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Abstract

In recent years, biological age prediction based on different aging biomarkers has been extensively
studied. Although previous work has constructed corresponding biological age prediction models
from various aging biomarkers, the mean absolute error, which is the primary evaluation metric,
shows some variation across different datasets due to differences in the datasets and biomarkers
used. To reduce the unnecessary impact of dataset differences on model evaluation, this paper pro-
poses MAA (Mean Absolute Accuracy) a new evaluation metric. By using the mean absolute error in
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specific situations as a baseline, it establishes an accuracy measure in the context of approximate
classification problems. This paper conducts experiments using current mainstream models on dif-
ferent sub-datasets and compares them with traditional evaluation metrics. The results show that
the proposed MAA metric has good dataset independence, providing a new tool for evaluating the
performance of biological age prediction models across datasets and aging biomarkers.
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5] ARSIV TR bR = AN 57 AT 5 VE A4
3.1. F#EXIE

FRATCER — S0 A W % Tl U R B s B A OB, e 1 Bz 38 I 0]k e i 2 1R % BG40 #fr v
AR I3 G50 400 B PR ) BT £ B S AN T] 08 2 PRSP F00 11 e A1 A7 A 2 W 22 e

Table 1. Comparison between different Datasets

% 1. FRISUREZ LS

Reference Dataset Age Range Age Span  Samples Data Type MAE PCC
Han et al. [13] HCP, CamCAN, IXI 18~88 70 2281 T1 MRI 2.75 0.43
Ly et al. [14] ADNI, IXI, OASIS-3 20~85 65 1248 T1 MRI 4.65 0.6
Beck et al. [15] TOP, StrokeMRI 18~95 77 702 dMRI 6.99 0.85
Xifra-Porxas et al. [16] CamCAN 18~88 70 613 T1 MR, MEG  4.88 0.94
Tesli et al. [17] TOP, StrokeMRI 12~92 80 586 T1 MRI 6.6 0.68
Ballester et al. [18]  COBRE, MCIC, etc 16~65 49 471 fMRI 5.61 0.8

M3 1 ATA, ASERE SO AE B F T 2R 6 T R s B v, HL B S 1 ) R i SRR A
[, BRUbZAh, SRR 4R 2 8] (Y 32 B2 R A T A (R K SR A AR BT L A 46 i X 8] AN =)o 1y LB
AL TR R Z B hn B B S, 1 T AN RV S A P AR AR B 75 VAN ) A 2 a8 X T 1
Ao PRI, BT TEAN R I X TAD X f5e 24 S5 SRR fE - 0 A7 A B0 o O T EUAAN [ SR IX 18] ) SRR,
FEHEBRAN R SRR M, BT 2K 7] — A K G AN 7 6 % X1 Sl 7 D 0 o2 ) 5 Bl SR AT 68 2 11
KRR LSRN ZRAC
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Figure 1. The illustrative diagram of regression effect
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R 5 452 3 M ARSI SRS, TVEBHT A RO SR, WITGHETE B W TN AT 555 1) 1(b)3RoR AR
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4. K
4.1. BiEE

ASEIAE T AN ATF T 4 NG BE S AgeDB KBTI ATINR . iZER &R — A& T T s
TARFEER BN EG OEBIESE, EHT ARARA . FERAE TS A A W Fe A . 2B E A S
T ZFECIERY AT, BERE TS BT A0 AT R 3 D5 A0 et N IR ) vk i PERE[19]. FRATTK: AgeDB

TR BB — A, JEXTHEAME BT 1 Sevh o thr AN St A 2R A5 3 e 4 48 -
fEJRAR ) AgeDB HEALE 16,488 MEA, FERGVEHTE 1~101 200, “FEFEERN 463 ¥, Hi, 5
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PEFEA 9788 A, ERSVEFITE 1~97 2 [a], “FIYERAN 48.1 % LWHFEA 6700 4, FERTEHTLE 3~101 2
B, “FHEH 43.5 5. N TETHITNGREMNRER R, BTG HAREARBE A —FEAR LR, XM
FIER 7N 1. 97, 99 F1 101, HJafFEIn] PGSBS, W RRIR:

Table 2. AgeDB gender and age information
< 2. AgeDB 4 RIFIFEHRER

Dataset Gender Samples Age Range Mean Age Median Age
Female 6698 3~100 43.5119 40
AgeDB Male 9786 3~95 48.1314 47
All 16,484 3~100 46.2544 44

M 2 BT, B F TSR ANIIAR 1) AgeDB U4 4 1 B R E RS X [RIFE 3~100 2 78], FBHEFEARR
SEWE X T /N T Lo, 5 58 MEREAS O B | PR AE S R S BRI v T o SRR AR S N 46.2544,
LR 44 55, FEN T HICHE S AR R IX TR T 5 LA AR08 i e A

WG, HT AgeDB HWEIGBEREFAEZES, FIES N RGB K, Ha—#IiN 224
x 224 (RN, FELESN IR 28 B3R AT B AL 7K T 0 29 0 3 R0 S A R I In i 1) 2 FE v, AT 2 i A 7Y
INZACRE T, d5c e LAAY EHhEE 7RI I SR RS, H R I ZR4E 5 TE 80%, MIHREE (5 LE 20%.

4.2. INZMR

AR FH 25 (R FEE 27 ) B AE AN [F) 47168 [X R 1) AgeDB Z5d 45 i idb 47 5256 o 15 ks BT ik e (A 7Y
TERZE 404 R, F AgeDB 4428047 7 UIZRATIR o 48 i R Wi 4 )l AgeDB RIAERE X 7] SRk 52 FEAS
FAF X 3 o AR AR TE [FIRE () 26 AF R HEAT S0 o 55 Ja X AN [RS8 B4 75 AN [F) 4 188 X ) 1y e B AT s
Sy HTRE BVEAG -

ARSI G — I2 4T 88, {ER—& Linux R&#4 Lt T, ZRSAHCHE 7 — Intel Xeon Gold
6253L CPU, W17 %8N 251GB, 2 4> NVIDIA GeForce RTX 3090 GPU, £/~ GPU B 24GB ()21,
ST 1A GPU BT . BT HOTRFE 22 S VISR HE B FEH0ZE Ubuntu 22.04 24 EiEAT, FRA16E
FH VR E 2% SIHESE Y PyTorch 2.2.1, X[ Python MiAH 3.11.8, FE{EH 550.67 FiiA ¥ NVIDIA BK3),
B CUDA 12.4 £ NVIDIA GeForce RTX 3090 GPU _E#E47 hnigit5.

TATH BT A BB AR AN R S HOHAT I 2R, XSS S50 3 fs:

Table 3. Hyperparameters for model training

= 3. REN)IZHEBEH

Hyperparameters Value
Optimizer Adam
Learning Rate le?
LR Scheduler ReduceLROnPlateau
Patience 15
Epochs 125
Batch Size 8
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R X AR IR 4G /N 10~90, 20~80, 30~70, 40~60, 70X Ll oM 5] bRy AT 5256
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Figure 2. The scatter plot of ViT architecture model on AgeDB
[ 2. VIT ZRAHEBIFE AgeDB LHYBIAE

W 2 froR, B—FRR M AgeDB HUfE Hh ik HUAS [R] 47 8 9 B 1) R A Sk 4 18T 0 080 48 FH Sk )11 25
AR, M BIA 5 B RS ER X N : 40~60, 30~70, 20~80, 10~90, 0~100. H—47FR—
VAT S8 (B2 AE AN [ 4 3% X 8] (0 500 45 BN Rk R BL, M 2R 43 504 B BB A - FastViT,
MaxViT, Visformer. MK EFH, MaxViT fl Visformer 7E &N EE X 8 5 T304k 4 FE0KRETE A
BNy, FETE 1(a) 5L, e EE N SCIC . 17 FastViT 78 40~60 4734 X (8] () 504 48 E i)l
GMRAME, HEBEEFE X R, 33 RO Z 13 206, BCREREZIE [ 1(0) M 5L, TR R
B AR U
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Figure 3. The scatter plot of CNN architecture model on AgeDB
B 3. CNN 291587 AgeDB LI E

Wi 3 frow, 53R R AgeDB EH H ik BUAS [5] 570 7 B R RE A SRA) R R 8 B2 A SR VIR
R, MIEBA 53 R I AERE X AN : 40~60, 30~70, 20~80, 10~90, 0~100. %F—47#7”—4> CNN 22
AT FRUASE B AE AN ) 4 16 DX [ e 5 A N R Rk iy R I, AN B 380 237343 FH (945284 09 - ResNet, Xception,
EfficientNet. —/MERLE R [FISERE X 18] 85 55 _EAD FastViT G HIEERIL, £ 40~60 FH% X 8] A5
B ERINZRRBUR A, (A SR DX (R AI3G K, 8] VS8R 4 2], TO 28 SR AR

g LATR, BARIRSY VIT LM RSB TEIETE BOA R AR R T, (H2 7E T AR B 20 250 2 /M6
B b, AR DX R) AN [B] Y280 () S0 S A ARACA PRI R 3 500 B P A0 DX BBk ), [ VA 255000 D 5 e 88 K 5
R, R DX IRER I, [ A 2508 P 5 M A P N

4.4. FEESHT

AN, FRATTRE A A [R] PP R AR R T B 2 BT B A AR DX TR AR AL R VR PR AR 84k, DU
PR RAE BN T VIT ZERMBELA CNN 2R A BUZEAS [RI 68 DX IR A 5B 4 BRI, &5 Ran~
PR o

F 4 HERT VIT 2L = ANEERPPAN R FR BB L. BARTE E— /NI A R 3RA 1 C & %0
T8 MaxViT fil Visformer 335 H A BN 25, H2& =3 1) MAE #5— S0 3R I A B 25 4514 X 1] 0 14 K 1
BRM&s, KA Visformer 7E 1~100 [ X 8] E 455G AN E, (HEET HA 10~90 ¥ MAE #H7
AK, H Visformer R A BN, FrUARAIR T LA BIRGE R RRAT. B2, TRATATLARBITETE
B RN ZRH) FastViT B84, MAA Fl PCC 9 #bifi 25 AR08 DX JR] R3S RIS K, 31X 2 B AR 1) il 280 2R
B 6 DX () (3 KM AR 47 (HA SR 5 DL MAE K& 1016, MR EAR KR, TSR 2, BARIX 5K
AE E— NS BIILRASE, 1 MAA 2R 058 52300 52 BRI -
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Table 4. The performance metrics of ViT architiecture on AgeDB

= 4. VIT BARR BT AgeDB LRI BEEHR

Model Age Range MAE MAA PCC
40~60 4.8139 0.0754 0.671
30~70 6.2937 0.3618 0.8594
FastViT 20~80 7.076 0.4624 0.9058
10~90 7.2355 0.4951 0.9184
0~100 7.2654 0.4996 0.9217
40~60 5.2064 0 0.4745
30~70 9.8677 —0.0006 0.5731
MaxViT 20~80 13.1515 0.0009 0.6112
10~90 14.4094 —0.0055 0.4902
0~100 14.4891 0.002 0.5113
40~60 5.1388 0.013 0.5711
30~70 9.2168 0.0654 0.6485
Visformer 20~80 12.178 0.0749 0.6738
10~90 14.2231 0.0075 0.5428
0~100 13.0987 0.0977 0.6946
Table 5. The performance metrics of CNN architiecture on AgeDB
Fz 5. CNN iR BI7E AgeDB ERIMEREIEHR
Model Age Range MAE MAA PCC
40~60 4.6396 0.1089 0.6984
30~70 6.1825 0.3731 0.8644
ResNet 20~80 6.6732 0.493 0.9164
10~90 7.0737 0.5064 0.9247
0~100 6.9149 0.5237 0.9277
40~60 4.5756 0.1212 0.7221
30~70 5.6722 0.4248 0.8897
Xception 20~80 6.4567 0.5095 0.923
10~90 6.7469 0.5292 0.9311
0~100 6.5582 0.5483 0.9352
40~60 4.7217 0.0931 0.6864
30~70 5.7269 0.4193 0.8862
EfficientNet 20~80 6.4975 0.5064 0.9199
10~90 6.6388 0.5367 0.9321
0~100 6.5535 0.5486 0.9355
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5 IR T ONN BRI =AML PPN 4R AR AL S DL . SART . =/ MERIAE MAE, MAA Al
PCC EHA ML B ESS, HEBRAE 0~100 6 X 8] BRI H MAE HIU/NE T 248, L
- Rt 5 A e DX TR AR 4 K TG K o IXAT FastViT BRI 080, JU2 MAUERE CNN 284 AR s 4t
—i, HESEE 3 LA, MAE R RIFAREE BB EREAR 22, T MAA fl PCC I K&
BRERAE ] 3 R, RIBERE S0 X TR A3 K, BRI TN A R B #T AL 4, 1X 5 MAA A PCC 7421k
T35

5. &t

ASCHEH ) MAA BENS SCHLEE SR TC R V) R0 TR O PR REVE Al o IRATTAOSEIRZE RERHT, f%
gt Li) 2 MAE X8RS A B — € INME, & BEE HE SR P 5 AOEE IS X TR A A AR
NI o TTASSCHR H A MAA AT PASE IRIX — B, MAA B 5 58 % R S g S A8 AN [ a4 L At
RAMIVERE, A2 DO S S 47 i IX 18] (1 AR 1T 52 USRS [R] 1 58 2 2B VR 5 DL LA AN [F) 382
BROPERESRAL VTR T A,

REBRB PPN RIS D BRI RAR, EREREEIE TR RN dE, EXf
TSR Z AR R E 12T A FIAEE R AR 2 (R EEB T S o AL, 2R 4 i T
BRI BE I AR HEAT BEAR A MIR R, DL Al RS0, Il PPl br e = RSk T 7e 7
A o

SE

[1] Bocklandt, S., Lin, W., Sehl, M.E., Sanchez, F.J., Sinsheimer, J.S., Horvath, S., et al. (2011) Epigenetic Predictor of Age.
PLOS ONE, 6, ¢14821. https://doi.org/10.1371/journal.pone.001482 1

[2] Horvath, S. (2013) DNA Methylation Age of Human Tissues and Cell Types. Genome Biology, 14, Article No. 3156.
https://doi.org/10.1186/gb-2013-14-10-r115

[3] Hannum, G., Guinney, J., Zhao, L., Zhang, L., Hughes, G., Sadda, S., et al. (2013) Genome-Wide Methylation Profiles
Reveal Quantitative Views of Human Aging Rates. Molecular Cell, 49, 359-367.
https://doi.org/10.1016/j.molcel.2012.10.016

[4] Levine, M.E., Lu, A.T., Quach, A., Chen, B.H., Assimes, T.L., Bandinelli, S., ef al. (2018) An Epigenetic Biomarker of
Aging for Lifespan and Healthspan. Aging, 10, 573-591. https://doi.org/10.18632/aging.101414

[5] Lu, A.T., Quach, A., Wilson, J.G., Reiner, A.P., Aviv, A., Raj, K., ef al. (2019) DNA Methylation Grimage Strongly
Predicts Lifespan and Healthspan. Aging, 11, 303-327. https://doi.org/10.18632/aging.101684

[6] Petears, M.J., Joehanes, R., Pilling, L.C., et al. (2015) The Transcriptional Landscape of Age in Human Peripheral Blood.
Nature Communications, 6, Article No. 8570.

[71 Chen, W., Qian, W., Wu, G., Chen, W., Xian, B., Chen, X., et al. (2015) Three-Dimensional Human Facial Morphologies
as Robust Aging Markers. Cell Research, 25, 574-587. https://doi.org/10.1038/cr.2015.36

[8] Cole, J.H., Poudel, R.P.K., Tsagkrasoulis, D., Caan, M.W.A., Steves, C., Spector, T.D., ef al. (2017) Predicting Brain
Age with Deep Learning from Raw Imaging Data Results in a Reliable and Heritable Biomarker. Neurolmage, 163, 115-
124. https://doi.org/10.1016/j.neuroimage.2017.07.059

[9] Tanaka, T., Biancotto, A., Moaddel, R., Moore, A.Z., Gonzalez-Freire, M., Aon, M.A., et al. (2018) Plasma Proteomic
Signature of Age in Healthy Humans. Aging Cell, 17, €12799. https://doi.org/10.1111/acel.12799
[10] Lehallier, B, Gate, D., Schaum, N., Nanasi, T., Lee, S.E., Yousef, H., et al. (2019) Undulating Changes in Human Plasma
Proteome Profiles across the Lifespan. Nature Medicine, 25, 1843-1850. https://doi.org/10.1038/s41591-019-0673-2
[11] Trapp, A., Kerepesi, C. and Gladyshev, V.N. (2021) Profiling Epigenetic Age in Single Cells. Nature Aging, 1, 1189-
1201. https://doi.org/10.1038/s43587-021-00134-3

[12] Abhadi, S., Wilson, K.A., Babenko, B., McLean, C.Y., Bryant, D., Pritchard, O., ef al. (2023) Longitudinal Fundus Im-
aging and Its Genome-Wide Association Analysis Provide Evidence for a Human Retinal Aging Clock. eLife, 12, ¢82364.
https://doi.org/10.7554/elife.82364

DOI: 10.12677/csa.2025.154095 245 R HURLE 5 R


https://doi.org/10.12677/csa.2025.154095
https://doi.org/10.1371/journal.pone.0014821
https://doi.org/10.1186/gb-2013-14-10-r115
https://doi.org/10.1016/j.molcel.2012.10.016
https://doi.org/10.18632/aging.101414
https://doi.org/10.18632/aging.101684
https://doi.org/10.1038/cr.2015.36
https://doi.org/10.1016/j.neuroimage.2017.07.059
https://doi.org/10.1111/acel.12799
https://doi.org/10.1038/s41591-019-0673-2
https://doi.org/10.1038/s43587-021-00134-3
https://doi.org/10.7554/elife.82364

¥}

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Han, J., Kim, S.Y., Lee, J. and Lee, W.H. (2022) Brain Age Prediction: A Comparison between Machine Learning
Models Using Brain Morphometric Data. Sensors, 22, Article 8077. https://doi.org/10.3390/s22208077

Ly, M., Yu, G.Z., Karim, H.T., Muppidi, N.R., Mizuno, A., Klunk, W.E., ef al. (2020) Improving Brain Age Prediction
Models: Incorporation of Amyloid Status in Alzheimer's Disease. Neurobiology of Aging, 87, 44-48.
https://doi.org/10.1016/j.neurobiolaging.2019.11.005

Beck, D., de Lange, A.G., Maximov, LI, Richard, G., Andreassen, O.A., Nordvik, J.E., et al. (2021) White Matter
Microstructure across the Adult Lifespan: A Mixed Longitudinal and Cross-Sectional Study Using Advanced Diffusion
Models and Brain-Age Prediction. Neurolmage, 224, Article ID: 117441.
https://doi.org/10.1016/j.neuroimage.2020.117441

Xifra-Porxas, A., Ghosh, A., Mitsis, G.D. and Boudrias, M.H. (2019) Estimating Brain Age from Structural MRI and
MEG Data: Insights from Dimensionality Reduction Techniques. Neurolmage, 231, Article ID: 117822.

Tesli, N., Bell, C., Hjell, G., Fischer-Vieler, T., I Maximov, ., Richard, G., et al. (2022) The Age of Violence: Mapping
Brain Age in Psychosis and Psychopathy. Neurolmage: Clinical, 36, Article ID: 103181.
https://doi.org/10.1016/.nicl.2022.103181

Ballester, P.L., Suh, J.S., Ho, N.C.W., Liang, L., Hassel, S., Strother, S.C., et al. (2023) Gray Matter Volume Drives the
Brain Age Gap in Schizophrenia: A SHAP Study. Schizophrenia, 9, Article No. 3.
https://doi.org/10.1038/s41537-022-00330-z

Moschoglou, S., Papaioannou, A., Sagonas, C., Deng, J., Kotsia, I. and Zafeiriou, S. (2017) AgeDB: The First Manually
Collected, In-The-Wild Age Database. 2017 IEEE Conference on Computer Vision and Pattern Recognition Workshops
(CVPRW), Honolulu, 21-26 July 2017, 1997-2005. https://doi.org/10.1109/cvprw.2017.250

DOI: 10.12677/csa.2025.154095 246 R HURLE 5 R


https://doi.org/10.12677/csa.2025.154095
https://doi.org/10.3390/s22208077
https://doi.org/10.1016/j.neurobiolaging.2019.11.005
https://doi.org/10.1016/j.neuroimage.2020.117441
https://doi.org/10.1016/j.nicl.2022.103181
https://doi.org/10.1038/s41537-022-00330-z
https://doi.org/10.1109/cvprw.2017.250

	MAA：数据集无关的衰老时钟评估研究
	摘  要
	关键词
	MAA: Dataset-Independent Aging Clock Evaluation Research
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	3. 方法
	3.1. 年龄区间
	3.2. 回归效应
	3.3. 评估指标

	4. 实验
	4.1. 数据集
	4.2. 训练测试
	4.3. 定性评估
	4.4. 定量分析

	5. 结论
	参考文献

