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Abstract The research presents the development and test
of a machine learning (ML) model to assess the subjective
well-being of older adults based solely on natural speech.
The use of such technologies can have a positive impact on
healthcare delivery: the proposed ML model is patient-
centric and securely uses user-generated data to provide
sustainable value not only in the healthcare context but also
to address the global challenge of demographic change,
especially with respect to healthy aging. The developed
model unobtrusively analyzes the vocal characteristics of
older adults by utilizing natural language processing but
without using speech recognition capabilities and adhering
to the highest privacy standards. It is based on theories of
subjective well-being, acoustic phonetics, and prosodic
theories. The ML models were trained with voice data from
volunteer participants and calibrated through the World
Health Organization Quality of Life Questionnaire
(WHOQOL), a widely accepted tool for assessing the
subjective well-being of human beings. Using WHOQOL
scores as a proxy, the developed model provides accurate
numerical estimates of individuals’ subjective well-being.
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Different models were tested and compared. The
regression model proves beneficial for detecting unex-
pected shifts in subjective well-being, whereas the support
vector regression model performed best and achieved a
mean absolute error of 10.90 with a standard deviation of
2.17. The results enhance the understanding of the sub-
conscious information conveyed through natural speech.
This offers multiple applications in healthcare and aging,
as well as new ways to collect, analyze, and interpret self-
reported user data. Practitioners can use these insights to
develop a wealth of innovative products and services to
help seniors maintain their independence longer, and
physicians can gain much greater insight into changes in
their patients’ subjective well-being.

Keywords Artificial intelligence - Machine learning -
Natural language processing - Older adult - Subjective
well-being assessment - WHOQOL-OLD, WHOQOL-
BREF - Voice analysis

1 Introduction

Taking care of the aging generation is a societal task that
puts nations around the world under pressure. Older adults
(as per the WHO defined as people 60 + years of age) who
profusely suffer from chronic diseases and declining health
in general need care and attention, which collides with the
trend towards smaller and geographically dispersed fami-
lies, specifically in developed economies. The resulting
situation is alarming: in Germany, around one-third of all
persons over 65 live alone, and this level is expected not to
decrease (Statistisches Bundesamt 2023). Simultaneously,
the number of professional caretakers is continuously
declining (Flake et al. 2018). This is a worldwide
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phenomenon that is not restricted to Germany. As the
global population ages, the subjective well-being of older
adults has gained substantial attention from healthcare
providers, policymakers, and society (United Nations 2019;
National Institute on Aging 2021). This global challenge is
underscored by the United Nations (UN) commitment to
the UN Decade of Healthy Aging objectives, a global ini-
tiative to promote the health and quality of life of older
individuals worldwide, inaugurated in 2021 (World Health
Organization 2023). An individual’s subjective well-being
is a complex multidimensional construct encompassing
physical and mental health, social support, and life satis-
faction (Diener 1984; Cooke et al. 2016).

For most seniors, a key well-being factor is to live a self-
sustained life in their familiar environment for as long as
possible (Dierx 2019). A challenge to this demand is the
general decline of physical and mental abilities as a natural
consequence of aging (Gaertner et al. 2023). Negative
developments might go unnoticed if the traditional weekly
visit or phone call — including the standard question “How
are you doing today?” — is the only external measure of an
individual’s well-being. Indeed, assessing a person’s ‘real’
well-being is difficult as this construct is entirely subjec-
tive. To address this issue, psychologists have developed
and tested numerous measurements based on structured
questionnaires (Cooke et al. 2016). The World Health
Organization (WHO) made a great effort to develop an
internationally validated instrument to measure individu-
als’ perceived quality of life, the WHOQOL (The WHO-
QOL Group 1998b). It was a joint development of 15
international research centers, tested with more than 4,500
participants, and translated into more than 70 languages. It
is generally considered a valid instrument producing ade-
quate results (The WHOQOL Group 1998a; Cooke et al.
2016). The WHO also developed a specialized instrument
to assess the perceptions of senior citizens, the WHOQOL-
OLD (Power et al. 2005), which supplements the general
WHOQOL.

However, although the WHOQOL instruments provide a
comprehensive and dependable assessment of an individ-
ual’s subjective well-being, they are not suitable for fre-
quent use due to the large number of questions (100) the
participants need to answer. Thus, if this assessment could
be done automatically, unobtrusively, and continuously,
relatives and professional caregivers would be able to react
more timely to prevent adverse outcomes in case of
declines in subjective well-being (Artola et al. 2021).
Additionally, professional caregivers are becoming scarce
(Ribeiro et al. 2021; Flake et al. 2018), and the optimal
deployment of these skilled workers is becoming increas-
ingly important for national healthcare systems. The
increasing number of older people in combination with the
decrease in caregivers calls for technological solutions to
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ease the negative impacts of this increasing imbalance
(Martinho et al. 2019; Czaja and Ceruso 2022).

One way to address the aforementioned challenges
could be the continuous automated assessment of seniors’
subjective well-being through natural speech analysis.
Technological advancements in machine learning (ML)
and natural language processing (NLP) have demonstrated
promising potential in deriving subconscious information
from the human voice (Zunic et al. 2020). In the healthcare
context, for example, NLP has been used to analyze patient
feedback, gauge sentiment, and even detect early signs of
diseases from patients’ speech patterns and use of language
(DeSouza et al. 2021; Khanbhai et al. 2021; Beltrami et al.
2018; Perez et al. 2018). Furthermore, within linguistic
research, acoustic phonetics theory, which focuses on the
sounds of speech (Ververidis and Kotropoulos 2006), and
prosody theory, which focuses on elements such as pitch,
duration, and intensity of speech (Hubbard et al. 2017,
Barnes and Shattuck-Hufnagel 2022; Ladd 2008), are
critical for the expression of emotions (Corrales-Astorgano
et al. 2019), and the identification of an individual’s
emotional state (Bhavan et al. 2019; Rusz et al. 2011;
Godino-Llorente and Gomez-Vilda 2004).

However, this research stream has primarily focused on
specific aspects of emotions, such as identifying depression
(Rejaibi et al. 2022; Lin et al. 2020; An et al. 2019), early
signs of diseases from patients’ speech patterns (DeSouza
et al. 2021; Khanbhai et al. 2021; Beltrami et al. 2018;
Perez et al. 2018), or challenges in emotion recognition
among older adults (Schuller et al. 2020), without fully
harnessing the potential of those technologies for the
automated assessment and monitoring of subjective well-
being. By utilizing research on NLP analytic capabilities,
we aim to address the global challenge of healthy aging by
assessing subjective well-being through speech analysis.
Therefore, we formulate the following research question:
How can older adult’s subjective well-being be assessed
from natural speech?

Our work contributes to research on advances in the
automatic assessment of subjective well-being through
ML. We present an innovative, patient-centered model that
uses NLP to enable data-driven care and support for the
aging generation. The model is a novel way to assess a
human’s subjective well-being unobtrusively, continu-
ously, and automatically and could provide family and
professional caretakers with timely and comprehensive
overviews of a senior’s subjective well-being. It could
trigger interventions as needed, thus supporting the optimal
utilization of the scarce resource of professional caretakers.
It would also provide ease-of-mind for family members if
frequent interaction with the senior is not possible, for
instance, due to geographic distance.
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The ML model developed to answer the research ques-
tion is theoretically rooted in subjective well-being theory,
as well as theories of prosody and acoustic phonetics. This
foundation is combined with NLP techniques, including
feature extraction from speech and regression models.
Workshops with stakeholders have been conducted to
derive requirements for the technical solution and ensure
the usefulness of the practical contribution. The training
dataset for the model was created by recording the voices
of German-speaking senior citizens while they completed
the WHOQOL questionnaires. The ML training of the
participants’ voices was calibrated with the results of their
WHOQOL assessment.

In the following, this paper elaborates on the theoretical
basis of this research, provides an overview of the current
state of technological development, and describes the data
collection procedures as well as the methodological
approach of the ML algorithm. Based on the evaluation of
the results, the performance of the ML model is discussed,
and the implications for theory and practice are presented.
The paper closes by explicating its limitations, providing
avenues for future research, and its conclusion.

2 Theoretical Background and Related Work

Our research is positioned at the intersection of subjective
well-being measurement and the computational analysis of
emotion recognition from natural speech. We address our
research question based on three theoretical foundations:
subjective well-being, prosody, and acoustic phonetics.
The integration of these theories poses that the perceived
human well-being is closely connected to a person’s feel-
ings and emotions. These are subconsciously transmitted
through the human voice, which allows NLP methods to
detect and quantify them (Lin et al. 2020). This section
discusses the theoretical foundations and provides an
overview of related research.

2.1 Subjective Well-being

Historically, well-being was defined as the absence of
disease and disability (Cooke et al. 2016). However, in
1948, the WHO stated, “health is a state of complete
physical, mental, and social well-being and not merely the
absence of disease and infirmity” (World Health Organi-
zation 2020). Since then, research on subjective well-being
has received considerable attention, particularly in psy-
chology, and is now moving toward a multidimensional
concept that encompasses an individual’s optimal func-
tioning and satisfaction in various aspects of life (The
WHOQOL Group 1998b). Among the different approaches
to assess subjective well-being, hedonic approaches

emphasize pleasure and happiness, with subjective well-
being as a prominent model consisting of life satisfaction,
absence of negative affect, and presence of positive affect
(Cooke et al. 2016). Furthermore, eudaimonic approaches
to well-being propose that psychological health is achieved
“by fulfilling one’s potential, functioning at an optimal
level” (Cooke et al. 2016), which includes living in a way
that fulfills one’s potential and leads to personal growth
and development (Lent 2004).

While in literature, the terms quality of life and sub-
jective well-being are often used interchangeably, quality
of life researchers conceptualize subjective well-being
more broadly to include hedonic (presence of pleasure,
absence of pain) and eudaimonic perspectives (living a
meaningful and purposeful life) and are based on physical,
psychological, and social aspects (Vik and Carlquist 2018;
Cooke et al. 2016). Following these arguments, we broadly
conceptualized subjective well-being for this study to
include physical, mental, and social dimensions (Diener
et al. 2009; Cooke et al. 2016).

As subjective well-being strongly influences physical
and mental health, resilience, and many more essential
aspects of human life (Ryff 2014; Cooke et al. 2016; Yil-
dirim and Celik Tanriverdi 2020), the WHO put great effort
into developing a standardized measure for it (Huppert and
So 2013; Keyes 2005). In 1998, the WHO presented the
quality of life instruments (WHOQOL) developed in an
international study program, including focus groups with
patients and medical experts worldwide (World Health
Organization 2012). The WHOQOL has the advantage that
it was developed cross-culturally and, therefore, can be
used in international studies without additional adaptations.
This opens avenues for further research, which can enhance
the generalizability of the findings to other languages and
cultural contexts (Cooke et al. 2016). It is widely regarded
as a high-quality patient-centered tool, successfully
assessing individuals’ subjective well-being in different
research areas (Skevington and McCrate 2012).

The instrument comprises four domains: physical, psy-
chological, social relationships, and environment. The
physical domain focuses on pain and energy, the psycho-
logical domain on self-esteem, the social relationships on
personal relationships, and the environmental domain on
safety and financial resources. In this way, the WHOQOL
instrument recognizes that well-being is influenced by
multiple interconnected factors and shaped by the collec-
tive impact of various dimensions (The WHOQOL Group
1998b; World Health Organization 2012).

The WHOQOL is supplemented by a set of specific
instruments like the WHOQOL-HIV, which is calibrated
for people infected with HIV, or the WHOQOL-OLD,
which is context-specific to the subjective well-being of
people over 60 years of age (Centers for Disease Control
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Prevention 2012; World Health Organization 2012). The
WHOQOL-OLD reflects the unique situation and chal-
lenges the older population faces (Diener 1984). The
questionnaire comprises 24 questions across six dimen-
sions: sensory abilities, autonomy, past, present, and future,
social participation, death, and intimacy (Power et al.
2005). It is considered a robust and reliable instrument used
in various countries and contexts, making it an essential
tool in gerontological research (Lucas-Carrasco 2012;
Chachamovich et al. 2008; Conrad et al. 2014).

The WHOQOL is comprised of 100 questions, neces-
sitating considerable time for thoughtful and accurate
responses. Consequently, an abbreviated version known as
the WHOQOL-BREF was developed to address this issue.
It is reduced to 26 questions and generates results with
reliability comparable to the longer WHOQOL (The
WHOQOL Group 1998a). To understand older adults’
well-being, both instruments (WHOQOL-BREF and
WHOQOL-OLD) must be combined (i.e., the participants
must answer both questionnaires). To enhance readability,
we abbreviate the combined use of both instruments as
‘QOLs’ in the remainder of this paper.

2.2 Transmission of Human Feelings and Emotions
via Natural Speech

The human voice expresses both conscious and subcon-
scious information like feelings and emotions (Li et al.
2019). Therefore, the ability to analyze the human voice to
derive the speaker’s subconscious feelings can be a solu-
tion to assess an individual’s subjective well-being in an
unintrusive way through an automated ML algorithm.
Acoustic phonetics and prosody provide the foundation for
extracting the relevant features from speech data via NLP
methods.

2.2.1 Acoustic Phonetic Theory

Acoustic phonetics is the study of the physical properties of
speech sounds, including their production, transmission,
and perception, apart from the actual words spoken
(Ladefoged and Johnson 2014). It focuses on how speech
sounds are formed as air is forced out of the lungs and
examines phonemes’ articulatory and auditory character-
istics, focusing on formants, pitch, intensity, spectral
characteristics, and duration (Ververidis and Kotropoulos
2006). According to previous research, variations in these
features indicate changes in a person’s emotional state,
health condition, or well-being (Godino-Llorente and
Gomez-Vilda 2004; Rusz et al. 2011). For instance, stress
or emotional distress often manifests as changes in the
pitch, intensity, or rhythm of speech (Reiner 2013).
Research has also demonstrated the role of acoustic
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phonetics in identifying emotional states such as sadness,
anger, happiness, and fear (Bhavan et al. 2019; Tariq et al.
2019).

2.2.2 Prosodic Theory

The prosodic theory focuses on central aspects of speech,
including stress, intonation, rhythm, and phrasing (Ladd
2008; Barnes and Shattuck-Hufnagel 2022). It explores
how pitch, duration, and intensity variations shape speech’s
melody, rhythm, and emphasis, conveying linguistic and
affective information (Hubbard et al. 2017). Prosody is
crucial in conveying meaning, expressing emotions, and
structuring discourse (Corrales-Astorgano et al. 2019). For
instance, a change in intonation can turn a statement into a
question. By studying prosodic features, researchers gain
insights into speech’s expressive and pragmatic aspects
(Weed and Fusaroli 2020).

Given the intricate nature of speech and its emotional
content, approaches that incorporate both acoustic phonetic
and prosodic features offer a more comprehensive and
accurate analysis. This multimodal approach, which com-
bines the physical properties of speech sounds (acoustic
features) and the rhythm, stress, and intonation of speech
(prosodic features), is considered more effective and closer
to the natural complexity of human speech (Byun et al.
2021). A multimodal approach allows for a nuanced
analysis of speech, capturing both the linguistic and
affective information conveyed in speech, thereby provid-
ing a more realistic representation of human emotional
expression (Schuller et al. 2020; An et al. 2019).

2.3 Applying NLP to Assess Feelings and Emotions
from Natural Speech

The use of NLP to detect human well-being is a compar-
atively new area of research. This new area presents sig-
nificant interdisciplinary challenges, combining the
complex theories of emotion expression in human speech
(i.e., acoustic phonetics and prosody) with advanced
computational techniques. While the literature has noted
conversational agents and chatbots (e.g., Ahmad et al.
2022) for assessing subjective well-being, human voice
analysis offers a particularly intriguing avenue for research.
Published research focuses on detecting feelings, emotions,
and mental health issues through voice analysis, using
various approaches to capture the complex signals con-
veyed by the speaker’s voice. While these studies differ in
their specific research goals, they collectively contribute to
a broader understanding of how subjective well-being can
be measured non-invasively through natural speech. Three
main research streams have emerged: depression detection,
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speech emotion recognition, and subjective well-being
measurement from speech.

2.3.1 Depression Detection

NLP techniques are used in depression detection due to the
measurable differences in speech signals of depressed
patients, as well as the non-intrusive, remote, and low-cost
nature of speech detection (Rejaibi et al. 2022; Lin et al.
2020). Early studies have focused on elements such as
prosody and spectral analysis, typically paired with con-
ventional ML techniques (Wu et al. 2023). Sanchez et al.
(2011) used prosodic and spectral speech features to
identify differences between healthy and depressed indi-
viduals using a support vector machine (SVM), yielding a
prediction accuracy of over 81%. Even with advanced
techniques, SVMs remained effective in modeling and
classifying acoustic signals that indicate depression in real-
time with an accuracy of 90% (Yalamanchili et al. 2020).
However, more complex ML algorithms, specifically deep
learning, are now used to capture more nuanced features in
speech (Wu et al. 2023). Lin et al. (2020) integrated a
bidirectional LSTM and a one-dimensional convolutional
neural network (1D-CNN) to capture temporal and spectral
features from speech data, leading to greater accuracy in
detecting depression. Their proposed model achieved up to
84% accuracy by employing purely acoustic features. In a
similar vein, long short-term memory (LSTM) models that
utilized mel-frequency cepstrum coefficient (MFCC) fea-
tures were able to recognize patterns indicative of different
levels of depression over time with approximately 76%
accuracy (Rejaibi et al. 2022).

2.3.2 Emotion Detection

Emotion detection from speech, also referred to as speech
emotion recognition (SER), focuses on representing emo-
tions using numerical value feature sets extracted from
speech data (Pentari et al. 2024). ML algorithms, like
SVMs, Decision Trees, or Random Forest, have been used
to detect emotional states from natural speech based on
analysis of the vocal features (Suresh et al. 2023). While
feature sets yield good outcomes, nuances in speech often
lack sufficient representation in such sets (Wang et al.
2015; Pentari et al. 2024). Recent advances in SER have
shown the power of deep learning algorithms for detecting
emotions from speech. Similarly, Tariq et al. (2019)
developed a 2D-CNN to detect seven basic emotions (calm,
happy, sad, angry, fearful, disgust, and surprise) in the
speech of elderly patients, with an overall accuracy of up to
95%. In related research, multimodal approaches using
cascaded LSTM recurrent neural networks (RNN) were
used by Gupta et al. (2022) to detect stressed and

unstressed states of test subjects with an accuracy of 91%.
Schuller et al. (2020) demonstrated the effectiveness of
employing acoustic and prosodic features in a CNN and
LSTM RNN approach to detect arousal and valence from
older adults’ speech samples with 72% accuracy.

Research on emotion detection from speech is still
comparatively young and the proposed feature sets using
statistical and structural information extracted from speech
signals to detect emotional states continuously grows
(Pentari et al. 2024).

2.3.3 Measurement of Subjective Well-Being

Traditionally, questionnaires are used to assess a person’s
subjective well-being. Advances in ML/NLP have led to
increased research activity on the automatic detection of
subjective well-being from speech. However, the number
of published research papers combining complex speech-
emotion theories with computational techniques is com-
paratively small.

Kim et al. (2019) report on an NLP method to assess
human subjective well-being from natural language by
measuring three distinct constructs: anxiety, mood, and
sleep quality. Their algorithm uses a 41-dimensional
supervector of various features such as MFCCs, perceptual
linear prediction (PLP), prosody, and voice quality-related
features. It shows a predictive capacity of 41% for anxiety,
44% for sleep quality, and 38% for mood. Nakagawa et al.
(2020) proposed a promising approach based on a 3D-CNN
to estimate the quality of life of a speaker with an accuracy
of 71%. Unfortunately, no more profound elaboration on
the measurement items is provided in the article, and no
peer-reviewed follow-up work could be located.

3 Requirements for the Technical Solution

Paying attention to the subjective well-being of older
people, especially those who live alone, is essential to
enable them to live independently longer. While it is nat-
ural for everyone to have good days and bad days, close
relatives and designated caregivers of senior citizens need
to notice a steady or sudden decline in subjective well-
being to provide the necessary assistance. Traditionally, the
well-being of another person is assessed through face-to-
face conversations. In today’s societies, however, people
generally meet with each other less than they would like.
Technological solutions can alert family members and
caregivers when a problem arises and trigger an
intervention.

To provide a sustainable and practical impact solution, it
must meet several requirements derived through workshops
with seniors, professional caregivers, and general
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practitioners who treat elderly patients. These requirements
workshops were conducted in a free discussion moderated
by the project team, with no restrictions or boundaries on
the final solution. After collecting these basic requirements,
different technological options were discussed to fulfill the
stated demands. It was concluded that an ML model based
on voice analysis would be the most promising approach—
accordingly, some corresponding requirements needed to
be formulated for this specific technology by the project
team. Table 1 provides an overview of the requirements
based on the different perspectives. These requirements
guided the development of this research’s ML model. A
more profound elaboration on concrete design principles
and the system engineering part of the research is not the
subject of this publication.

4 Study Design and Data Collection

No data set to address the research question is currently
publicly available. Therefore, a new data set had to be
created. Senior citizens were asked to participate in a data
collection exercise to collect the necessary training data.
The tasks were to complete the two QOL questionnaires
(WHOQOL-BREF and WHOQOL-OLD) and participate in
a recorded interview. The inclusion criteria were: (1) over
60 years of age; (2) being able to live independently; (3) no
mental/cognitive challenges.

Before starting the interviews, the study was explained,
questions were answered, and the participant signed the
data privacy agreement. The interviews took between 20
and 86 min (@ = 42). The interviewers asked some warm-
up questions about the interviewees’ lives in general and
their current subjective well-being, followed by the pre-
defined questions of the QOLs. The audio recordings were
cut and labeled with the corresponding QOL scores cal-
culated from the respective QOL questionnaires.

Data collection was conducted from January to June
2023. Volunteers were recruited from local senior circles,
institutions where seniors meet weekly to undertake charity
projects, talk to each other, listen to lectures, and play
games. 32 interviewees, comprising 20 females and 12
males between 60 and 88, participated in this study.
According to the applicable ethics commission’s regula-
tions, no approval was necessary as the risk assessment of
this study indicated no risk or downside potential for the
participants.

5 Model Development

This research discusses the development of an ML model
to detect older adults’ subjective well-being -calibrated to
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the QOLs- from natural language. The model analyzes an
audio file of free speech from an individual and predicts the
corresponding perceived well-being on a scale from 0 to
100 as per the QOLs. This section provides details
regarding data labeling and feature extraction.

5.1 Data Labeling

The interviewees’ responses to the QOLs were used to label
the data. Each participant answered the predefined questions
across the six domains. The answers within each domain
were scored and aggregated into an overall domain value
between 0 and 100, according to the WHOQOL manual,
whereas higher scores indicate better well-being (Conrad
et al. 2016). In the next step, the domain results were
aggregated into one overarching score representing the
individuals’ general subjective well-being. This calculated
subjective well-being score was used to label each partici-
pant’s voice recording. This approach enables a method-
ologically sound evaluation of the individual’s subjective
well-being and allows for corresponding comparisons.

5.2 Feature Extraction

The average length of the free-speech audio files used for
analysis was 30 s, with a sampling rate of 44.100 Hz.
Overall, 18 acoustic phonetic and prosodic features that
theoretically should indicate the speaker’s subjective well-
being were extracted by employing the librosa library
(McFee et al. 2015). This includes one temporal feature, the
differences in speech pauses, and multiple spectral features
(e.g., MFCCs). Prosodic features, such as the speech pauses,
capture speech’s thythm, stress, and intonation. These fea-
tures provide insights into the temporal dynamics of speech
and can be used to detect emotional states in speech
(Khodabakhsh et al. 2015; Rathina et al. 2012; Sanchez et al.
2011).

The feature correlation plot of the 18 extracted features
can be seen in Fig. 1. Those are: the mean of four MFCCs
(0-3 in the correlation plot), the mean and standard devi-
ation of the spectral roll-off (Klapuri and Davy 2006) for
estimating the minimum spectral mass (4 and 5), the mean
of the spectral centroid for estimating the mean of the
spectral mass (6), the mean and standard deviation of four
chromagrams, corresponding to four pitch classes (7-10;
11-14), the number of speech pauses (McFee et al. 2015)
larger than 1.5 times of the median of it (15) and the first
and third quantiles of the fundamental frequencies (de
Cheveigne and Kawahara 2002) of the speakers (16-17). A
complete description of the features can be found in the
Appendix (available online via http://link.springer.com).
Analyzing the correlations, some of the extracted features
are moderately correlated but within the feature classes
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Table 1 Overview of requirements

User experience and interface Monitoring and caregiver usability

Data protection and reliability =~ Technology-specific

requirements
Effortless user experience for Real-time or highly frequent monitoring of =~ Compliance with data Functionality with limited
seniors seniors’ subjective well-being protection regulations audio quality
No additional training Prompt/timely alerts in critical situations Principle of voluntary use Maintenance of accuracy and
required Time-series function for historical analysis ~ User anonymity preservation cost-effectiveness

Consistent user interface

Easy usability for caregivers
independent of updates

Non-intrusive design and seniors

Seamless communication between caregivers

Consistent delivery of accurate [Mmplementation and
and reliable results maintenance feasibility
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13 01 -02 02
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15 00 01 0.1 -00 0.1

16 0.1 m 01 -00 O 03 -06

17 01 -01 -00 01 -01

Fig. 1 Feature correlation plot

only, e.g., the standard deviations of the chromagrams
(11-14). None of the extracted features are strongly cor-
related. Hence, all features add information, none are
duplicates.

The continuous speech signal was divided into discrete
frames of equal length based on the principle of short-time
spectral analysis. Since speech is considered static for 5 to

9 10 11 12 13
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25 ms, a window shift of 23 ms was used, employing a hop
size of 1024 (Logan 2000).

5.3 Model Training

Regression models for forecasting the subjective well-be-
ing from speech data were evaluated: Four classes of

@ Springer
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regression models were considered for the quantitative
estimations of the QOL score. The evaluated regression
models are: Support vector regression (SVR) (Drucker
et al. 1996), Lasso regression (LR) (Tibshirani
1996, 2011), random forest regression (RFR) (Breiman
2001) and XGBoost regression (XGBR) (Chen and
Guestrin 2016). Two of those (RFR and XGBR) are tree-
based ensemble methods that often achieve high perfor-
mances in machine learning competitions, such as those
offered via Kaggle. However, when the data is small
enough, the support vector machines, including SVR,
perform better than the tree-based methods (Drucker et al.
1996; Boser et al. 1992). Lastly, LR is a variant of linear
regression that contains feature selection. Also, SVR and
XGBR implicitly make feature selections but allow for
nonlinear relations between the target, the subjective well-
being score, and input variables.

The models were trained and tested using a group-
stratified shuffle split cross-validation with 60% for the
training data, 40% for the test data, and 100 splits, where
the groups are the participants. This ensures that the
models were trained and tested with different, non-over-
lapping participants.

The hyperparameters of the models were found with a
randomized grid search. Because the four classes of
regression models evaluated mostly have a different set of
hyperparameters, we will not list extensive tables of the
evaluations in this paper but instead focus on describing
which hyperparameters are the best models of each class
(see Sect. 6).

5.4 Bias

A small number of recordings may cause a bias in the
machine learning models, such as assigning identical sub-
jective well-being scores for persons of the same gender.
To avoid this, we tested our data to determine whether the
collected demographic factors (gender, age, relationship
status, and education level) affect the proposed subjective
well-being. For all these factors, we found no statistically
significant dependency.

6 Results

The performance of the regression models was evaluated
using the metrics mean absolute error (MAE) and root
mean squared error (RMSE). While both metrics can be
roughly described as an average deviation from the real
subjective well-being scores, the RMSE is sensitive to
outliers because of the square in the term, while the MAE
is less sensitive to outliers (Chicco et al. 2021). The results
of the regression models are provided in Table 2.

@ Springer

All the evaluated models perform better than random
(‘educated’) guesses. Those guesses were randomly dis-
tributed according to the subjective well-being score pro-
vided by the data. The best-performing model, support
vector regression (SVR), has an increase of about 86%, and
the second-best, the random forest regression (RFR), has an
increase of about 52% in MAE to the random guesses. The
best SVR model employed a radial basis function (RBF)
kernel with a scaled gamma and a regularization value
(typically called C) of 0.5 as hyperparameters, while the
best RFR model had a maximum tree depth of six and a ten
samples minimum tree split. Out of the trained models, the
Lasso regression performed worst but still better than the
random guesses. From this, it can be inferred that the sub-
jective well-being score is not linearly dependent on the
extracted features. This aligns with the finding that SVR and
RFR, both able to capture non-linearities, had higher MAEs.

During the training of the models, the feature impor-
tances were collected utilizing the feature permutation
importances technique (Breiman 2001). The feature
importances for the SVR model can be seen in Fig. 2.

In the plot, 14 of the 18 extracted features are visible and
ranked according to a change in score (here: MAE) when
the features are randomly permutated. The remaining four
features are omitted because their score change was close
to zero. The feature importances show that the best model
used all classes of extracted features (MFCCs, chroma,
speech pauses, spectral centroid, roll-off, and fundamental
frequency) but not all features (e.g., the mean of MFCC 9).
According to the importances, the highest ranks have the
phonetic features (spectral roll-off, seventh and eighth
MEFCC, and the second chromagram), followed by prosodic
features (speech pauses, fundamental frequency). The
feature importances of the second-best model can be found
in the Appendix.

Summarized, the regression model proves beneficial for
detecting unexpected shifts in subjective well-being,
yielding precise numerical estimates of QOL scores, and
excelling in quantitative evaluations. Given the regres-
sion’s predictive power, moderate to small shifts in the
subjective well-being scores can be detected, allowing the
initiation of necessary interventions more quickly in case

Table 2 Regression model results

Model @ MAE @ RMSE

Random (educated) guesses 20.30 £ 1.60 24.80 £+ 1.90
Support vector regression 10.90 + 2.17 14.29 + 2.27
Random forest regression 13.33 £ 2.84 16.64 £ 3.53
XGBoost regression 13.70 £ 2.55 17.02 + 3.14
Lasso regression 17.44 £ 2.59 21.50 + 3.00

Bold values indicate the best regression model results
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Feature permutation importances
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-0.2 0.0 0.2 0.4
score change

Fig. 2 Feature permutation importances of the support vector regression model

of a sudden decline in the individual’s subjective well-
being.

7 Discussion and Contribution

Answering the research question: the proposed ML model
was found to be suitable for accurately assessing the sub-
jective well-being of older adults from natural speech. The
results offer a variety of contributions to theory and
practice.

First, the model shows the capacity to predict an indi-
vidual’s subjective well-being — as calculated by the QOLs
— yielding precise numerical estimates. This supports the
proposition that the human voice (subconsciously) carries
information about how the speaker feels. Acoustic phonetic
and prosodic theories provided theoretical arguments for
the initial proposition, and the model presented confirms it.
Although previous research provides insights into the
automated assessment of various human feelings and
emotions via voice analysis (Ververidis and Kotropoulos
2006), the accurate measurement of subjective well-being,
a complex psychological construct (Diener et al. 2009),
extends our current understanding. Therefore, in a theory-
testing capacity (Gregor and Klein 2014), this research

confirms the subconscious transmission of an individual’s
subjective well-being via natural language.

In a broader theoretical contribution, the findings lay the
ground for an extended handling of the human well-being
construct. As Kjell et al. (2022) discussed, human well-
being is too complex to be measured accurately by closed
questions in a traditional questionnaire. They argue that
open questions are much better suited, although the sta-
tistical calculations become more complex. Given the
advances in ML/NLP, these obstacles can be overcome.
The ML model presented shows a way to assess a speaker’s
subjective well-being even without asking questions,
purely from a person speaking, a novel step toward
reimagining digital health-based tools. This reduces nega-
tive impacts on the participant (from answering the same
questions repeatedly) and enables continuous monitoring as
long as the participant speaks, and the ML model can
capture the voice. These new possibilities open a wide
variety of applications in psychological assessments,
including longitudinal studies with high-frequency data
collection. Due to the larger data sets per individual, lon-
gitudinal data collection will enable much finer-grained
assessments of subjective well-being and the deviations
towards good and bad feelings. This would result in more
accurate information than those we derive from traditional
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questionnaires, including the QOLs. Another benefit is the
possibility of calibrating the instrument towards specific
user groups (e.g., seniors living an active social life vs.
seniors living in isolation).

If deployed to a larger number of participants and with a
longitudinal study layout, the ML model could help
research overcome the traditional obstacle of reliability of
self-reported data. All instruments used today rely on the
data a researcher asks the participants or the participants
provide themselves. The limitations of self-reported data
are well known and include social desirability response
bias, i.e., the desire to respond in a way that is perceived to
be beneficial to the researcher rather than authentically, and
the Hawthorne effect, i.e., a potential behavior change
when aware of being observed (Barata et al. 2022; Ross
and Bibler Zaidi 2019). The presented ML model offers
ways to overcome these limitations, as data collection can
be done continuously over long periods. Over time, par-
ticipants tend to forget about the algorithm, as they do not
interact directly with it. The model is just a silent listener in
the background, and -in the longer run- the participants will
not behave differently from their everyday routines (the
positive side of the Hawthorne effect).

In terms of advancements in digital health, the ML
model provides numerous applications. For instance, the
treatment of patients with chronic diseases if their medi-
cation needs to be adjusted. Contrary to today’s typical
process where the patient visits the physician, for example,
weekly to report on the effect of the new medicine, the
model could do this measurement more frequently, pro-
viding a time series of the patient’s subjective well-being
during this sensitive period until the new medication is
fully adjusted. The healing process of patients outside the
hospital could be monitored more closely, the physical and
mental state of long-term patients (those patients who live
with their illness for years) could be monitored more
effectively and accurately, and new ways to assess the
effectiveness of new medications (evidence-based medi-
cine) are possible. The ML model offers more effective
ways of measurement and more accurate data compared to
the methods used today. Given the advances in data ana-
lytics, the numerous data points could automatically be
captured, aggregated, and visualized in conjunction with
peer groups of patients to benefit treating physicians and
caregivers. It would enable these groups to identify
increases and declines in the patient’s subjective well-be-
ing and unfamiliar patterns and mood swings that may give
reason to increase coverage.

From a commercial point of view, practice can apply the
findings to develop innovative products and services to
benefit the aging generation. It is of critical importance that
societies around the world find solutions to the challenges
of demographic change, leading to more mature adults and
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fewer potential caregivers. The aging society implies that
more and more seniors strive to live independently in their
accommodations. This eases the pressure on senior homes
and facilities while increasing senior citizens’ general
subjective well-being. However, with age comes motoric,
cognitive decline, and chronic diseases. By harnessing the
capabilities of the ML model in creating market-ready
solutions based on the presented model, it is possible to
enable more seniors to maintain their independence longer.

If the ML model is included in a solution that forms part
of seniors’ daily routines, it would be possible to monitor
their subjective well-being continuously. This would give
relatives and friends a better sense of the senior’s subjec-
tive well-being, much better than the standard ‘everything
is good’ one hears on the phone. In case of sudden drops
and significant adverse developments, caregivers and
physicians can take action, and relatives and friends are
encouraged to intensify contact.

8 Limitations, Future Work, and Avenues for Further
Research

The following limitations must be considered when
assessing the ML model’s capabilities: (1) The dataset used
to train the algorithm comprises a comparatively small
number of recordings. Although previous research
demonstrates that small datasets can produce solid results
(Stasak et al. 2021), a larger dataset could increase the
robustness of the findings. (2) Well-being is perceived
subjectively by the individual. Therefore, the limitations of
self-reported data apply. Although the interviews were
conducted carefully to ensure the highest level of scientific
professionalism, it cannot be ruled out that the data is
influenced by social desirability bias or a Hawthorne effect.

8.1 Future Work

Of the research project will focus on strengthening the
algorithm and developing a standalone product for daily
use: (1) Calibrate the algorithm with a larger set of training
data, especially with participants speaking dialect and/or
informants from other geographic regions. (2) Enhance the
technical capabilities of the ML model to work ‘automat-
ically and online’ (i.e., while the person is speaking)
without the need to record the conversation and manually
run it through the analysis cycle. (3) Develop a technology
adoption approach to include the ML model into an older
person’s daily routines so that the voice analysis can be
conducted in the most natural way of conversation. One
could envision a voice assistant or an app frequently
checking an individual’s subjective well-being. Given the
substantial increase in voice interactions on the internet
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combined with the declining motoric capabilities of older
adults, it seems realistic to assume that voice commands
will replace the keyboard as the dominant mechanism for
using devices and apps over the coming years. (4) Develop
the integration of trusted caregivers (relatives, friends,
physicians, professional caregivers, etc.) so that helpful
interventions can be provided when necessary.

8.2 Further Research

Should focus on (1) enhancing the granularity of the pre-
dictive capabilities of the algorithm. Although the QOLs
are reliable instruments, their assessment of the users’
subjective well-being is comparatively coarse. With the
switch from the infrequent physical questionnaire to an
automated, widespread voice-based analysis comes the
possibility of making more observations of the individual,
which could and should result in a much finer assessment
of subjective well-being than possible today. (2) It would
also be promising to conduct longitudinal studies to see
how subjective well-being changes over time and study
those cycles in terms of duration, dynamics of change, and
magnitude for continuous slow declines and sudden drops
in subjective well-being. (3) The use of the WHOQOLSs,
adapted to numerous languages and cultural backgrounds,
allows for replicating the study in other countries.

Table 3 Feature descriptions

Comparing those findings to this dataset could provide
valuable insights into the influence of culture, habits, etc.,
on the perceptions of subjective well-being of older adults
in a multicultural context.

9 Conclusion

This paper presents a successfully tested ML model for
assessing the subjective well-being of older adults, mea-
sured against the WHOQOL-BREF and WHOQOL-OLD
questionnaires, by analyzing the human voice. The pro-
posed model offers new insights for health monitoring and
assessment by analyzing vocal attributes through NLP
methods. By combining subjective well-being theories,
acoustic phonetics, and prosodic theories with NLP tech-
niques, including feature extraction from speech and
regression analysis, the ML model enriches our under-
standing of the relationship between the human voice and
the subjective well-being of the speaker.

Appendix

See (Table 3, Fig. 3).

Feature name Description Category

MFCC_6 Sixth mel-frequency cepstrum coefficient which corresponds to the amplitudes at about Phonetic
1147 Hz

MFCC_7 Seventh mel-frequency cepstrum coefficient which corresponds to the amplitudes at Phonetic
about 1280 Hz

MFCC_8 Eight mel-frequency cepstrum coefficient which corresponds to the amplitudes at about Phonetic
1417 Hz

MFCC_9 Ninth mel-frequency cepstrum coefficient which corresponds to the amplitudes at about Phonetic
1559 Hz

SPECROLLOFF015 Spectral roll-off for estimating the minimum spectral mass (15% roll-off percentage) Phonetic

SPECCENTROID Spectral centroid for estimating the center of the spectral mass Phonetic

CHROMA_O First chromagram out of four, corresponding to pitch class C Acoustic

CHROMA_1 Second chromagram out of four, corresponding to pitch class D# Acoustic

CHROMA _2 Third chromagram out of four, corresponding to pitch class G Acoustic

CHROMA_3 Fourth chromagram out of four, corresponding to pitch class B Acoustic

SPEECH_PAUSE_DIFFS_LI5MEDIAN Number of speech pauses divided by the length of the audio file. Speech pauses were  Prosodic
defined as pauses larger than 1.5 times the median of the diffs between two consecutive
onsets

FUNDAMENTALFREQ Fundamental frequency estimation (F0O) of a speaker Prosodic

The four MFCC features were calculated from the first ten coefficients spread over a frequency range between 500 and 6000 Hz and for a
sampling rate of 44.1 kHz. Various statistics were applied to the features: The mean (MFCC_6_MEAN, MFCC_7_MEAN, MFCC_8_MEAN,
MFCC_9_MEAN, SPECROLLOFF015_MEAN, SPECCENTROID_MEAN, CHROMA_0_MEAN, CHROMA_1_MEAN, CHROMA_2_-
MEAN and CHROMA_3_MEAN), the standard deviation (SPECROLLOFF015_STD, CHROMA_0_STD, CHROMA_1_STD, CHRO-
MA_2_STD, CHROMA_3_STD) and the first and third quantiles (FUNDAMENTALFREQ_Q1, FUNDAMENTALFREQ_Q3). Overall, with
SPEECH_PAUSE_DIFFS_L15MEDIAN included, we utilized 18 features
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Feature permutation importances

MFCC_7_MEAN - |

SPECROLLOFF015_MEAN 4 |

CHROMA_1_STD

MFCC_6_MEAN +

SPEECH_PAUSE_DIFFS_L15MEDIAN -

CHROMA_1_MEAN -|

CHROMA_2_MEAN -

score change

Fig. 3 Feature permutation importances of the second-best model
(random forest regression). All the features that were important for
the second-best model (random forest regression) coincide with the
features important for the best model (support vector regression) with
MFCC_6_MEAN as an exception. MFCC_7_MEAN and CHRO-
MA_1_STD are ranked very high for both models
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