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Abstract
The rapid advancement of Artificial Intelligence
(AI) has accelerated the development of person-
alised healthcare. However, the clinical adoption
of deep learning remains constrained by a persis-
tent “trust gap” surrounding model transparency,
security, and data privacy. This talk presents a
research vision for building trustworthy human-
centred AI in computer audition and biosignal pro-
cessing by integrating signal processing, machine
learning, and healthcare. This vision is structured
around three interconnected pillars: Sensing, Un-
derstanding, and Empowerment. The Sensing pil-
lar focuses on enabling machines to perceive clin-
ically relevant information from biosignals, trans-
forming body sounds and physiological signals into
non-invasive, accessible, and cost-effective win-
dows into human health and well-being. The Un-
derstanding pillar addresses the black-box nature
of modern AI systems, with the goal of ensuring
transparency, efficiency, robustness, and security in
clinical deployment. This is achieved through the
development of explainable AI methods, knowl-
edge distillation techniques, and defences against
adversarial attacks, fostering AI systems that clin-
icians can trust and interpret. The Empowerment
pillar seeks to restore natural communication for
individuals with speech impairments, such as la-
ryngectomy patients. By developing Silent Speech
Interfaces (SSIs) that translate facial muscle ac-
tivity (EMG) directly into audible speech, this re-
search advances speech intelligibility, naturalness,
real-time causal architectures, and multi-speaker
speech synthesis. Collectively, these research di-
rections aim to establish a foundation of trustwor-
thy, human-centred AI that is not only accurate and
secure, but also empathetic, accessible, and impact-
ful, ultimately enhancing healthcare, communica-
tion, and quality of life.

1 Introduction
Digital health is undergoing a profound transformation driven
by recent advances in Artificial Intelligence (AI) [Ren et al.,

2023c; Yeung et al., 2023]. Rather than relying on one-
size-fits-all approaches, AI enables healthcare solutions that
adapt to the characteristics and needs of individual patients.
This progress is made possible by the ability of AI to learn
from heterogeneous data sources, ranging from structured
clinical information (e. g., patient demographics and medi-
cal records) [Juhn and Liu, 2020] to unstructured modali-
ties such as medical images, clinical narratives, speech, and
physiological signals [Xu et al., 2026; Jiang et al., 2024].
For instance, among the many data modalities used in dig-
ital health, speech, audio, and physiological biosignals of-
fer unique advantages. They can be acquired non-invasively,
frequently, and often using low-cost wearable or consumer
devices, making them particularly attractive for continuous
monitoring of physical, cognitive, and mental health. Recent
studies have demonstrated their potential for detecting neuro-
logical disorders [Cummins et al., 2020], cardiovascular dis-
eases [Ren et al., 2024a], respiratory conditions [Ren et al.,
2022a], emotional well-being [Ren et al., 2023a], and other
health-related states. At the same time, the widespread adop-
tion of wearable technologies, including smart watches and
smart glasses, has created unprecedented opportunities for
continuous, real-world health monitoring from these biosig-
nals. By integrating these diverse data streams, AI is paving
the way for more proactive, personalised, and data-driven
healthcare, with applications spanning disease screening, di-
agnosis, patient monitoring, treatment planning, and clinical
decision support.

While AI has demonstrated remarkable potential in digi-
tal health, its translation into routine clinical practice remains
constrained by concerns over reliability, transparency, and
user trust. Clinical decisions often involve high-stakes sce-
narios where inaccurate, biased, or poorly understood pre-
dictions can have serious consequences. Unlike many con-
sumer AI applications, errors in healthcare may directly affect
patient safety and clinical decision-making. Consequently,
healthcare AI should satisfy stricter requirements for reliabil-
ity, robustness, explainability, privacy protection, and fairness
before it can be trusted in real-world practice. Moreover, the
growing complexity of deep learning models, together with
the diverse and noisy nature of healthcare data, makes it in-
creasingly difficult to understand how these systems arrive
at their conclusions. Recent advances [Ren et al., 2023a;
Zhang et al., 2026] in foundation models and multimodal
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Figure 1: Overview of the proposed research framework. The three pillars, Sensing, Understanding, and Empowerment, provide a roadmap
towards trustworthy AI that bridges sensing technologies and future human-centred digital health applications.

large language models are creating unprecedented opportuni-
ties for digital health by enabling knowledge transfer across
diverse data modalities and clinical tasks. However, their in-
creasing complexity further amplifies the need for trustwor-
thy AI principles. Addressing these challenges requires AI
that is not only accurate, but also interpretable, robust, fair,
privacy-preserving, and secure. Building such trustworthy AI
systems is essential for ensuring safe clinical adoption and
fostering confidence among healthcare professionals and pa-
tients.

The overarching objective is to advance trustworthy AI for
human-centred digital health by developing intelligent sys-
tems that transform biosignals into reliable, explainable, and
actionable health insights through non-invasive, accessible,
and affordable sensing technologies. Rather than replacing
clinicians, our goal is to develop AI systems that augment
human expertise by providing reliable evidence, transparent
reasoning, and actionable recommendations while keeping
clinicians and patients at the centre of the decision-making
process. Our long-term vision is to bridge sensing technolo-
gies and clinical decision support, enabling AI systems that
are transparent, robust, secure, and human-centred, thereby
supporting informed clinical decisions and improving patient
care. This paper presents a research vision for trustworthy
AI in digital health through the lens of the authors’ research.
Rather than surveying the entire field, we organise our con-
tributions into a unified framework consisting of three com-
plementary pillars: Sensing, Understanding, and Empower-
ing (see Figure 1). Together, these three themes provide a
roadmap toward human-centred AI systems that are clinically
reliable, widely accessible, and capable of improving health-
care outcomes across diverse real-world settings.

2 Sensing
The first pillar of our research vision focuses on enabling
AI systems to perceive clinically relevant information from
biosignals. Advances in sensing technologies have made it
possible to acquire diverse physiological and behavioural sig-
nals non-invasively and continuously using wearable and con-
sumer devices. These biosignals provide rich biomarkers of

human health, supporting applications ranging from disease
screening and diagnosis to continuous monitoring. In the
following, we highlight our research on speech for mental
healthcare and body sounds for cardiovascular and respira-
tory health.

2.1 Speech-based Mental Healthcare
Speech is a rich source of information that conveys not only
what is spoken through linguistic content but also how it
is spoken through paralinguistic cues. These cues capture
long-term characteristics, such as personality, age, and gen-
der, as well as short-term affective states, including emo-
tion [Schuller and Batliner, 2013]. Recent advances in AI,
ranging from conventional machine learning approaches to
self-supervised speech foundation models and large speech-
language models, have substantially advanced automatic
speech emotion recognition [Schuller and Batliner, 2013;
Ren et al., 2023a; Peng et al., 2024].

Beyond emotion recognition, speech has emerged as a
promising digital biomarker for mental and neurological
health. In our research, speech has been investigated for
recognising mental disorders, including depression [Ringeval
et al., 2019] and bipolar disorder [Ren et al., 2019], as well
as neurological disorders such as Alzheimer’s disease [Cum-
mins et al., 2020]. These studies demonstrate the potential
of speech-based AI to support early screening and objective
assessment of cognitive and mental health conditions through
non-invasive and accessible sensing.

2.2 Body Sounds for Cardiovascular and
Respiratory Health

Compared with physiological biosignals such as electrocar-
diograms (ECGs), body sounds offer a non-invasive, low-
cost, and easily accessible means of assessing human health.
Our research explores the “acoustic dissection” of body
sounds, demonstrating that heart and respiratory sounds con-
tain rich biomarkers for cardiovascular and respiratory condi-
tions [Ren et al., 2024a].

Our work includes the development and benchmarking of
the Heart Sounds Shenzhen (HSS) Corpus, which has pro-
vided a benchmark for AI-based cardiovascular health moni-
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toring [Dong et al., 2019; Schuller et al., 2018]. Beyond con-
ventional abnormality detection, we investigated automated
assessment of heart disease severity using the HSS corpus.
For respiratory sound analysis, our research has focused on
improving the explainability of AI models to enhance their
transparency and facilitate clinical trust. These explainable
AI approaches are discussed in detail in Section 3.1.

3 Understanding
The second pillar of our research vision addresses the “black-
box” nature of AI by developing models that are transparent,
robust, secure, privacy-preserving, and efficient for trustwor-
thy clinical deployment.

3.1 Explainability
The complexity of deep learning models often limits their
interpretability, particularly in healthcare applications where
transparent decision-making is essential. Our research there-
fore focuses on explainable AI to improve the understanding
of model predictions.

Our early work investigated local explanations using at-
tention mechanisms that highlight clinically relevant time–
frequency regions for heart sound analysis, providing intu-
itive visualisations of model decisions [Ren et al., 2022b].
We subsequently extended this idea to global explanations
through prototype and criticism learning for respiratory sound
analysis [Ren et al., 2022a; Ren et al., 2023b; Chang et al.,
2022]. Instead of explaining individual predictions, these
methods identify representative and atypical examples, en-
abling clinicians to better understand model behaviour and
compare new cases with clinically meaningful reference sam-
ples.

More recently, we have explored concept-based explana-
tions by linking intermediate representations of speech foun-
dation models to physically meaningful acoustic cues [Ram-
mohan et al., 2025]. We further validated explainable AI
methods by analysing the acoustic characteristics of regions
highlighted by explanation models [Nasr et al., 2026]. To-
gether, these studies advance explainable AI from prediction-
level interpretation towards a more comprehensive under-
standing of learnt representations.

3.2 Security and Privacy
Ensuring the security and privacy of AI systems is essential
for trustworthy healthcare applications. Deep learning mod-
els are vulnerable to adversarial attacks, where impercepti-
ble perturbations can cause incorrect predictions, potentially
leading to inappropriate clinical decisions. Our research has
therefore investigated both the vulnerability of AI models and
effective defence strategies.

On the offensive side, we developed methods to improve
the transferability and sparsity of adversarial attacks, includ-
ing lifelong learning-based attack generation [Ren et al.,
2020b] and the STAA-Net framework [Chang et al., 2024].
On the defensive side, we proposed adversarial training that
improves model robustness by jointly optimising model pre-
dictions and intermediate representations using adversarial
samples [Ren et al., 2020a]. More recently, we extended

these ideas to federated learning and introduced a two-stage
defence combining adversarial training with inference-time
randomisation [Chang et al., 2026].

Beyond model robustness, our research emphasises
privacy-preserving AI for healthcare. We investigated feder-
ated learning to enable collaborative model training without
sharing sensitive patient data [Chang et al., 2026], and con-
tributed a comprehensive survey on machine unlearning and
privacy-preserving explanations, highlighting approaches for
removing sensitive information from trained models while re-
ducing the risk of data leakage [Nguyen et al., 2025].

3.3 Model Efficiency

Efficient AI models are essential for deploying digital health
applications on resource-constrained devices, such as smart-
phones and wearable sensors. Our research has therefore fo-
cused on improving model efficiency while maintaining high
predictive performance.

We proposed a self-distillation framework that transfers
knowledge from large speech foundation models to com-
pact student models, enabling efficient speech emotion recog-
nition with minimal performance degradation [Ren et al.,
2023a]. To further reduce storage requirements, we in-
vestigated dataset distillation, generating compact synthetic
datasets that preserve representative characteristics of the
original data while reducing memory consumption and mit-
igating privacy risks [Chang et al., 2025].

In addition, we developed lightweight neural architec-
tures based on parameterised hypercomplex neural networks
to reduce model complexity for physiological signal analy-
sis [Basso et al., 2023]. These studies facilitate real-time AI
on edge devices, bringing trustworthy digital health applica-
tions closer to everyday clinical and personal use.

4 Empowerment

The third pillar of our research vision focuses on empower-
ing individuals through AI-enabled communication technolo-
gies. Speech is fundamental to human interaction, yet effec-
tive communication can be compromised in many situations.
Patients with speech impairments, such as those who have un-
dergone a laryngectomy, may lose the ability to communicate
using their natural voice. In addition, healthy individuals may
prefer silent communication to protect privacy in public en-
vironments or to communicate effectively in noisy surround-
ings where audible speech is difficult.

Silent Speech Interfaces (SSIs) offer a promising solu-
tion by enabling communication without audible articula-
tion [Schultz et al., 2017]. Instead of relying on acoustic
speech, SSI technologies recognise or synthesise speech from
alternative biosignals, such as electrocorticography (ECoG),
electromagnetic articulography (EMA), and surface elec-
tromyography (EMG) [Komeiji et al., 2024; Schultz et al.,
2017; Wand and Schultz, 2014]. Among these sensing modal-
ities, our research primarily focuses on EMG because it is
non-invasive, wearable, and well suited for practical daily
use.
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4.1 EMG-based Silent Speech Communication
Benefiting from its non-invasive and wearable nature, sur-
face EMG has become the primary sensing modality in our
research on Silent Speech Interfaces. Our work focuses on
translating facial muscle activity directly into natural and in-
telligible speech.

To advance this field, we developed two publicly available
EMG speech corpora, EMG-Vox [Scheck et al., 2024] and
EMG-VCTK [Scheck et al., 2025], which support research
on cross-speaker adaptation, multi-speaker speech synthe-
sis, and zero-shot voice generation. These datasets pro-
vide a foundation for developing more generalisable EMG-
to-speech systems capable of synthesising speech for both
seen and unseen speakers.

Beyond improving intelligibility, our research has focused
on enhancing the naturalness and practicality of synthesised
speech. We proposed Diff-ETS, which employs diffusion
probabilistic models to generate more natural speech and sig-
nificantly improves subjective speech quality over conven-
tional EMG-to-speech models [Ren et al., 2024b]. To enable
real-world deployment, we further developed the Stream-
ETS causal architecture, achieving real-time EMG-to-speech
conversion with processing latencies as low as 7.72 ms on
GPU for 10 ms EMG segments [Scheck et al., 2023]. To-
gether, these advances move EMG-based silent speech com-
munication closer to practical daily use.

4.2 EMG in Silent Paralinguistics
Existing EMG-to-speech research has primarily focused on
improving speech intelligibility by recovering linguistic con-
tent from biosignals. However, speech also conveys rich par-
alinguistic information, such as emotion, speaking style, and
social intent. To bridge this gap, we introduced the concept
of Silent Paralinguistics [Ren et al., 2025], which extends
Silent Speech Interfaces beyond speech reconstruction to the
recognition of paralinguistic information from biosignals and
expressive speech synthesis.

As an initial step, we developed multimodal recording pro-
tocols incorporating both reading and Wizard-of-Oz inter-
action tasks, and demonstrated that AI models can reliably
recognise affective states, including politeness and frustra-
tion, directly from EMG signals [Pistrosch et al., 2026]. This
research opens new opportunities for more expressive, natu-
ral, and human-centred silent communication systems.

5 Future Insights
The next generation of digital health will be characterised
by continuous, personalised, and human-centred healthcare
enabled by trustworthy AI. Rather than developing isolated
models for individual diseases or sensing modalities, future
research should focus on intelligent systems that integrate
multimodal biosignals, including speech, body sounds, phys-
iological signals, and wearable sensor data, to provide a holis-
tic understanding of human health. Such systems should
be capable of lifelong learning from longitudinal data while
adapting to individual users and evolving clinical conditions.

From the perspective of sensing, future AI systems should
move beyond analysing a single modality toward multimodal

biosignal foundation models that learn transferable represen-
tations across diverse healthcare tasks [Zhang et al., 2026].
Combined with advances in wearable sensing technologies,
these models could enable continuous monitoring of phys-
ical, cognitive, and mental health in everyday environments,
facilitating earlier disease detection and more personalised in-
terventions.

From the perspective of understanding, trustworthy AI
should extend beyond predictive accuracy to encompass ex-
plainability, robustness, fairness, privacy preservation, and
uncertainty awareness. Future research should develop AI
systems that not only provide accurate predictions but also
communicate reliable confidence estimates, explain their rea-
soning in clinically meaningful ways, and remain robust
against distribution shifts, adversarial attacks, and heteroge-
neous real-world data [Wang et al., 2026]. Integrating these
capabilities will be essential for establishing trustworthy AI
that can be safely deployed in clinical practice.

From the perspective of empowerment, intelligent health-
care technologies should increasingly function as collabora-
tive partners that assist both clinicians and patients. In ad-
dition to restoring communication through silent speech in-
terfaces, future systems should recognise richer physiologi-
cal and behavioural information, including emotion, stress,
fatigue, and cognitive states, enabling more natural human-
AI interaction and personalised healthcare support. Ulti-
mately, trustworthy AI [Amadi and Ojo, 2025] should aug-
ment rather than replace human expertise, providing timely,
transparent, and actionable recommendations while keeping
clinicians and patients at the centre of decision making.

Collectively, these research directions point toward a fu-
ture in which trustworthy AI forms a bridge between multi-
modal sensing technologies and clinical decision support. By
combining reliable sensing, transparent understanding, and
human-centred empowerment, AI has the potential to become
an intelligent lifelong healthcare companion that improves
accessibility, quality of care, and quality of life.

6 Conclusion
This paper has presented a research vision for advancing
trustworthy AI in human-centred digital health through three
interconnected pillars: Sensing, Understanding, and Empow-
erment. By enabling machines to perceive clinically rel-
evant information from biosignals, developing AI systems
that are transparent, robust, efficient, secure, and privacy-
preserving, and empowering individuals through intelligent
assistive communication technologies such as EMG-based
Silent Speech Interfaces, these research directions collec-
tively address key challenges that hinder the clinical adoption
of AI. Looking ahead, advances in multimodal foundation
models, wearable sensing technologies, trustworthy machine
learning, and human-AI collaboration will further accelerate
the integration of AI into everyday healthcare. Ultimately, the
goal is to establish trustworthy AI as a bridge between mul-
timodal sensing technologies and clinical decision support,
enabling intelligent systems that are reliable, explainable, ac-
cessible, and human-centred, thereby improving healthcare
delivery, communication, and quality of life.
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