Predicting Age based on Bio-measurements
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Introduction

Feature-Importance Comparison

= |n previous projects, the Math Consultation Clinic has
predicted anthropometric and body-composition values from
biomarkers. These biomarkers include height, weight, waist
circumference, and left and right thigh circumference.

= |n this project, we are predicting the age of a given patient.
Knowing a patient’s biological age can provide a great insight
into their relative health, when compared to other patients
with similar chronological age (true age).

= |[n the first half of the summer, we worked with a dataset
provided by the Pennington Biomedical Research Center. In
the second half of the summer, we worked with a larger
dataset that we call the Caesar Dataset.

Figure 1. Example of an = The main difference between these two datasets lies in the

avatar from which body size of the datasets. The Caesar Dataset has more patients

measurements are and more measurements than the Pennington Dataset. This

obtained. : : .. : :
gives better results and can provide more insight into which
measurements are most correlated with age.

Correlation- and SHAP-Weighted RBF Models
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Figure 2. Pearson correlation coefficients (left) and mean absolute SHAP importance scores (right).
Correlation measures direct linear biomarker—age relationships, whereas SHAP captures nonlinear
effects and feature interactions.

RMSE Comparison of Weighted-RBF Regression Models

Three kernel regression methods were evaluated for age prediction:

= Support Vector Regression (SVR): fits a nonlinear regression function using support vectors
and an e-insensitive loss.

= Kernel Ridge Regression (KRR): combines ridge regularization with a nonlinear kernel to
control overfitting.

= Gaussian Process Regression (GPR): uses a kernel-defined probability distribution over
possible regression functions.

All three methods use the Radial Basis Function kernel:
K(x;, Xj) = &Xp| =7 Z Wi (ZTiym — xjm)2 ;

where wy, Is the importance assigned to biomarker m.

Correlation and SHAP Feature Weights

Table 1. Root Mean Square Error (RMSE, years) of the six regression models across a single global group. The
models compare correlation-weighted (Corr) and SHAP-weighted (SHAP) radial basis function (RBF) kernels for
Support Vector Regression (SVR), Kernel Ridge Regression (KRR), and Gaussian Process Regression (GPR). The
lowest RMSE within each age group is shown in bold.

Random Forest

Age (Sample Size) Corr-SVR SHAP-SVR Corr-KRR SHAP-KRR Corr-GPR SHAP-GPR

Male (1029) 8.25 7.80 3.18 /.84 11.48 11.48
Female (1135) 3.8/ 3.66 3.8/ 8.53 12.07 12.07
Combined (2164)  8.51 8.45 8.34 8.12 7.98 /.99

= Random Forest is an ensemble learning method that combines multiple decision trees,
where each tree learns decision rules by selecting the best feature splits.

= Hyperparameters, such as the number of trees and maximum depth, are optimized using
random search, and the model is trained on 80% of the data and evaluated on the
remaining 20%.

= The trained model is combined with K-Means clustering, TreeSHAP feature importance, and
centile deviation analysis to group subjects, interpret predictions, and identify atypical
cases.

Below are the results obtained from testing Random Forest.

Model Error (yrs)
11 age brackets 11.6
Tuned hyper-parameters 10.7
Bracketed markers 13.3
Bracketed markers + interactions 12.42
Single model, TreeSHAP + K-means| 9.09

Table 3. Results from RF tests.

Predicted vs Actual Age (RF)

Q2: signed dev vs gap (r=+0.25, age-adj +0.35)
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Figure 3. RF with K-Means on single age bracket:

RMSE = 9.09 years Figure 4. Signed deviation Vs. Age gap

Moving Forward

Least-Squares Support Vector Regression

SHAP measures each biomarker’s
contribution to the prediction:

Pearson Correlation

Measures the linear relationship

between each biomarker and age:
n

p
i—=1(Tim — Tm)(Yi — 9) f(x) =0+ E:l O
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The correlation weights satisfy
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Global SHAP importance is

Corr
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Wm & |Tm| Iy = NZ |¢zm|a w%zHAP X Iy,

In addition to the above models, we used the Least-Squares Support Vector Regression to
predict age. We used 5-fold cross validation for each of the following datasets. WWhen compared
to the Pennington Data from the first half of the summer, we can see that the error has gone
down. This Is due to the number of entries in the Caesar dataset compared to the Pennington
Dataset and the additional measurements taken in the Caesar Dataset.

Input Results (years)
Caesar (Female) 8.37

Caesar (Male) 8.06

Caesar (whole) 8.20

Caesar (whole; no gender) |8.21

Whole Dataset (Pennington) | 11.73

Table 2. Results for the LSSVR with the Caesar dataset compared to the Pennington Dataset.

" Develop a Graphical User Interface (GUI) that allows users to input OBJ 3d scans and receive anthropometric
measurements and predicted biological age.
® Compare the proposed GUI with existing biological age prediction tools developed by other research institutions[1].
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