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AGEOptimizer: A Novel Multi-Technique Optimization Tool for Enhanced Model 
Prediction and Discovery of Cancer Biomarkers

Andrew Shin

● Problem Statement: Existing age-prediction models often 
suffer from data quality issues, limited generalizability, and 
biases, hindering their clinical applicability.

● Solution: This project introduces AGEOptimizer, a novel 
approach designed to improve the robustness of genomic 
age prediction through various techniques in the data 
selection/preprocessing, model selection, parameters,  

● Application: The study also investigates the potential of 
AGEOptimizer in identifying aging-associated biomarkers in 
Low-Grade Glioma (LGG) tissues.

Conclusions and Future Study

Model Development BenchmarkingData Collection 

● 56,304 genes from bulk-RNA 
sequencing of GTEx v10 
repository

● Data techniques: oversampling, 
normalization, transformation

● Rigorous model selection 
process 

● Overfitting prevention
● (XGBoost) 3-group 

hyperparameter tuning 

● Compared AGEOptimizer's 
model performance against 
standard Neural Network 
architecture using Mean 
Absolute Error (MAE) metrics

Biomarker Discovery

● Volcano plot & Heatmap
● Candidate ranking using Differential 

Expressed Genes (DEGs)
● Literature & BCGene validation

Results

Reference

● Prediction Accuracy: AGEOptimizer achieved a 33.56% 
reduction in overall MAE and a 46.17% improvement in MAE 
for the best-correlating tissues compared to benchmark 
models. (Fig. 2a)

● Tissue Correlation: The Brain Amygdala, Brain 
Substantia Nigra, and Brain Cortex were identified as the 
most correlated tissues for accurate age prediction (Fig. 2b)

● LGG Tissue Analysis: AGEOptimizer predicted the age of 
healthy tissues within a 7% margin but overestimated the 
age of LGG tissues by +26%, indicating that LGG tissues 
exhibit transcriptomic signatures akin to older tissues (Fig. 3)

● Biomarker Discovery: Differentially expressed gene 
analysis confirmed known LGG biomarkers PTPRZ1 and 
MT1X from our dataset. Additionally, potential new 
biomarkers, GPM6A, SKP1, and FXYD6 were identified for 
potential future therapeutic targeting (Fig. 4)

Conclusions: 
● AGEOptimizer significantly enhances decreases the error of 

genomic age prediction and generalizes across multiple data 
types

● Additionally, it can help identify age-related biomarkers in 
LGG tissues through its ability to detect age-correlated 
diseases.

● Helping identify both established and novel biomarkers, 
AGEOptimizer reduces reliance on large disease cohorts for 
accurate biomarker discovery, potentially shaping future 
biomedical treatment strategies.

Future Study:
● Find new techniques / models to improve AGEOptimizer
● Validation of identified biomarker candidates and their 

biological pathways via pathway enrichment analysis
○ This analysis will explore molecular mechanisms of brain 

cancer, potentially allowing the found biomarkers to 
become novel therapeutic targets.

● Aging is a key risk factor for chronic diseases, with 
biological age (BA) reflecting structural and functional aging 
determinants, differing from chronological age (CA)

● Patients with cancer, cardiovascular diseases, and 
neurodegenerative disorders often exhibit significant 
discrepancies between CA and BA. 

● This divergence suggests that such conditions accelerate 
the aging process at the cellular and molecular levels, 
highlighting the need for accurate BA predictions. 

The primary goal of this project is to develop an optimized 
machine-learning model capable of accurately predicting 
biological age by analyzing tissue-specific biomarkers 

(1) Validate Model Performance: Use a benchmark model 
(standard neural network) in order to mark improvements in the 
model. Note that the effectiveness also depends in predicting 
biological age across a wide diversity of tissue types 

Then, the model enables additional objectives to validate its 
accuracy and significance

(2) Identification of optimal tissues for age prediction

(3) Evaluation of if a disease is ‘age-correlated’

(4) Confirming existing and finding new disease biomarkers

Tissue Correlation 
Analysis

● Identified tissues with the 
highest correlation to age 
prediction (lowest MAE error)

Low-Grade Glioma 
(LGG) Analysis

● 506 LGG patient samples
● Normalized: log2(x+0.001)
● ~36,000 mutual gene 

expressions with GTEx 
dataset

FXYD6

Fig 2. (A) AGEOptimizer achieved a 33.56% reduction (B) Brain 
tissues rank highest for age prediction accuracy.
Unpaired T test with Welch’s correction ****p<0.0001

Figure 3. AGEOptimizer Prediction of 
Biological Age in Cancer

Figure 4. Biomarker Analysis: Differentially Expressed Genes in LGG Sample vs Healthy Sample (Identification of High Gene 
Expressions Driven by LGG Disease)

Healthy vs LGG

Figure 2. Prediction Accuracy and Tissues Correlation 

Potential Biomarkers Fig 4. RNAseq analysis of 
15000 mutual gene subset
from 204 healthy samples 
and 506 LGG samples 
(A) Volcano Plot showing 
differentially expressed genes
(B) Heatmap plotting 
candidate potential novel 
biomarkers (GPM6A, SKP1, 
FXYD6)
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Fig 3. AGEOptimizer predicts the age of healthy 
tissues within a 7% margin but overestimates 
the age of LGG tissues by +26%
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Figure 1. Model Development & Hyperparameter Tuning (D)

(A) Optuna Optimization Part I
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Fig 1.(A) Tuning Group 1 (max_depth, min_child_weight) (B) Tuning Group 2 (subsample, 
colsample_bytree) (C) Tuning Group 3 (n_estimators, eta) (D) Best performing model: XGBoost

(B) Optuna Optimization Part II (C) Optuna Optimization Part III
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x axis: log2FC, y axis: -log10(p value)

Advancement of personalized medicine, targeted disease 
monitoring, disease prognosis, and reduction of related risks

Scientific & Medical Impact: 

Age Prediction Models Biomarkers

Computational tools that 
return a sample’s age 

based on data patterns

Measurable indicators of 
biological processes or 

conditions
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