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• What? 

• Why? 

mHealth

Smartphone

Smartwatch

Smart wearables
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- Shortage of medical resources globally

[1] 中国老龄化报告2024_腾讯新闻 (qq.com)

[2] CNNIC：第53次中国互联网络发展状况统计报告 | 互联网数据资讯网-199IT | 中
文互联网数据研究资讯中心-199IT
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99.9% of people in China own a smartphone 

with internet access. The smartwatch market is 

rising rapidly [2]

- Proliferation of mobile health devices

6

▪ About 47% of the global population lacks 
access to adequate diagnostic services 

▪ China is facing the problem of aging
population

https://www.199it.com/archives/1682273.html#:~:text=%E6%88%AA%E8%87%B3%202023%20%E5%B9%B4%2012%20%E6%9C%88%EF%BC%8C%E6%88%91%E5%9B%BD%E6%89%8B%E6%9C%BA%E7%BD%91%E6%B0%91%E8%A7%84%E6%A8%A1%E8%BE%BE%2010.91%20%E4%BA%BF%E4%BA%BA%EF%BC%8C%E8%BE%83,2022%20%E5%B9%B4%2012%20%E6%9C%88%E5%A2%9E%E9%95%BF%202562%20%E4%B8%87%E4%BA%BA%EF%BC%8C%E7%BD%91%E6%B0%91%E4%BD%BF%E7%94%A8%E6%89%8B%E6%9C%BA%E4%B8%8A%E7%BD%91%E7%9A%84%E6%AF%94%E4%BE%8B%E4%B8%BA%2099.9%25%E3%80%82
https://www.199it.com/archives/1682273.html#:~:text=%E6%88%AA%E8%87%B3%202023%20%E5%B9%B4%2012%20%E6%9C%88%EF%BC%8C%E6%88%91%E5%9B%BD%E6%89%8B%E6%9C%BA%E7%BD%91%E6%B0%91%E8%A7%84%E6%A8%A1%E8%BE%BE%2010.91%20%E4%BA%BF%E4%BA%BA%EF%BC%8C%E8%BE%83,2022%20%E5%B9%B4%2012%20%E6%9C%88%E5%A2%9E%E9%95%BF%202562%20%E4%B8%87%E4%BA%BA%EF%BC%8C%E7%BD%91%E6%B0%91%E4%BD%BF%E7%94%A8%E6%89%8B%E6%9C%BA%E4%B8%8A%E7%BD%91%E7%9A%84%E6%AF%94%E4%BE%8B%E4%B8%BA%2099.9%25%E3%80%82


Data mining

Machine learning

Deep learning

Artificial intelligence Outcome

Health management

Disease prevention

General wellness

Smartphones

Wearables

Portable 

medical devices

Location Audio

Heart rhythmMotion

ImageBlood pressure

Health indicators collected by ubiquitous mobile devices

Physiology:

Behavior:

Heart rate

Activity

Emotion

App usage

Symptoms

Sociability

AI-empowered mHealth: 

Pioneering Applications and Overcoming Key Challenges
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Audio-driven respiratory health screening

(KDD’20,NPJ DM’21,NeurIPS’21, KDD’22)

ECG(electrocardiogram)-based 

heart arrythmia detection

(WHI’22, IEEE JBHI’24)

Predicting murmur from heart sound

(CinC’22)

Precise mobility intervention for 

epidemic control

(BigData’21, KDD’22)

Predicting hospital visits from 

individual mobility

(AAAI’20, UbiComp’21)

Dermoscopic image-based skin 

lesion prediction
（KDD FL4Data’23,IEEE JBHI’24) 8
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Cardiovascular mHealth

ConV1D

BN+ReLU

x3

Residual CNN block

MaxPooling 1D

Dense + Softmax

ECGs

Arrythmia types

[3] T. Xia. Reliable and decentralised deep learning for physiological data. PhD Thesis 2024.
[4] T. Xia, J. Han, C. Mascolo. Benchmarking Uncertainty Quantification on Biosignal Classification Tasks under Dataset Shift. Workshop on Health 
Intelligence, AAAI 2022
[5] T. Xia, T. Dang, J. Han, L. Qendro, and C. Mascolo. Class-balanced Evidential Deep Learning for Health Diagnostics. IEEE JBHI 2024 

✓ ACC > 0.78 for 5-class arrythmia (心率不齐) classification

✓ Sensitivity > 0.88 for AF (房颤) detection

10

▪ ECG (electrocardiogram)-based heart arrythmia detection



We are seeing more wearables with ECGs and PPGs!

✓ Affordable 
✓ Anytime and anywhere
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mHealth in containing COVID-19
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Mobility-based mHealth in containing COVID-19

[6] T. Xia^ and A. Ghosh^. Mobility-based Individual POI Recommendation to Control the COVID-19 Spread. IEEE Big Data 2021.
[7]T. Feng, T. Xia, et al. Precise Mobility Intervention for Epidemic Control Using Unobservable Information via Deep Reinforcement Learning. KDD 2022

Quarantine % Exposure %

No intervention 100 100

Lockdown 100 <5%

Expert policy 20% <20%

Ours <5% <1%
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Audio-based mHealth in containing COVID-19

[8] J. Han^, T. Xia^, et al.  Sounds of COVID-19: Exploring Realistic Performance of Audio-based Digital Testing. Nature NPJ Digital Medicine 2022
[9] T. Xia^, D. Spathis^, C. Mascolo, et al. COVID-19 Sounds: A Large-Scale Audio Dataset for Digital Respiratory Screening. NeurIPS Datasets and 
Benchmarks Track 2021 

Can our voices recorded by smartphones be used for 
respiratory infections detection? 

covid-19-sounds.org
30K+ participants

>>> Audio: AUROC of 0.71, Sensitivity of 0.65, Specificity of 0.69
Flow test:  Sensitivity ranges from 0.37 to 0.99

14



The promise of audio-based mHealth

✓ Scalable 
✓ Non-invasive
✓ Sustainable 

15



Audio-based health screening

✓ Asthma diagnose
✓ COPD prediction
✓ Smoking history 

estimation 

✓ Spirometry inference
✓ Vital capacity prediction
✓ Respiratory rate estimation 

Respiratory audio-driven mHealth application 

✓ Crackle prediction
✓ Wheeze prediction
✓ Infection localization

✓ Snoring recognition
✓ Body position prediction
✓ Sleep apnea detection

[10] T. Xia, J. Han, L. Qendro, and C. Mascolo. Exploring Machine Learning for Audio-based Respiratory Condition Screening: A Concise Review of 
Databases, Methods, and Open Issues. JEBM 2022
[11] J. Han, T. Xia, C. Mascolo. Audio-based Sleep Apnea Detection from Tracheal and Ambient Sound Recordings. Under review. 
[12] E. Zhang^, T. Xia^, et al. Towards Open Respiratory Acoustic Foundation Models: Pretraining and Benchmarking. https://arxiv.org/abs/2406.16148
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https://arxiv.org/abs/2406.16148


Are we ready yet?
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Data privacy

Explainability and uncertainty

Biases and fairness

On-device efficiency

Generalizability

… 



How to enable reliable mHealth in the wild?

❑ Challenges: Class imbalanced and model overconfidence 

X X

X

Real distribution for healthy samples (majority distribution)

Real distribution for unhealthy samples (minority class)

Biased classification model

Shallow model Deep model

Deep learning overconfidence

Sensitivity to distributional shiftHealth conditions

#
D

a
ta
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Solution 1: Data-balanced ensemble learning for uncertainty  

▪ Model fusion: 

▪ Model uncertainty estimation: 

❑ Methodology 

[12] T. Xia, J. Han, L. Qendro, T. Dang, and C. Mascolo. Uncertainty-aware COVID-19 Detection from Imbalanced Sound Data. INTERSPEECH 2021

20



Solution 1: Data-balanced ensemble learning for uncertainty  

❑ Results on audio-based COVID-19 detection

5.7% 9.7%

Detection with referralLess biased model

A case study of uncertainty estimates 21



Solution 2: Class-balanced evidential deep learning for uncertainty 

❑ Challenge: on-device efficiency

Evidential deep learning:

Dirichlet distribution

Optimizing the expected cross-entropy

▪ Dataset level:

▪ Instance level:

[6] T. Xia, T. Dang, J. Han, L. Qendro, and C. Mascolo. Class-balanced Evidential Deep Learning for Health Diagnostics. IEEE JBHI 2024 
22



Solution 2: Class-balanced evidential deep learning for uncertainty 

❑ Experiments on three mHealth applications

▪ Competitive accuracy vs. ensemble method

▪ Reduce overconfident predictions by up to 43%

▪ Improve OOD detection by up to 16.1%

▪ Require almost no additional memory and 

computation for uncertainty estimations

[6] T. Xia, T. Dang, J. Han, L. Qendro, and C. Mascolo. Class-balanced Evidential Deep Learning for Health Diagnostics. IEEE JBHI 2024 
23

❑ Conclusions:



How to ensure trustworthy AI for mHealth?

❑ Challenge: Data privacy

Federated learning (FL): 

FedAvg: Local data size

Health conditions

#
D

a
ta

Health data imbalance
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Solution 1: Weighted federated aggregation 

FedLoss (Proposed): 

[13] T. Xia, J. Han, A. Ghosh, and C. Mascolo. Cross-device Federated Learning for Mobile Health Diagnostics: A First Study on COVID-19
Detection. ICASSP 2023

#Data

y=1

y=0

#Data

y=1

y=0

Global distribution

#Data

y=1

y=0

Client 1 Client 2

#Data

y=1

y=0

Client N

…

Larger aggregation weight

Predictive loss of the global model on the local data size

25



Solution 1: Weighted federated aggregation 

❑ Experimental setup

❑ Results

▪ Data set: COVID-19 physiological audio
▪ Clients: 2,368 participants (majority always tested COVID-19 negative)
▪ Training:  30 clients update local models and contrite to the global model per round. Totally 2000 rounds

More efficient

[13] T. Xia, J. Han, A. Ghosh, and C. Mascolo. Cross-device Federated Learning for Mobile Health Diagnostics: A First Study on COVID-19
Detection. ICASSP 2023
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Solution 2: Feature augmentation based local training

Cross-device FL for mHealth:

• Multiple classes

• Small local data size

• Label skew/class imbalance 

Simple weighted aggregation doesn't work

Local model overfitting

Local model drift → Global model suboptimal 

27



Solution 2: Feature augmentation based local training

❑ Methodology - FLea
▪ To address label skew: 

▪ To address local overfitting: 

▪ To protect the privacy of the shared features: 

[14] T. Xia, A. Ghosh, X. Qiu, and C. Mascolo. FLea: Addressing Data Scarcity and Label Skew in Federated Learning via Privacy-
preserving Feature Augmentation. KDD 2024

28



Solution 2: Feature augmentation based local training

❑ Experiments

[14] T. Xia, A. Ghosh, X. Qiu, and C. Mascolo. FLea: Addressing Data Scarcity and Label Skew in Federated Learning via Privacy-
preserving Feature Augmentation. KDD 2024

Original image

Activation

Reconstruction attack

29



How to ensure generalizability for mHealth?

✓ Asthma diagnose
✓ COPD prediction
✓ Smoking history 

estimation 

✓ Spirometry inference
✓ Vital capacity prediction
✓ Respiratory rate estimation 

AI-empowered acoustic mHealth application 

✓ Murmur prediction
✓ Heart abnormity 

detection

✓ Snoring recognition
✓ Body position prediction
✓ Sleep apnea detection

Task specific model  v.s.  One-for-all ?

[12] E. Zhang^, T. Xia^, et al. Towards Open Respiratory Acoustic Foundation Models: Pretraining and Benchmarking. https://arxiv.org/abs/2406.16148

30

https://arxiv.org/abs/2406.16148


Solution: Large-scale unlabeled data pretraining

▪ We curate a unique large-scale (∼136K samples, 440 hours), multi-source (5 datasets), multi-

modal (breathing, coughing, and lung sounds) respiratory audio dataset for foundation model pretraining

31



Solution: Large-scale unlabeled data pretraining

We make everything open for research: 

https://github.com/evelyn0414/OPERA.git

32

✓ Outperform baselines on 16 

out of 19 tasks

✓ Generalizable to unseen data 

and new respiratory audio 

modalities

[12] E. Zhang^, T. Xia^, et al. Towards Open Respiratory Acoustic Foundation Models: Pretraining and Benchmarking. https://arxiv.org/abs/2406.16148

https://github.com/evelyn0414/OPERA.git
https://arxiv.org/abs/2406.16148


What is the future?

Addressing challenges of AI

Data privacy protection

Uncertainty quantification

33

Model generalizability

INTERSPEECH’ 21, IEEE JBHI’24

ICASSP’23, KDD’24

Arxiv’24



➢ Multi-modal mobile data and 

clinical data reunited

➢ Collaboration with doctors to 

define clinical meaningful tasks 

➢ Powerful foundation 

models and LLM agents

➢ Efficient and decentralized 

model fine-tuning

➢ Delivery explainable and 

reliable healthcare on 

personal mobile devices

➢ Intervention effects loop back to improve the system

34
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AI-empowered mHealth brings a better future!
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Electrocardiogram (ECG) -based heart arrythmia detection

ConV1D

BN+ReLU

x3

Residual CNN block

MaxPooling 1D

Dense + Softmax

ECGs

Arrythmia types

✓ ACC > 0.78 for 5-class 
arrythmia classification

✓ Sensitivity > 0.88 for 
AF detection

[3] T. Xia. Reliable and decentralised deep learning for physiological data. PhD Thesis 2024.
[4] T. Xia, J. Han, C. Mascolo. Benchmarking Uncertainty Quantification on Biosignal Classification Tasks under Dataset Shift. Workshop on Health 
Intelligence, AAAI 2022

✓ The promise of detecting 
heart anomality using 
mobile/wearable devices

43



Can ‘our footprints’ tell how healthy we are?

✓ Ubiquitous 
✓ Passive

44



Mobility-based health condition inference

[5] T. Xia, et al. Attnmove: History Enhanced Trajectory Recovery via Attentional Network. AAAI 2021. 
[6] Y. Zhang, F. Xu, T. Xia, and Y. Li. Quantifying the Causal Effect of Individual Mobility on Health Status in Urban Space. UbiComp 2021. 

Using sparse GPS records to 
recover daily mobility patterns

Physical mobility features:

• Radius of gyration
• Standard deviation of displacements
• Distribution entropy of places visited

Contextual mobility features:

• Visit willingness to restaurant, entertainment, sport, scenic 
spot, fast food, and tobacco/liquor shop 

- A health survey conducted in 13 major hospitals covering 2 months in Beijing
- 1056 outpatients paid at least one visit to the hospital 
- 1056 healthy hospital staff
✓ Binary prediction AORUC of 0.8
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1. Motivation and research 

questions

3. Research methods 

and experiments

4. Conclusions and 

future directions

2.3  Evaluation

2. Research background

▪ Confidence-related performance:

▪ ECE (Expected Calibration Error)

▪ Brier score (accuracy of predicted probabilities)

▪ ROC-AUC for distributional shift detection
Confidence

▪ Diagnosis (classification) performance:

▪ Sensitivity (recall) = 
𝑇𝑃

𝑇𝑃+𝐹𝑃

▪ Specificity = 
𝑇𝑁

𝑇𝑁+𝐹𝑁

▪ Accuracy (Acc)  = 
𝑇𝑁+𝑇𝑃

𝑇𝑁+𝐹𝑁+𝐹𝑁+𝐹𝑃

▪ ROC-AUC
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1. Motivation and research 

questions

3. Research methods 

and experiments

4. Conclusions and 

future directions

2.1  Class imbalance and long-tailed learning

2. Technical background

X X

X

Real distribution for healthy samples (majority distribution)

Real distribution for unhealthy samples (minority class)

Biased classification model

Related work - long-tailed learning:

Conditions

#
D

at
a

➢ Data-level method

➢ Up-sampling 

➢ Down-sampling

➢ Augmentations 

➢ Algorithm-level methods

➢ Cost-sensitive loss

➢ Scaling thresholds

➢ Weighted loss

47



1. Motivation and 

research questions

3. Research methods 

and experiments

4. Conclusions and 

future directions

2.2  Uncertainty quantification

2. Technical background
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1. Motivation and research 

questions

3. Research methods 

and experiments

4. Conclusions and 

future directions

2.2  Model overconfidence and uncertainty quantification

2. Technical background

DL overconfident

Related work – Uncertainty quantification:

Evidential deep learning:

49



1. Motivation and 

research questions

3. Research methods 

and experiments

4. Conclusions and 

future directions

3.2  Uncertainty-aware deep learning for multi-class physiological data

2. Research background

❑ Summary

❑ Publications:

1) Xia, T., et al. Hybrid-EDL: Improving evidential deep learning for uncertainty quantification on imbalanced 

data. In Workshop on Trustworthy and Socially Responsible Deep Learning, NeurIPS 2022 (Primary study)

2) Xia, T., et al. Uncertainty-aware health diagnostics via class-balanced evidential deep learning. IEEE Journal 

of Biomedical and Health Informatics J-BHI 2024 (Full study)

❑ Contributions:

❑ Introduced a novel and efficient class-balanced 

EDL for multi-class physiological data

❑ Extensive experiments demonstrate its 

superiority 

❑ Provide a systematic understanding for  a 

reliable automated system for health diagnostics
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1. Motivation and research 

questions

3. Research methods 

and experiments

4. Conclusions and 

future directions

2.3  Data privacy and federated learning

2. Technical background

Related work – Federated learning:
Gathering health data for ML research can 

face privacy problem given the sensitivity of 

personal information

FedAvg: 
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