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Introduction

This is a continuation of theAge prediction project. Ourmotivation is to predict a given patient’s

biological age. This can provide great insight into their relative health for their age. In this poster,

we explore the results of Multiple Linear Regression, XGBoost, and Support Vector Regression

using the Caesar Dataset.

Dataset Cleaning

The original dataset contained over 120 variables per patient. After removing

non-essential and redundant features, 94 anthropometric biomarkers were

retained.

Patients with incomplete records were excluded, removing 227 subjects and

leaving 2,164 complete records for model training and evaluation.

The Bust/Chest Circumference Under Bust (mm) measurement was systematically

missing for male patients, so six dataset configurations (combined, male-only, and

female-only, each with and without the under-bust feature) were created to avoid

missing-value issues and support gender-specific analysis.

Multiple Linear Regression with PCA Results

We predict chronological age from anthropometric biomarkers using segmentedMulti-

ple Linear Regression (MLR) via Correlation Analysis and Principal Component Analysis

(PCA)

Preprocess anthropometric biomarkers using correlation filtering, VIF-based

multicollinearity reduction, feature standardization, and PCA (95% variance

retained) within each age group.

Train age-specific Multiple Linear Regression (MLR) models and evaluate

performance using MAE, RMSE, and R2.
Correlation analysis, VIF, and PCA reduce feature redundancy and multicollinearity,

improving model robustness and predictive stability.

Age Group Samples No. of PCs Variance RMSE

0–20 58 17 95.36% 0.56

20–30 539 27 95.20% 2.69

30–40 612 26 95.01% 2.88

40–50 639 27 95.11% 2.87

50–60 396 28 95.05% 2.86

60–70 142 25 95.29% 1.85

The final segmented MLR model achieved an MAE of 2.331 years, an RMSE of

2.746 years, an MSE of 7.538 years², and an R2 of 0.9486, demonstrating strong

predictive accuracy for biological age estimation.

PCA reduced the dimensionality of the biomarker space while retaining

approximately 95% of the variance within each age group.

This pipeline achieved an overall RMSE of 2.75 years and an R2 of 0.9486,
substantially improving upon the initial performance.

MLRwith PCA Results

Figure 1. Segmented MLR w/ PCA Model; RMSE = 2.75 years

This figure compares the predicted biological age with the actual chronological age,

where points closer to the diagonal line indicate more accurate predictions.

XGBoost

Improvements over the original 12.88 RMSE global prediction error from first dataset due to:

Caesar dataset having 4 times as many patients

Splitting sexes removes some physical discrepancy noise that was unrelated to age-based

changes

Hyperparameters tuned via 5-fold CV

Model Error

XGBoost w/ tuned hyperparameters (Males) 8.24 years

XGBoost w/ tuned hyperparameters (Females) 8.66 years

Table 1. Results from XGBoost tests.

Support Vector Regression

Support Vector Regression (SVR) predicts continuous values by fitting an optimal

function within an ε-insensitive margin, where only support vectors influence the

model.

Hyperparameters (C and ε) are optimized using random search, and SHAP values

are used to identify and retain the most important biomarkers.

The final SVR model is combined with K-Means clustering, prediction correction to

reduce regression dilution, and centile deviation analysis to improve predictions

and identify atypical subjects.

Input Result

Whole data set split into 10-year age columns 7.9 years

SHAP tuned model (0.02) 2.4 years

SHAP tuned model with tuned parameters 1.94 years

SHAP tuned model with tuned parameters and tuned SHAP thresholds 1.92 years

New data set with SHAP and K-Means on one age bracket 8.54 years

Table 2. Results of SVR

SVR SHAPwith K-Means with RMSE=8.54 years

Highlighted below are some of the plots from the recent SVR runs

Figure 2. SVR SHAP with K-Means; RMSE=8.54 years

Age Gap versus Centile Deviation

Figure 3. Age gap Vs. centile deviation (Left), Probability density of Age Gap (Right)

Table 3. Results from SVR run output to CSV

PPT ID Actual Age Corrected Gap Centile Deviation

478 42 years -1.5 years -13.9

1745 51 years -11.3 years -24.8

1851 64 years -9.1 years -11.9
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