a2 1 AP e e AR Vol.42 No.1
- 122 - 20254F 1 H Chinese Journal of Medical Physics January 2025

DOI:10.3969/j.issn.1005-202X.2025.01.016 E ?Al%’ Ae

R B 5 =) SR 1 o SR e Ul ep B . R g R

B, ZH 0 R RR L SAE, BER, AR

1 AEE IR T RSP Y B R 5 TARERE, TR 1N 511442; 2 AR BT RS RIRL: 5 TARABE, 174 170 5100065 3. 4EF
BT R EFAMAA DR TREARBIT P, 7R M 5100065 4. 7R 8K #EOm L E % TREAIBO, TR
J7IN 5103705 5. AR BAEFR IS W S ERE TRE ARG L, 7R 77 5105005 6. 48R EE TRZ) R A a2 TR H A5
%, J7AR T 510006

(4322 | a3 T 4 AT 50 5 T IR AR IRAMRAN 2 BT AP 2 AT I 0 04 - A5 WE A B R AN 7 R AR £ 8%
SU, K& VR JE 5 3 00 R R AR A S 0BT 5 R TR R e R R R TR R, ARAR T A Bk IR A
BAER 3] BBk T A B B 18 R A B A TR AN B AR A R IR R A 2RI, A e SRR R BE
B AR TG FRM AL B A A AE 0 T B RIZRARAE T ESF R 5 3] Fok e R TR AT 7 oy @ oy o R i R N8BT 1
Jii S TR o IR R A ] AR e B i | S AR MBI N A T AT R L i R R ITIE T ERREF I RN ES S
A G — 6 AR E MR 09 A RPIR SR T IR 3 A SR TR o 6 R AT

[SRBIR ) o o s MU 5 5] 5 IR 5 5T s WA FRm 5 45238

[hE4 %S ]R318 [ cEktRERD A [xZ42]11005-202X(2025)01-0122-06

Advances in deep learning algorithms for brain age prediction
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Abstract: Brain age prediction is of great significance to the in-depth understanding of individual neurodevelopment, early
diagnosis of neuropsychiatric disorders, and formulation of personalized treatment plans. With the continuous advancement
of deep learning, more and more researches focus on using such algorithms to predict brain age. Compared with traditional
regression algorithms, deep learning which has the advantages of complex pattern learning, end-to-end learning and high
adaptability can more accurately reveal the neuropathological mechanisms of neuropsychiatric disorders, and provide more
precise tools for clinical assessment, assisted diagnosis and prognosis prediction. Herein the study reviews the recent
advances in the application of deep learning algorithms in brain age prediction, introduces the achievements in deep learning
model optimization, multimodal data inputs and interpretability studies for brain age prediction, discusses the methods for the
establishment of integrated deep learning architectures and the future challenges of developing unified benchmarking, and
provides an outlook on the application of deep learning in brain age prediction.
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Figure 1 Flowchart of brain age prediction using deep learning algorithm
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Table 1 Recent studies on deep learning algorithms for brain age prediction
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