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Applications to Cognitive Science

Off-line spontaneous brain activity and memory
consolidation

Reverse replay of
behavioral sequences in

hippocampal place cells
during the awake state.
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Foster and Wilson, 2006. Nature; Colgin and Moser, 2006. Nature

Applications to Cognitive Science

Enhanced brain correlations during rest are
1:elated to memory for recent experiences
Tambini et al., 2010. Neuron
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Applications to Cognitive Science

Resting-state {/MRI and memory consolidation

Motor learning
group

Rest,  Rest,

Control group
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Motor learning but not motor performance modulated
subsequent frontal-parietal resting-state network

Albert et al., 2009. Curr Biol

Applications to Cognitive Science
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Episodic memory and Alzheimer disease: Resting-state f/MRI, memory consolidation,

APOE &4
*  Subtle change of episodic memory is the earliest

cognitive deficit in AD (Schwindt & Black, 1999, Neurolmage) > Question-1: Resting-state fMRI, hippocampus activity,

and APOE &4 healthy carriers?
*  Consistently decreased activation in AD patients
during both encoding and retrieval stages of episodic

memory (Schwindt & Black, 2009, Neurolmage) » Question-2: Spontaneous activity modulation by episodic

) o Encoding memory task in the brain regions for encoding?
*  Mechanism of episodic memory

s P
consolidation after encoding? Consolidation

Retrieval

Applications to Cognitive Science Applications to Cognitive Science

Design
Participants:
¢ Scanning sessions (3T Siemens):
¢ 917 students E=) S1  Resting-state (Rest1) 8 min
272 2/3 2/4 3/3 3/4 4/4 S2  Pictures (indoor or outdoor) (encoding) 5 min
1 52 13 799 51 1
S3 3D structure 8 min
* Two groups of healthy APOE carriers: £4/3 vs. E=) S4  Resting-state (Rest2) 8 min
€2/3, n=20vs 19, (half males), 18-23 yrs from S5 Retrieval: old or new (2 runs) 10 min

BNU, match for IQ and education * Rest2/Restl: spontaneous brain activity

modulation by task

Wang, , Yan et al., 2012. PLoS ONE Wang, , Yan et al., 2012. PLoS ONE
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Hippocampus

Behavior result: retrieval performance
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Applications to Brain Disorders

» Applications to Cognitive Science

* Alzheimer's Dementia (AD)
* Depression
=P - Applications to Brain Disorders  Autism Spectrum Disorder (ASD)
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ALFF in AD
Wang*, Yan* et al., 2011,
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Applications to Brain Disorders
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Daif, Yan* et al., 2012, Neurolmage
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Depressive-like behavior in rat model
of caregiver maltreatment

a
Methods
Treatment Forced swim Sucrose preference Social interaction
test test test
= - - ey ‘
s RS = 2 | o
~ 4 i
Infancy Adolescence Adulthood
PN1 PN8 PN12 PN45-55 PN60-80
Pups  Raising with a control Forced swim test
Bom  mother or low-bedding Sucrose preference test
mother Social interaction test
RAMRI

Yan et al., 2017. Trans| Psychiatry
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Applications to Brain Disorders

* Alzheimer's Dementia (AD)
* Depression
* Autism Spectrum Disorder (ASD)
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Depressive-like behavior in rat model
of caregiver maltreatment

d 25
cl
z § 20 0 Control
3 s W Maltreated
g - . 515
E 2 *
e 8 10
> 100 2
ancy ance  Aduthood g 2
P 2 Moess “ees 5 5 § os
3 @ s
ol 00
Adolescent  Adult Adolescent  Adult
€ 60 s
o st 400 = 85 o
10% 3001 %5 30 5o
092% 456 g 5§ 6
0.19% 398 23 200 £z
EE £%
82.38% 40.39% == 3
t 84.10% 46.79% F% 10 z8
Pup vocaization 127% sos% oLl 0
Adolescent Adult Adolescent  Adult
Yan et al., 2017. Trans| Psychiatry

24



8/28/20

The R-fMRI Maps Project
Consortium for Depression and Bipolar Disorders

Depressive-like behavior in rat model

of caregiver maltreatment
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Yan et al., 2017. Transl Psychiatry
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Biotypes in Depression

MDD%IL,\IL:\IjJ abm ﬁﬁﬁ;ﬁ

Biotype 1
Biotype 2
Biotype 3
Biotype 4

Improvement in

TMS response rate (%)
depression severty (%)

16 MDD vs. 26 2RI
Yamamura., 2016, Trans|

30 MDD vs. 30 {2EATER
Liuetal., 2014. Hum Br

16 MDD vs. 16 (2R 58
Liang et al., 2013. PLOS ONE
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25 MDD vs. 25 2RI
Liuetal,, 2017. J Affect Dis
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18 MDD vs. I8 2RI
‘Wang etal., 2012. PLoS ONE

22 MDD vs. 19 §EHEX1IR
Liuetal., 2013. J Affect Dis

Drysdale et al., 2016. Nat Med
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REST-meta-MDD

Started a consortium for big data sharing on
MDD. Connected by the preprocessing pipeline,
DPARSF, cited for over 1500 times : = ant

2 1. REST-meta- MDD it 115 LR RN
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= = ¥ REST-meta-MDD consortium contains
o, neuroimaging data of 1,300 depressed
5 v, B une over erina patients and 1,128 normal controls from
. 25 research groups in China, forming the
o L EE b= word's largest MDD R-MRI dataset
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REST-meta-MDD

lliness Duration Effect
ness Duration Efied Medication Effect

I For FEDN For Al MDDs
T=1.140 T=1541 T=-2629"
06
05
04
203
02
MO NC
0.1
E  r1ezemw 00
Long.  Short Long.  Short. FEDN  Med.

By addressing the inconsis

tency of FC pattern
in DMN for MDD, we suggest that DMN FC

remains a prime target for understanding the

O e et N e R pathophysiology of depression, with particular
relevance to revealing mechanisms of effective
treatments

Yan et al., 2019, PNAS. 33
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REST-meta-MDD
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REST-meta-MDD
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REST-meta-MDD
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Altered Developmental Trajectories in Intrinsic

Applications to Brain Disorders

Function between Default, Salience, and Executive
Networks in High-Functioning Autism
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Altered Developmental Trajectories in Intrinsic
Function between Default, Salience, and Executive

Networks in High-Functioning Autism
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SNACEN Corrlation (1)
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Yang, , Yan*, in prep. 43
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Altered Developmental Trajectories in Intrinsic
Function between Default, Salience, and Executive
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Altered Developmental Trajectories in Intrinsic
Function between Default, Salience, and Executive
Networks in High-Functioning Autism

Networks in High-Functioning Autism
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Physiological Significance of R-fMRI Indices: Can Functional
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Physiological Significance of R-fMRI Indices: Can Functional

Metrics Detect Structural Lesions (Brain Tumors)?
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Fan, , Yan*, 2019. Neurolmage: Clinical 49
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Physiological Significance of R-fMRI Indices: Can Functional

Metrics Detect Structural Lesions (Brain Tumors)?
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Fan, , Yan*, 2019. Neurolmage: Clinical 50
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Physiological Significance of R-fMRI Indices: Can Functional

Metrics Detect Structural Lesions (Brain Tumors)?

Patients Controls
ALFF ALFF

DC FALF| DC

Without Standardization
With standardization
0.0056

005

Fan, , Yan*, 2019. Neurolmage: Clinical 51
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Further Help
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Chao-Gan Yan, Ph.D. o e 0
http://wiki.rfmri.org
Instiate of Psychology,
© : nf,e%’ The R-MRI Journal Club

http://rfimri.org/Course

Q Official Account: RFMRILab
wechat
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Metrics Detect Structural Lesions (Brain Tumors)?

ALFF fALFF ReHo
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Patients: Tumor
0.50
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0.00 Healthy Controls:
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-0.50
Fan, , Yan*, 2019. Neurolmage: Clinical 52
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Thanks for your attention!
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