data distribution, with values of 1.91 for
fatigue and 0.67 for non-fatigue.

V. EXPERIMENTS

A. Training

As described in Section II-C, we used 1299 samples whose
voice activity duration is longer than 20 seconds and split the
data randomly into 3 groups, namely training, development
and test; the distribution over the number of samples for
each group is shown in Table III. We trained various models
on the training set by tuning the hyperparameters using the
development set and reported the final performance on the
prediction result on the test set.

TABLE III
DATA SPLIT DISTRIBUTION

Data Set Fatigue Non-Fatigue
Train 306 829
Dev 21 63
Test 15 65

B. Evaluation Metrics

We measured the sensitivity and specificity along with
the accuracy (Acc). The sensitivity is the correct prediction
rate of the positive label (fatigue) and the specificity is the
correct prediction rate of the negative label (non-fatigue).
We also report the unweighted accuracy (UA), which is the
average of sensitivity and specificity, i. e. the respective class
recalls. One benefit of reporting the unweighted accuracy
is that we can perform a fair comparison when the label
distribution is imbalanced, because the model’s chance UA
is always 0.5 regardless of the label distribution. Similarly,
we use the Area-Under-The-(ROC)-Curve (AUC) to measure
the models’ performance considering the trade-off between
sensitivity and specificity based on a threshold on the pre-
diction probability.

C. Results

We report the classification model performance for each
model architecture and feature set. Figure 1 shows the
accuracy and the unweighted accuracy per model.

The linear regression model using the x-vector (x-vec)
features showed the highest UA. Interestingly, its x-vector
features were pre-trained on English corpora and it even
outperformed the models using x-vectors pre-trained on



TABLE IV
BEST MODEL PERFORMANCE FOR EACH FEATURE SET

Features Model Architecture Accuracy UA Sensitivity Specificity AUC
Acoustic fully-connected DNN 0.73 0.60 0.40 0.80 0.62
Prosody fully-connected DNN 0.51 0.52 0.53 0.51 0.53
i-vector (JP) Support Vector Machine (SVM) 0.75 0.69 0.60 0.78 0.69
x-vector (JP) fully-connected DNN 0.70 0.66 0.60 0.72 0.72
x-vector (EN) Logistic Regression (LR) 0.69 0.76 0.87 0.65 0.76
openSMILE (eGeMaps) Logistic Regression (LR) 0.65 0.68 0.73 0.63 0.66
openSMILE (Speaker Trait) Support Vector Machine (SVM) 0.59 0.54 0.47 0.62 0.54
openSMILE (ComParE 2016) Random Forest (RF) 0.82 0.63 0.33 0.93 0.68

Fig. 1. Model Performance per Feature

Japanese corpora. The same behavior was observed in the
support vector machine, but not in the DNN model. It could
be related to the fact that the number of speakers in the
English training corpora is larger than the number of speakers
in the Japanese training corpora, so the generated x-vectors
are presumably more reliable. The support vector machine
model using i-vectors performed as well as the x-vector
linear regression model and showed higher accuracy and
lower UA. The DNN model’s accuracy was decently high
for acoustic and x-vector features. However, the random
forest model failed to perform well for most feature sets. The
openSMILE (OS) features performed differently depending
on the feature configuration, and the eGeMAPs configuration
(OS G) performed higher than the other configured openS-
MILE feature sets.

The best-performing model architectures and their eval-
uation results for each feature set are shown in Table IV.
The logistic regression model using an English x-vector
achieved an accuracy of 0.69 and an unweighted accuracy of
0.76, where the sensitivity and specificity are 0.87 and 0.65
respectively. Since our goal is to identify people suffering
from fatigue, we prefer the best sensitivity model, however,
the support vector machine model using i-vector is also
promising by showing higher accuracy (0.75) and higher

specificity (0.78).
One of the challenges of this experiment is extracting

features from phone conversations that often contain sit-
uations of distraction and many short answers. Although
the representatives ask questions to elicit free speech, the
answers vary for each individual in terms of audio length
and answer quality. To obtain long enough voice data in our
experiment, we concatenated several short segments as input
data (described in Section II-C), which could potentially add
artifacts on the linked part of two segments. In the future, we
will explore how to analyze segments with various lengths
separately and together while minimizing the input artifacts.

Our experiment result shows that each model’s perfor-
mance strongly varies across the respectively adopted model
architecture given a specific feature set. Identifying fatigue
from speech is not a straightforward task because the acoustic
patterns are sparse. Given the sparse features, the model
performance is much affected by the training data set and
model architecture. We conjecture that more data would help
to learn all the patterns more robustly. Further, based on the
fact that the x-vector model pre-trained on the English cor-
pora performed well, we will investigate the more advanced
domain adaptation methods where we can use the English
resource efficiently.

Yet the experiments of this study show that we are able
to achieve an encouraging result in predicting a subjective
fatigue label from noisy speech data. We will explore how
to analyze best the actual conversations and interactions in
phone calls and how to apply voice analysis technology to
self-assessment answers in a mobile application.

VI. CONCLUSIONS

In this study, we investigated different machine learning
model architectures to identify fatigue from spontaneous,
free speech exploring various different acoustic, prosodic,
and data-driven features, namely logistic regression, support
vector machines, random forests, and a fully-connected DNN
models. We found that not all models and feature com-
binations yield high-accuracy predictions, but by adopting
a logistic regression model using x-vectors pre-trained on
English corpora, we achieved promising results obtaining a
sensitivity of 0.87 and a specificity of 0.65. In the future,
We plan to explore more powerful features and sophisticated
model architectures to increase the robustness of the predic-
tive model to identify fatigue from speech.
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