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Abstract

This paper aims to investigate the development and research trends of machine learning models
related to depression over the past five years. Relevant literature published from 2020 to 2025 was
retrieved from the Web of Science Core Collection. CiteSpace 6.3R1 was used to conduct a visual
analysis of publication volume, countries, institutions, authors, keyword co-occurrence, keyword
clustering, and timeline views. A total of 1282 papers were included, with the annual publication
volume showing an overall upward trend in the past 5 years. Analysis of countries, institutions, and
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authors showed that China was identified as the country with the highest publication volume. Alt-
hough a stable core author group has not yet fully formed, the team represented by Hu Bin was the
most prominent (22 papers), and the Chinese Academy of Sciences was the central institution in the
network. Analysis of keyword co-occurrence and clustering indicates that research hotspots are

» o«

currently centered around three key dimensions: “research targets and specific populations”, “mul-
timodal data sources”, and “core algorithms and model evaluation”. The analysis of burst terms and
timeline views suggests that the field has transitioned from a phase of rapid technical emergence
around 2020 to a current exploratory stage focused on methodological deepening, the construction
of multimodal fusion frameworks, and refined clinical application validation.
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2.1. —RRHER

Bl kiR T Web of Science $i BRI 0 & 49 SCI-E. SSCI. A&HCI. CCR-E. IC. 2RI 2020
1 H1THZE202549 H 25 He BT ALERRER S HARITERA EIERZE 0 E R EZHIT, &
LR T SR RE T 5 AR S SIS AL O BT AR EY,  BRRIBGE 5 5 RA SHIARIE AL &% 25~
IR KRBT TT, B AL A FL Fe it g

1% 3: TS = (depression OR MDD OR “depressive disorder”’) AND TS = (“machine learning” OR “deep
learning” OR “neural network™ OR “predictive model”) AND TS = (diagnosis OR diagnostic OR intervention OR
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interventions OR treatment OR classification OR classifying).
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Figure 1. Annual distribution of document published

1. FEAXESHEN
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Figure 2. National co-occurrence map

E 2. ERAIEE

3.1.3. BoMEE RO
fE CiteSpace A Hi 15 RV E N “ Author” , 3F|WNE] 3 Prosf N2 .

® o
®
Shalbaf, Ahmag, @
@
O H in Rostami, Reza ® o
Lam, Raymond W ® @
? Ki dy, Sidney H .. a
ennedy, Sidney
@ & . O o o ® .(.) ®
Zhan@(lzhe W@Fel ° g ®
Cao, Bo Benedet'ras SEo ®
® g ®
Ch@lun @ . .
. - s Kessler, Ronald C ®
o ® o % e ©°
t ® ® ® - o ® e ®
¢ . X
e e ]
z @6 @
®eo ©
Figure 3. Author co-occurrence map
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Table 1. Core authors (number of publications > 4)
F 1 BMEERXE >4)
RIHFIR R/ E LN Y- &) =
22 2020 Hu, Bin
16 2020 Wang, Fei
8 2021 Cao, Bo
8 2023 Zhang, Xizhe
7 2021 Benedetti, Francesco
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7 2021 Chen, Jun
6 2023 Shalbaf, Ahmad
6 2021 Lam, Raymond W
6 2022 Kennedy, Sidney H
6 2022 Kessler, Ronald C
6 2023 Rostami, Reza
5 2021 Brambilla, Paolo
5 2023 Chu, Tongpeng
5 2023 Hou, Ganggiang
5 2021 Koutsouleris, Nikolaos
5 2023 Shahabi, Mohsen Sadat
5 2023 Che, Kaili
5 2023 Li, Gang
5 2022 He, Lang
5 2020 Turecki, Gustavo
5 2023 Dong, Fanghui
4 2023 Acharya, U Rajendra
4 2023 Kazemi, Reza
4 2021 Dannlowski, Udo
4 2023 Chen, Jie
4 2021 Colombo, Cristina
4 2024 Liu, Zhongchun
4 2021 Wang, Gang
4 2023 Frey, Benicio N
4 2022 Chen, Tao
4 2023 Rotzinger, Susan

HAEE K SCESGT AL, AR SRR Z & 22 4%, 1HHE M A 3.513 [4], FILAE >4 BH%
BN OER, L 314, HREFE BRI 15.8%(31/196), flAl13E &R SCHR 188 i, o5 AX i SCHRI 15%
(188/1282). W7 1. MRAEI M, HARAE FIALAS 5 S AR 78 80050 40 AR W A% AR B B, i Akt
RN 2, HEEWITRANE
3.1.4. FARHAAXI S

R FE AT I FCNLA A Chinese Academy of Sciences (49 %)+ Harvard University (47 5%)« University

of California System (41 %), W.% 2. Chinese Academy of Sciences B A B it 0ote, HEUEITIHEE 0.1,
RUZNUTE G AE M 2 [y T OB AR R AR A M 5, DI 4.
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Table 2. Centrality and publication volume of core research institutions

2. ORI MERE T E

FFs B i FEy KR/ ) a4
1 Chinese Academy of Sciences 0.25 2020 49 3.82%
2 Harvard University 0.00 2020 47 3.67%
3 University of California System 0.08 2020 41 3.20%
4 Harvard University Medical Affiliates 0.10 2020 37 2.89%
5 Harvard Medical School 0.14 2020 36 2.81%
6 University of London 0.04 2021 33 2.57%
7 Nanjing Medical University 0.10 2020 29 2.26%
8 King's College London 0.04 2020 29 2.26%
9 University of Toronto 0.00 2021 28 2.18%
10 Columbia University 0.02 2020 25 1.95%
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Figure 4. Clustering map of cooperating institutions
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3.2. RHERTHT

3.2.1. XEIFHI TR

W “Keyword” i gi, LA “Title” “Abstract” ANF AR, BEN 15, 2HE 5 18R SLI
K.

Blrh 188 /NGB A, 221 SRIEZ, T RUORAMUERBTR, KA —, BRBik%ER . “symptoms”
“meta-analysis” “classification” “classifying depression” %5717 fid K, EHH L, KUK L SCHE I 7E4H
KA TR B ZEHIPE R

MK KT,  “machine learning” (510)F1 “major depressive disorder” (228)17 JERI 41, NiZAildki N
LEPRIEF S HOTE AT R . FIR,  “deep learning” 1 “functional connectivity ” %% A JC WAATL T #F
FUTT TR AR TR B 57 ) A R 006 1) e X 24 JE 2 IR RS B A 20 i 7 I R R, L2 3.
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Figure 5. Keyword co-occurrence map
5. XERRIHIEIE
Table 3. High-frequency and high-centrality keywords (frequency > 100)
3. SkEHOHRBIAGUR > 100)

FFs K] R FA AP VY
1 machine learning 510 2020 0.06
2 major depressive disorder 228 2020 0.00
3 deep learning 194 2020 0.00
4 classification 147 2020 0.06
5 disorder 146 2020 0.02
6 Meta-analysis 116 2020 0.17
7 symptoms 108 2020 0.11
8 mental health 107 2020 0.07
9 functional connectivity 104 2020 0.09

3.2.2. XEIRBAESH
FR 13 N, BAMBHL Q 158 0.792, FEHH S {H M 0.9229, KBt WIME, iHRKES
HA&#, W 6.
R4 I v 13 AN SR ZRFRZE AR SRR N 28 Fe SCHR PR 0T S FBISRE AL 38 27 ST AR F i 7 T4 e B A8 S e
s FEAAGCN IR A SR AT L B EIRIET DL CAEOEVE SR =R YE R
it

oo

(1) ARERERFEANR
X — R S B T HLAS 5 ) FE AV S S FH 37 e 7 e A%, i S 320 T I 2 W R 9 0 12 W 2 [ et
PR N B BARS AL T Tl

057 8 A . TEZ5#0 (unipolar depression, HAHFIAR). #1 (major depression, 1K) LA & #8 (major
depressive disorder, HJEFARIE)F R 7 Z MU ERI AT TP 2% . B AT, SRRSO A EC4 s
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Figure 6. Clustering map of high-frequency keywords
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T NBES Y s0eh]: BB RN, BEFBRET SRR, J5#2 (postpartum depression,
77 AR ) S O B I e M i OGTE, Ban ) s [ T S A R & DLSCRR R 10]. FREH3
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MAEHG S EMEYE: F25#12 (functional magnetic resonance imaging, MIREREILHR i) RK T &
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ARAS U o B 7T IR F AT 27 SR & R AR I - F 05 (0 EEG. HRV. BEIR), B 7E RN FEMIRE
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ITRE EWEHE: FEIHH#4 (social media, #EAZBEE)ER TETAMEINA 1L RIETT 298,
L NLP £ AR 70 4 5 B DL HU AR M [ 15]. [, ZEE#6 (scale, BR)PIMEIERB, (EGMIGIR
I T HAR SR R IR UE AL &8 2 SRR [ 16 M L PR S ARAE R 2 A . ARIBH K ER 2 S
HARATRLG, DA SR g AR A .

3) B EESERIAL
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FEEEA 5IEAR: BRISHS (artificial intelligence, AN TR A8)MEE TR ARMESE . /£ A%, M
TRl 2 549 (feature extraction, FEAEHEH) L L[ 5 25#10 (support vector machine, SCHFMIEML), 1EIR
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ZYEFEVTAY, WA AT REE N TR RE(XADSE SR R A AE[19] BEAT AP IERRIE[20], L PPAGER XX
TiR RS RF R G HIFEZ L 21

3.3. WsTES SR

3.3.1. XHEIFRM A

WEAHIHILL “support vector machine (SVM)” %548 HUR VLB s Je i, 32 BRI H 45 M 3 ik 47 12 W7 23
. 2021~2023 FEREIER T ISHIE G REUE, CNNs HEHHELE K “state functional connectivity” 25545
IIMTHAR R ST A AL 2023~2025 4, BT /D EIATAE AW R WG KB [22], BT E O
DAERERIR . SR, 2O O NG BRI ER R T IR R R R ) DR 1) e 4R R 4 4 S A AR v
R B LK 7,

Top 17 Keywords with the Strongest Citation Bursts

Keywords Year Strength Begin End 2020 -2025
convolutional neural network 2020 4452020 2022
support vector machine 2020 3.542020 2021
antidepressant treatment 2020 3.44 2020 2022 mm
nonlinear features 2020 3242020 2023 emmmm—
selection 2020 3.09 2020 2023 mm—
antidepressant response 2020 2322020 2021
major depressive disorder (mdd) 2020 2.052020 2021
dysfunction 2021 2.96 2021 2022  em
convolutional neural networks 2022 3322022 2023
rtms 2022 3.322022 2023 —
state functional connectivity 2022 2.182022 2023 —
expression 2023 3.62 2023 2025 —
emotion 2023 3.11 2023 2025 —
adolescents 2023 2.852023 2025 —
impact 2023 2.852023 2025 —
mood 2023 2.592023 2025 ———
prefrontal cortex 2023 2.14 2023 2025 —

Figure 7. The 17 keywords with the strongest citation surge
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