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Aging is a biological decline in the body, gradually impairing cellular function and raising susceptibility to disease. While
age-prediction models can aid in the diagnosis and treatment of different medical conditions, many are hindered by poor data
quality, lack of generalizability for a wide variety of samples, and inherent biases, reducing the confidence of applications in
real-world situations. To address this issue, AGEOptimizer seeks to enhance the robustness of genomic age prediction through
improved data preprocessing, progressive hyperparameter tuning, and rigorous model selection. Compared with the baseline
XGBoost model evaluated in this study, AGEOptimizer reduced overall mean absolute error (MAE) by 12.37% and reduced
MAE by 46.17% in the best-performing tissues. In the GTEx dataset, AGEOptimizer achieved its lowest prediction error in the
brain amygdala, substantia nigra, and cortex. While AGEOptimizer predicted healthy tissue age with low error, predicted ages
for low-grade glioma (LGG) samples were approximately 26% greater than their chronological ages. This difference suggests
that LGG samples may share transcriptomic features with healthy tissues from older individuals. Overall, AGEOptimizer
improved transcriptomic age prediction across the datasets examined in this study. Although additional validation using
independent datasets is needed, these results suggest that systematic optimization can improve transcriptomic age-prediction
performance.
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Introduction1

Aging in humans is the temporal change in the body’s func-2

tions to meet physiological demands1. Thus, it is also the3

main risk factor in many prevalent diseases such as cancer,4

cardiovascular disease2, and neurodegeneration3,4. These5

conditions are classified as age-related diseases due to their6

strong association with transcriptomic changes and increasing7

incidence with age3–5. Therefore, understanding how aging8

contributes to disease risk has important implications for both9

biological research and clinical medicine.10

The widespread use of high-throughput RNA sequencing11

has produced large transcriptomic datasets from many human12

tissues6. These datasets have enabled researchers to study13

age-related changes in gene expression and develop models14

that predict biological age from transcriptomic profiles rather15

than chronological age alone7–11. Early transcriptomic aging16

studies demonstrated that gene expression profiles could be17

used to estimate chronological age across multiple tissues9–11,18

while more recent studies have improved prediction accuracy19

using machine-learning methods trained on large transcrip-20

tomic datasets12,13.21
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Predicting biological age from transcriptomic data remains 22

challenging. Gene expression datasets contain tens of thou- 23

sands of genes, and expression patterns vary across tissues. 24

Differences in preprocessing methods, feature-selection ap- 25

proaches14–16, and optimization procedures17–19 also make it 26

difficult to compare results across studies. In addition, the 27

high dimensionality of transcriptomic data and variation be- 28

tween datasets can reduce model performance and limit how 29

well models generalize to new data20–23. 30

Although previous studies have developed machine- 31

learning models for transcriptomic age prediction12,13, most 32

have focused on improving the performance of a single pre- 33

diction model. Other studies have examined feature selection 34

separately14–16. Model interpretation24 and optimization17–19
35

have likewise been investigated independently. Few studies 36

have evaluated how combining standardized preprocessing, 37

systematic model selection, and staged hyperparameter tuning 38

influences transcriptomic age-prediction performance across 39

multiple machine-learning algorithms17–19. 40

To address this, we developed AGEOptimizer, an optimiza- 41

tion framework for transcriptomic age prediction. Figure 1 42

summarizes the overall workflow of the study. GTEx RNA- 43

seq data were first preprocessed, and several machine-learning 44
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models were compared to identify the best-performing ap-45

proach. Following staged hyperparameter optimization, the fi-46

nal model was evaluated across multiple tissue types and then47

applied to low-grade glioma (LGG) samples to compare pre-48

dicted biological age with chronological age.49

Figure. 1 Overview of the AGEOptimizer study design and analysis
workflow.

Methods50

Data Collection and Preprocessing51

Gene expression data were obtained from the GTEx v1052

repository and included 56,304 genes across multiple healthy53

human tissue types. For disease analysis, RNA-sequencing54

data from 506 Low-Grade Glioma (LGG) patient samples55

were obtained from The Cancer Genome Atlas (TCGA)25.56

Only genes shared between the GTEx and TCGA datasets (ap-57

proximately 36,000 genes) were retained for subsequent anal-58

yses.59

The age-prediction model was developed exclusively using60

GTEx samples. The GTEx dataset was randomly divided at61

the sample level into training (70%), validation (15%), and62

test (15%) sets, while the LGG samples were kept separate63

and used only after model development had been completed.64

To normalize the data, gene expression values were log-65

transformed using log2(x + 0.001). The data were then66

feature-scaled before model training. Keeping the LGG67

dataset separate throughout model development helped pre-68

vent information leakage and ensured that disease samples did69

not influence model training or optimization.70

Model Development 71

Several machine-learning algorithms with different levels of 72

complexity, including Linear Regression, Ridge Regression, 73

Lasso Regression, Elastic Net, a feedforward Neural Network, 74

and XGBoost, were compared to determine which framework 75

performed best for transcriptomic age prediction. All mod- 76

els were trained using the same preprocessed GTEx dataset 77

and identical training, validation, and test splits. Model per- 78

formance was evaluated using mean absolute error (MAE). 79

Among the models tested, XGBoost produced the lowest val- 80

idation MAE and was selected for further optimization. 81

To further refine the selected model, a three-stage hyperpa- 82

rameter tuning process was employed. In the first stage, model 83

complexity parameters (max depth and min child weight) 84

were adjusted. In the second stage, regularization and sub- 85

sampling parameters (subsample and colsample bytree) were 86

tuned. Finally, in the third stage, the learning parameters 87

(n estimators and eta) were optimized. Dividing the hyper- 88

parameter search into stages reduced the search space while 89

allowing improvements from earlier stages to be carried for- 90

ward into later ones. 91

Hyperparameter tuning was performed using the Optuna 92

framework19, with validation MAE used as the optimization 93

objective. Early stopping was employed during hyperparam- 94

eter optimization to reduce overfitting. The parameter combi- 95

nation that achieved the lowest validation MAE was selected 96

for the final model. The final optimized model was then eval- 97

uated on the held-out test set before being applied to tissue- 98

specific and LGG analyses. 99

Benchmarking 100

To evaluate performance, AGEOptimizer was compared with 101

a baseline XGBoost model trained using the same dataset 102

and data split but with default hyperparameters rather than 103

the staged optimization procedure. Model performance was 104

evaluated using mean absolute error (MAE), which measures 105

the average difference between predicted biological age and 106

chronological age. Lower MAE values indicate more accurate 107

age prediction. 108

Tissue-Specific Performance Analysis 109

To identify the tissues in which the model performed most ac- 110

curately, MAE values were compared across all GTEx tissue 111

types. Tissues with the lowest MAE were considered to have 112

the lowest prediction error. 113

LGG Disease Analysis 114

For the disease analysis, AGEOptimizer was applied to gene 115

expression data from LGG samples after the model had been 116
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developed using only GTEx data. Predicted biological ages117

for the LGG samples were compared with those of healthy118

GTEx brain tissues to determine whether the LGG samples119

consistently showed higher predicted biological ages than the120

healthy reference tissues.121

Results122

Model Development and Hyperparameter Tuning123

Multiple machine-learning models, including Linear Regres-124

sion, Ridge Regression, Lasso Regression, Elastic Net, a feed-125

forward Neural Network, and XGBoost, were evaluated using126

the same preprocessed GTEx dataset and identical training,127

validation, and test splits. Each model was first trained us-128

ing its default parameters, and performance was assessed us-129

ing mean absolute error (MAE). Among the models evaluated,130

XGBoost had the lowest validation MAE and was selected for131

further optimization (Figure 2).132

Figure. 2 Comparison of Model Performance / Bar graph comparing
the mean absolute error (MAE) of multiple machine-learning models
trained using their default hyperparameters. All models were trained
using the same training, validation, and test splits, and model perfor-
mance was evaluated on the held-out test set using MAE.

Hyperparameter tuning was performed in three stages. The133

largest reduction in validation MAE occurred during the first134

stage, while the second and third stages produced smaller im-135

provements as performance began to level off (Figure 3). Val-136

idation MAE decreased from 3.136 for the baseline XGBoost137

model to 2.927 after the first stage, 2.879 after the second138

stage, and 2.748 after the final stage (Table 1). Overall, staged139

hyperparameter tuning improved model performance and re- 140

sulted in the final AGEOptimizer model. 141

The optimized XGBoost model had the lowest validation 142

MAE and was used for all subsequent analyses, including 143

benchmarking, tissue-specific performance analysis, and LGG 144

disease analysis. 145

Figure. 3 Hyperparameter Tuning / Mean absolute error (MAE)
across sequential hyperparameter trials for three tuning groups: (top)
max depth and min child weight, (middle) subsample and colsam-
ple bytree, and (bottom) n estimators and eta (learning rate). Blue
points show the validation MAE for each XGBoost trial, and the red
curve indicates the best (lowest) MAE achieved up to that trial (best-
so-far). Rapid early gains are followed by convergence as additional
trials yield diminishing improvements.

Prediction Accuracy and Tissue-Specific Performance 146

On the held-out test set, AGEOptimizer reduced overall mean 147

absolute error (MAE) by 12.37% compared with the baseline 148
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Table 1 Hyperparameter tuning / Progressive hyperparameter optimization of the XGBoost model. Hyperparameters were optimized in three
sequential stages using Optuna. At each stage, the parameter combination producing the lowest validation mean absolute error (MAE) was
carried forward to the next optimization stage.

Optimization Stage Hyperparameter Search Range Selected Value Validation MAE

Baseline Default XGBoost Default Default 3.136

Stage 1 max depth 3–10 5 2.927
min child weight 1–300 154.82

Stage 2 subsample 0.5–1.0 0.85 2.879
colsample bytree 0.5–1.0 0.68

Stage 3 n estimators 100–1500 1164 2.748
eta 0.01–0.30 0.101

XGBoost model and reduced MAE by 46.17% in the best-149

performing tissues (Figure 4A). In the tissue-specific analy-150

sis, several brain tissues, including the amygdala, substantia151

nigra, and cortex, showed the lowest MAE values. These tis-152

sues therefore showed the lowest prediction error under the153

AGEOptimizer framework (Figure 4B).154

Biological Age Prediction in LGG155

AGEOptimizer predicted healthy GTEx tissue age with an av-156

erage error of approximately 7%. By comparison, predicted157

biological ages for the low-grade glioma (LGG) samples were,158

on average, approximately 26% higher than their chronologi-159

cal ages (Figure 5). This observation suggests that LGG sam-160

ples differ from healthy tissues in ways that result in higher161

predicted biological ages under the AGEOptimizer model.162

Discussion163

In this study, we developed AGEOptimizer to improve tran-164

scriptomic age prediction by combining standardized prepro-165

cessing, progressive hyperparameter tuning, and systematic166

model selection. Compared with the baseline model, the op-167

timized framework reduced prediction error throughout the168

benchmarking analyses. Most of the improvement occurred169

during the early stages of hyperparameter tuning, while later170

stages produced smaller gains as performance began to level171

off. Overall, these findings suggest that systematic optimiza-172

tion can improve transcriptomic age prediction beyond the use173

of default model settings17–19.174

Prediction accuracy also varied across tissue types.175

AGEOptimizer achieved the lowest mean absolute error176

(MAE) in several brain tissues, particularly the amygdala, sub-177

stantia nigra, and cortex. These tissues had the lowest predic-178

tion errors among those included in the GTEx dataset. How-179

ever, MAE can also be influenced by factors such as sample180

size, age distribution, tissue heterogeneity, RNA quality, and 181

other technical differences20–23. Therefore, these findings re- 182

flect model performance within the GTEx dataset and should 183

not be interpreted as evidence that these tissues are inherently 184

more informative for biological aging. 185

When AGEOptimizer was applied to low-grade glioma 186

(LGG) samples, the predicted biological ages were, on aver- 187

age, higher than the corresponding chronological ages. This 188

suggests that LGG samples share some transcriptomic fea- 189

tures with older healthy tissues5,11,12. However, this finding 190

should not be interpreted as evidence that aging causes LGG 191

or that LGG undergoes accelerated biological aging. Because 192

the model was trained only on GTEx data and applied inde- 193

pendently to the TCGA-LGG dataset, the observed differences 194

should be interpreted as an association rather than a causal re- 195

lationship. 196

This study also has several limitations. The model was de- 197

veloped and evaluated primarily using GTEx data, so addi- 198

tional validation with independent transcriptomic datasets will 199

be needed to determine how well the approach generalizes. 200

Although GTEx and TCGA-LGG were kept separate during 201

model development, differences in sequencing protocols, sam- 202

ple processing, and other technical factors may still contribute 203

to differences between healthy and disease samples20–23. In 204

addition, while hyperparameter tuning improved model per- 205

formance, future studies should include donor-level validation 206

and external test datasets to provide a stronger assessment of 207

generalizability. 208

Future studies should evaluate AGEOptimizer using addi- 209

tional cohorts and tissue types to determine whether these 210

findings can be reproduced in independent datasets. Com- 211

paring AGEOptimizer with additional machine-learning mod- 212

els and evaluating its performance across different age groups 213

would also provide a more comprehensive assessment of its 214

robustness. For the LGG analysis, future work should account 215

for factors such as tumor purity, cell-type composition, se- 216
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Figure. 4 Prediction Accuracy and Tissue-Specific Performance /
(A) Overall model performance comparison between the baseline
XGBoost model and AGEOptimizer, reported as mean absolute er-
ror (MAE). AGEOptimizer reduced overall MAE by 12.37% and re-
duced MAE by 46.17% in the best-performing tissues relative to the
baseline XGBoost model. Groups were compared using an unpaired
t-test with Welch’s correction (****p < 0.0001). (B) Tissue-specific
MAE across GTEx tissue types using AGEOptimizer. Lower MAE
indicates higher age-prediction accuracy. Brain amygdala, substantia
nigra, and cortex showed among the lowest MAE values, indicating
that AGEOptimizer performed most accurately in these tissues. Bars
represent mean ± SEM where applicable, and MAE values were cal-
culated using the held-out test samples.

Figure. 5 AGEOptimizer Prediction of Biological Age in LGG / Pre-
dicted biological ages generated by AGEOptimizer were compared
with chronological ages for healthy GTEx samples and LGG sam-
ples. Healthy tissues were predicted within approximately 7% error,
whereas predicted biological ages for LGG samples were approxi-
mately 26% higher than their chronological ages. Group differences
in predicted age were evaluated using an unpaired t-test with Welch’s
correction (****p < 0.0001).

quencing batch, and immune infiltration to determine whether 217

the higher predicted ages remain after these variables are con- 218

sidered. 219

Overall, AGEOptimizer improved transcriptomic age- 220

prediction accuracy within the datasets examined in this study. 221

Although additional validation is still needed, these findings 222

suggest that systematic optimization can improve prediction 223

performance and provide a reproducible framework for tran- 224

scriptomic age prediction18,19. 225

In conclusion, AGEOptimizer improved transcriptomic 226

age-prediction accuracy through systematic optimization. The 227

model performed best in several brain tissues within the GTEx 228

dataset and predicted higher biological ages for LGG sam- 229

ples than their chronological ages. Although these findings 230

require further validation, they suggest that systematic opti- 231

mization can improve transcriptomic age prediction and pro- 232

vide a foundation for future studies of age-related transcrip- 233

tomic changes. 234
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