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I We Can Measure Physiology Everywhere
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Continuous physiological information can now
be collected at an unprecedented scale. &
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The Missing Systems Perspective

Abundant physiological signals

High Inter-Individual
Variability

Context-Dependent
Responses

THE REALITY FILTER

Real-World Noise
& Uncertainty
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Limited system-level
understanding

E Physiological
{é]ﬂ l@' regulation

c @ Subsystem
./ interactions
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& J dynamics

Hidden
@ physiological
states

More signals do not automatically lead to
better physiological understanding.
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 Early Physiological Systems Thinking R EE

xL3 B«
I e (W
Core Idea: Physiology originally viewed as a coupled regulatory |
system governed by feedback and homeostasis. Signals were

- interpreted as indirect manifestations of hidden regulation. 11

E[._} DE
y ntegration Attempt: Early -
Error Control cybernetics and control physiology
Signal Signal attempted to mathematically
INPUT > CONTROLLER |—>1  PLANT OUTPUT connect observable dynamics
- “with internal regulation.
Physiological Measured
Response Variable
FEEDBACK [ E loatmili, = 3
SENSOR |~ Limitation: Physiological systems
could be theorised, but not
| continuously observed.
F= =
| System-level physiological thinking emerged before
L sufficient sensing observability existed. 1l
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T The Rise of Biomedical Signal Processing 1
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Signal Features Physiological System
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Core Idea: As digital sensors emerged, Integration Attempt: Automated Limitation: The physiological system
the focus shifted to extracting statistical diagnostics and early machine learning was bypassed. Signals were treated as
and morphological features from linked signal features directly to clinical mathematical sequences rather than
I_iSﬂlEtEd signal streams. d “endpoints. k ~outputs of interacting biological systems.

K
Physiological observability improved, but signals and _I
systems became increasingly separated. 0
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Toward Computational Physiological Inference

Core ldea: Physiological systems increasingly Perfect
modelled as hidden dynamical processes > Observation A\ <— Computational
underlying observable measurements. Gap/Mechanical 4 | | Model
Failure \
Integration Attempt: State-space modelling, ———
Kalman filtering, and computational :l'> Sparse
physiology attempted to reconstruct internal Real-World |
states from partial observations. Data |

Limitation: Mechanistic complexity _Jl>
exceeded practical sensing capability.

Physiological systems remained only partially observable. Reconstructing
physiology increasingly became a computational inference problem.
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Sparse, lab-based

Why Signals and Systems Never Fully Merged
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Advances in Physiological Sensing and Al

v in the Real World 3
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\__J Chest Patch \
Smartwatch ( .

Smart ring

&)

Data Collection

Radar Sensors Ambient sensors
‘ L.

Cnntlnuuus Raw
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[—': Multimodal Physiological Sensing :—l [_:
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The Booming Development of Al
L _
Machine Deep Learning & Advanced Al &
Learning Representation Learning  Large Models
= _ ‘

Wearables, Ambient, Contactless,
Continuous Data.

Edge Computing, Deep Learning,
Representation Learning, Large Models.

I_[_
I_l_

These two contextual factors created favorable conditions for signal and system integration. |
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Coupled Physiological Systems Under Partial
Observations

ComPUtat'O_“al J Computational Coupling
Coupling Broad Al and mechanistic models
Obsewat'r‘:f‘al " Observational Coupling
Coupling ECG, PPG, IMU, radar, CGM,
_ smart pills, ambient sensing
PhyséOIOQI'FaI " Physiological Coupling
oupiing ANS, cardiovascular, respiration,
- metabolism, thermoregulation, Gl

Signal coupling originates from underlying physiological coupling, and understanding
these interactions requires computational coupling beyond isolated signal analysis.
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Pure Mechanistic
Models

Why Coupling Matters

Pure Data-Driven Al

Interpretability

Low /
Black Box

Real-World Adaptability @
J . Struggles with Struggles with Integrates both
Complexity Handling noise meaning perfectly

Physiological models provide structure. Data-driven Al provides flexibility.
Hybrid Al handles variability, hidden dynamics, and personalization.
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Computational Coupling in Hybrid Al

/

Serial learning @

N

-
=

7

A

=

N

O Mechanistic constraints

Physiolcjgy <> Computational Learning

Kalman filtering and ©
state-space inference

=

2

O Probabilistic coupling

)

Hybrid Al is not a single methodology, but multiple ways of integrating physiological structure into the learning process itself. The key

question is not only how to learn from physiological data, but how physiological structure interacts with computational learning.
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Example I: Serial Learning

Body Centre of Mass (COM) dynamics from wrist-worn sensors.

Target Output: v, (t)

- o ) NCro(®:0)
Description: 4 h
Utilizing a
simplified e\ Kinematic | g
Kinematic Model o/ Equations
(KM) to map wrist
IMU signals to b o
COM acceleration,
followed by
Neural Network f(xo(£); Bg)

Mechanistic loss Ly
M inimize
>
[ 9}1
A

1

<

(NN) components
to

learn residual
nonlinearities.

Target Output:
}’sﬂ-m{t} - h[—xﬂ(t)i EJ':]

Residual loss Lg

Minimize [

p.

-,

A

fan

5.3% t0 9.3%

normalized errors
for gait activities,

3.9% for the sit-

standing activity.
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Example |l: Mechanistic Constraints
PMB-NN for the metabolic—heart rate relationship.

Description:
Embedding explicit
physiological
equations—such as
Stroke Volume (SV) and
Total Peripheral
Resistance (TPR)
functions—directly into
Neural Network
training as a
mechanistic loss
penalty.
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Activity Intensity
(represented by Oxygen Uptake)

VOZ_data LR =

Baroreceptors [«
v — ) : HR .t. (HR) ......................................
»> ea ate :
ANS Sympathetic Fibres - Heart Cardiovascular System
Fed
A + Cardiac Output (CO)
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P Heart
.t (Cardiac Contractility)
(MAP)
Mean Arterial Pressure
g KesEE Total Peripheral Resistance (TPR)
........ e & & = = = = = = = = = = s = = s&s&8&%@%8%%:%248#
represented by Eq. 3

‘.{ Metabolic Regulation } represented by Eq. 4

represented by Eq. 5

o
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 Performance PMB-NN ~ FCNN, PMB-NN >PM.

* Plausibility for HR-V O2 coupling: PMB-NN > FCNN, PMB-NN >PM.

 PMB-NN shows interpretability with identifying personalized

parameters of the PM.

Physiological Plausibility Criterion =
a smooth, monotonic relationship

between HR and VO,
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Example lll: Kalman Filtering and State-Space Inference

PM-EKF for physical activity energy expenditure (PAEE).

Description: A 3-compartment
gas-exchange model
integrated with an Extended
Kalman Filter (EKF) to
adaptively fuse

physiological predictions with
noisy measurements for latent
state inference.

Closed-Loop Respiratory Control Diagram

Muscla Tissue
Compartment
I::.".i'rl..ﬂ-}_-l crr:l..EEI'-;:

Circulation
Compartment

Paripharal
Chamo-
receptors

Eody
Movement

Lung
Compartmeant
Eq_.crz. qu.ca:.-.‘-.. VT,

Respiratory
Controller;
Brainstam

Physiological
Gas-Exchange Model

CoTT Plo, Pico,
: tvr, [
v F

1 L
PM-EKF CNN-LSTM LR
HR No HR HR No HR HR No HR
RQ
Overall Median 0.72 0.76 0.65 0.35 0.52 0.48
Min—-Max | 0.60-0.87  0.63-0.81 | 0.46-0.78 -0.06-0.78 0.23-0.92 -0.00-0.86




Example IV: Probabilistic Coupling

Dynamic Heartbeat Modeling with RNNs and Inverse Gaussian Point Processes (IGP).

- —~

Inverse Gaussian Distribution

i

:: e T {:} A One Cardiac Cycle
Des C rI pt I O n : Utl I'IZI n g Diastole (Filling) Systole (Ejection) & f(T)

Recurrent Neural Networks
to directly learn and identify
the time-varying,
time-varying,
physiologically relevant IGP

T~ 1G(u, A) A\

Right-skewed:
Many normal beats
have filling time
around p, while
some have

lenger filling time.
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Emerging Scientific Questions
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How should physiological and data-driven
models interact during learning?

When does mechanistic structure improve
robustness, interpretability, or personalization?
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Which physiological dynamics should
remain mechanistically modelled, and
which can be learned from data?

Can computational coupling reveal hidden
physiological structure rather than only
improve prediction?
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Toward Physiologically Structured Representations

Can latent representations capture
physiological organization rather
than only statistical similarity?

Can multimodal sensing reveal
shared latent physiological
dynamics?

Can physiological structure emerge
within representation learning?
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Application Domains

Personalized System-Level
Mechanistic Functional Capacity
Health Modeling Assessment
Real-World Longitudinal
Physiological Health Trajectory
Response Monitoring Tracking

Multimodal Physiological
Signal Analysis
(Observation Layer)

To capture and interpret the body’s systemic responses through
multimodal sensing — analysing cross-signal relationships

From Signals to Systems

Endocrine-
Metabolic Signals

®)

Physiological signals and systems are
inherently interconnected: | @@
* enabling computational inference 7.

from external observations toward 4 ‘/:

Biomechanical &
e .
~_——7 Signals

Musculoskeletal
Signals

Recovery, Ageing, and
J Long-Term Health
[ Change

hidden system dynamics, — @
e and ultimately toward deeper

understanding of human oo
physiology and health. i
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Respiratory Signals Integumentary (Skin)

Cardiovascular
Regulation and Blood
Pressure Health

Physical Activity? i
Fatigue, and
Physiological Load

il 4 Metabolic and
Energy Balance
Health




PROFS

Jan Buitenweg
Nociceptive and
Somatosensory
Processing

Monique Tabak
Personalized
eHealth
Technology

Peter Veltink
Human Movement
Sensing and Control

Richard van Wezel
Neuroscience
Central Motor
Control (Radboud U)

Miriam Vollenbroek
Technology-supported
training & coaching (MST)

> (ZGT)

Goos Laverman \

Personalized Technology
in Internal medicine
(ZGT)

Han Hegeman
Trauma Surgery and
eHealth technology
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ASSOCIATE
PROFS

Bert-Jan van Beijt
Smart monitoring
technology for eHe

Jasper Reenalda
Human movement
Analysis and sports

Ciska Heida
Central Motor
Control

Bettina Schwab \

Central Motor
Control

Annemieke Witteveen
Personalized eHealth
Technology for Oncology

/

ASSISTANT
PROFS

Arlene John
Biomedical signal
F  processing, data
L8 fusionand Al

Utku Yavuz -~
Computational _ (h -
Neuromechanics Nggghs

Femke Nijboer
Human-computer
interaction, design and
Smart Coaching

Wendy d’Hollosy

/ eHealth Technology
|~ Data Science & ML

% Anouk

Frank Wouda \

Ambulatory Movement
Sensing

Middelweerd
Tailored coaching
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THANK YOU

From Physiological Signals to Systems

Physiology-centred Hybrid Al
for Personalized Digital Health
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Ying Wang
UTwente BSS

"\/\[’\/‘ Multimodal Sensing | @ Physiology & Systems ‘ . Representation Learning @ Interpretable Al ®) Real-world Impact

e
contact: ying.wang@utwente.nl|
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