
p16 Estimate p-value

Intercept 20.9 0.0475

Age -0.00428 0.8660

log MVPA -10.10 0.00703

log DBP 6.94 0.00670

log SBP -5.01 0.0263

log waist -10.8 0.000981

log weight 3.77 0.0399

Model
p-value

0.000301

R-squared 0.470

Adjusted
R-squared

0.386

p21 Estimate p-value

Intercept 24.0 0.0156

Age 6.95x10-5 0.998

log MVPA -10.2 0.00374

log DBP 6.16 0.00851

log SBP -4.08 0.0492

log waist -9.39 0.00182

log weight 2.70 0.1089

Model
p-value

0.000218

R-squared 0.480

Adjusted
R-squared

0.398

With this project, we hope to provide a framework in using data to
make biological aging metrics accessible to everyone. We split our
research topic into three main aspects: (1) using observable health
measurements to estimate p16 and p21 biomarkers, (2) using peer
data to detect at-risk individuals, and (3) providing targetable goals for
biomarker reversal.
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This project uses the dataset from the “Moderate–vigorous
physical activity attenuates premature senescence of immune
cells in sedentary adults with obesity” paper by Xiang-Ke Chen et
al., containing demographic, anthropometric, behavioural, and
cellular senescence variables (in particular, p16 and p21) from 45
adults with obesity and a 12-week MVPA trial for biomarker reversal.

Dataset Overview

Project Introduction

1. Biomarker Estimation Using Observable Factors

MVPA, steps, and waist show the highest
statistical significance.
BMI is significant for p21, but not for p16.

We found that using a combination of MVPA, waist,
blood pressure, weight, and age provides a feasible
and explainable model for individuals at home.

In both models, age is highly insignificant, showing
how lifestyle and physical health play the main role
in determining biological aging.
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Linear regression was selected as the best
model with our training data.

Clear changes in p16 and p21 were
shown from the MVPA intervention
group. The change in waist is most
significant in explaining the change
in p16, especially when the MVPA
intervention is considered.

Due to the low participation in the
intervention, the results should be
for reference only.

Chronological age may not be as
deterministic in biological aging as
lifestyle and physical health

Future expansion with larger trials can
develop accurate biological age
prediction models

Policies promoting physical
activity will help in maintaining a
healthy and long-living society

If you’d like to reuse the data, please contact us at data@cuhk.edu.hk

Using the concept of studentized residuals, a machine
learning model is first trained to predict the expected
p16 value of the individual based on their inputted
traits (in this case: waist, BMI, TNF-α, and MVPA) and
compared against their inputted actual p16 value.

If there is a statistically significant difference (3
standard deviations), then it would be flagged as an
anomaly and the user is suggested to seek medical
attention.

Individually significant variables

Model interpretation

Observations

Model selection

Intervention significance

Data limitations

Methodology
2. Anomaly Detection for At-Risk Individuals

Key Takeaways and Conclusion

3. MVPA Intervention Effect on Aging

More about this project:
https://dsprojects.lib.cuhk.edu.hk/en/projects

/senescence-biomarker/introduction/
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Table 1. p16 Estimation Model
Results.

Figure 1. Individual Anthropometric and Behavioural Variable
Significance in Predicting p16 and p21. 

Figure 2. R² Scores across the Regression Models for p16 Prediction. Figure 3. Sample Individual Studentized Residual Result.

Figure 4. Difference in Delta p16 Between
Control and Intervention Groups. 

Figure 5. Difference in Delta p21 Between
Control and Intervention Groups. 

Figure 6. Individual Anthropometric Variable Significance in Predicting Delta p16 and Delta p21. 

Table 2. p21 Estimation Model
Results.

https://dsprojects.lib.cuhk.edu.hk/en/projects/senescence-biomarker/introduction/
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