
密集追踪数据分析：模型及其应用1 
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DSEM)ҹף ҉ Ҋ ץ̆ ץ ף ᵀ (Group Iterative Multiple 

Model Estimation, GIMME)ҹף Ҋ ҉ Ȃԋ ץ Ḃ

Ҭ ֜ Ȃ 

῏   ̆ ↓̆ꜚ ̆ ף ᵀ  

 

1 引言 

ԊᴆҬ ҩ̆ᵣ ȁ ȁ ҹץ ⱳ Ҍ ѿ

Ҍ ̆ ᴪ ꜚ (Vallacher et al., 2002)ȂD

ѿ ҉ ֲ Ҭ ̆p ץ ῤҩᵣ

ῤ ꜚ ̆ӞҌ Ԋᴆ ҩᵣ ȁ ҹ ֟

(Setodji et al., 2019)̆ ῒ └֟ ( , 2016; 

Setodji et al., 2019)Ȃ ̆ҹԅ ῀ ҩᵣῤ׆ ῏ ̆

̆ ҩᵣ (Trull & Ebner-Priemer, 2013)Ȃ 

ȁ ̆ ҩᵣ ҹץ

ꜚ ̆ ῤ ȁֲ ȁ ҹ

(Hofmans et al., 2019; Lazarevic et al., 2020; Trull & Ebner-Priemer, 2014)Ȃ Bringmann

ֲ(2017) ӈ̆ ῤ̆ ⌠ ҩᵣ Ҍ
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Ḥ Ȃ ̆ ץ ῏ ῤ Ḥ ̆

ꜚ (Bolger & Laurenceau, 2013)̆ ѿ ҩᵣῤ

ҹ ꜚ ( , 2016)Ȃ 

̆ ꜚ ᶏ ̆ ץ ⱴ Ḃȁ

῏ ҹȁ ȁ ̕ Ḃ ץ

Ӟ̆ ≠ԍ ῏ԍҌ Ҍ Ȃ ׂ

⌠ ҩ (Chen & Zhang, 2020; Windt et al., 2018)̆ ̆

ҹ(Lanza et al., 2014; Shiffman, 2009; Weinstock et al., 2017)ȁ ⱬ (Chun, 2016; van De 

Schoot et al., 2015)ȁ (Malmberg & Martin, 2019; Sturgeon et al., 2014)ȁ

(Munsch et al., 2009)ȁ֪ ῏ (Howland & Rafaeli, 2010)ȁֲ (Trull et al., 2008; Wright 

et al., 2015, 2016)ᶏ (Lazarevic et al., 2020)Ȃ 

TrullEbner-Priemer(2013)₮̆ ‗ԅ

̆ Ẓ ȁ ҩᵣ Ҍ (Bolger & Laurenceau, 2013; 

Sened et al., 2018)Ȃ ⌠ ᴨ̆ל ῤѿ֓ ᶏ

Ẋ ̆ ҩᵣ ҹ ( , , 2017; 

Ṭ , 2019)ȁ ҩᵣ ( , , 2017)ȁҩᵣ Ҭ

ⱬ ( ץ(2019 , ҩᵣ ᴡ ꜚҬҺ (ᴋ , 2010; , 

ᴯ, 2015)Ȃ ֓ ҹᴰ (Multilevel Model, MLM)

№ ( , , 2017; , 2019; , 2016)Ȃ ̆

ᴨל ԍ Ҭ ꜚ ( ⌠

ῒז ; Hamaker & Wichers, 2017; Molenaar, 2004; Molenaar & Campbell, 

2009)̆ № ₮ԅ Ȃ 

ҹԅ ꜛ ױ ԍ ԅ Ҋ̆ ᾢ

ῒᴨל ᵣ ̆ ׃ Ҭ ҹ № (MLM)̆ץ

╠ № Һ̆ ꜚ (Dynamic Structural Equation Model, DSEM)

ף ᵀ (Group Iterative Multiple Model Estimation, GIMME)Ȃҹԅ

MLMȁDSEM GIMME Ҭ ̆ №≢≠ ҈

Ȃ ҹ̆ԅ ꜛ ’ ̆

Һ ᴨ ᶫץ̆ Ȃ 
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2 密集追踪研究方法及优势 

2.1 密集追踪研究方法 

ꜚ ᵀ (Ambulatory Assessment, AA; Bolger et al., 2003; Sened 

et al., 2018)̆ῒ ₃ ̔(1) (Experience Sampling Method, ESM; 

Csikszentmihalyi & Larson, 2014)̆ ԍֲ ᴪ ̆Һ ᶏ Һ

̕(2) (Daily Diary; Bolger et al., 2013)(Daily Process Approach; 

Tennen et al., 2000)̆ ̆ ῏ ̕(3)

ᵀ (Ecological Momentary Assessment, EMA; Stone & Shiffman, 1994)̆ ԍҳ

Ȃῖ EMA Ҭ ┴ ҹ ̆ ֓

┴Ҭ̆ ꜚ ̆ Һ ֓ ҹ( ̆

⌠ ᵬ ; Lazarevic et al., 2020)̕(4)ꜚ

(Ambulatory Monitoring; e.g., OôBrien et al., 2000)̆ ᵹ Ḃ ת ̆

( ) Ȃ 

ѿ ̆ ץ ӈ №ҹ҈ (Fisher & March, 2012; Trull & 

Ebner-Priemer, 2013)̆ ᵀ̕ ᵀ̕ ȁ ҹ

ᵀȂ ᵀҬ̆ Ҍ ̆ ץ /

ᵀ̆ Ԋᴆ ᵬ (Reis et al., 2014)ȂҌ

ᴨל Ҍ ̔(1)

(Fisher & March, 2012)̆ῒ Ҍᴪ ⌠ ̆

ᵬȂ ̆ Ӟ ҹ Ԋ

ᴆ̆ ԅῒז Ԋᴆ ֟ ̕ ̆ ̆Ӟ ᶏ

₮ (Fisher & March, 2012; Hofmans et al., 2019)Ȃ(2)

Ҭ̆ Ҍ (Fisher & March, 2012)̆

ץ ⌠ѿ֓ΐ ף ̕ᵖ ԍ ̆ ̆

Ҍ (Fisher & March, 2012; Hofmans et 

al., 2019)Ȃ(3)̓͂ Ԋᴆ ̆ Ԋᴆ Һꜚ

(Fisher & March, 2012)̆ῒᴨל ԍ ץ ⌠ҍ ῐ Ԋᴆ ῏

Ȃ ̆ ⌠ ‗ԍ Ԋᴆ ̆ Ԋᾢ

̆ᶏῒ ⌠ Ԋᴆ Һꜚ (Fisher & March, 2012; 
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Hofmans et al., 2019)Ȃ 

̆ҍ ᵀҌ ̆ ᵀ ȁ ҹ ᵀҺ

( ̆ Ҭ ȁ ꜚ ץ̆

)̆ Ҍ Һ (Trull & Ebner-Priemer, 2013)̆ ᶏ ֟

̆ ῒ ӞҌ ⌠ Һ Ȃΐᵣ῏ԍҌ ᶏ ץ

FisherMarch(2012)ȁvan Roekelֲ(2019) ץ̆ ῏ԍ Ҭ

ᶛȂ 

2.2 密集追踪研究方法的优势 

ԍᴰ ̆ ᴨלҺ ᵣ (̔1)ҍ Ҭ

̆ ȁ ̆

ץ ⁞ Ҭ₮ Ẓ (Stone et al., 1999)Ȃ ̆ ֟

ԍԊᴆ ⱴ‰ ̆ ף (Sened et al., 2018)Ȃ(2)ҍ

Ҭ ̆ ᶫԅ ҩ ᶏ̆ ץ

ҩᵣῤ ꜚ ԑᵬ ( , 2016; Trull & Ebner-Priemer, 

2014)Ȃ(3) ̆Ҍֽ ԍ ̆

ᵞԅ ᴪ ץ ̆

(Sened et al., 2018)Ȃ(4) ̆ᾛ №≢ ҩᵣ

ҩᵣῤ (Curran & Bauer, 2011; Sened et al., 2018)Ȃ Ẋ Һ

ҩᵣῤ (Intraindividual Processes)̆ᵖῒ № ҩᵣ ῏

(Interindividual Processes)( ̆Lauֲ (2016)ҩᵣ

̆ ₮ľ ⱬ ᴪḆ ῒ ̆ ẫ Ŀ ѿҩ

ᵣῤ )̆ ⌠ ῏ԍҩᵣῤ῏ (Curran & Bauer, 

201l)Ȃ 

ԍᴰ ̆ Ӟΐ ῒ ᴨלȂD

( ԍ10; Jahng, 2008)̆ ғ ̆ Һ

҉̆ ᵣ ṿ (McNeish & Hamaker, 2019; 

Nesselroade, 1991; Setodji et al., 2019)̆ᵖҌ ԍ ҩᵣῤ ꜚ (Jahng, 

2008)Ȃ ȁ (Hamaker & Wichers, 

2017; Walls & Schafer, 2006)̆ ץ ῀ (Bolger et al., 
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2013)̆ᾛ ҹ ᴪ ֟ ץ̆ ῏ ῍

└ (Collins, 2006)Ȃ ԍᴰ ̆ ῤ

̆ ⱬ ῤ Ẋ ̆ ԅᴰ Ҭ ῤ

ⱬҌ (Fraley & Hudson, 2014; Hofmans et al., 2019)Ȃ 

̆ Ḡ (Sened et al., 2018)̆

ᾛ ҩᵣ׆ ῏ ̆ ῀№ ҩᵣῤ (Baltes & 

Nesselroade, 1979; Molenaar, 2004)Ȃ≠ ̆ ץ ȁ

ԍҩᵣ ׆̆ ⱴ ‰ ≢ҩᵣ ῒ (Wright & Woods, 

2020)̕ ̆ ҩҩᵣ

⌠ Ҭ(Hofmans et al., 2019)Ȃ 

3 密集追踪数据的传统分析方法 

ΐ ῖ № ̆ 1( ) ᾝ ԍ 2(ҩ

ᵣ ) ̆ 2 ץ ԍ ( ̆ ≢ )̆ ᴰ ҉≠

MLM № ( , 2016; Schwartz & Stone, 2007; Walls & Schafer, 2006)̆

№ҹҩᵣῤ ҩᵣ ҩ (Walls & Schafer, 2006)Ȃ 

3.1 方法原理 

ңץ MLMҹᶛ ѿ̆ ̆ Ҭ 1̓͂ ҩᵣῤ Ҍ

ӊ ῏ ̆ 2̓͂ ҩᵣ ҉ ῏ Ȃ ԍ 1( )̆ ץ

ѿҩ 1 ’ҹᶛ̆ҩᵣ Ὥ  ὸ Ὲ Ҋ(Heck & Thomas, 

2015)̔ 

ὣ b bὢ e 1  

ῒҬ ὢ̆ ҩᵣὭ  ὸ ҩ  ̆b b№≢ ĕ

(e ὔͯπȟ„ )Ȃ ̆ Ҭ̆ Ὕ ᵬҹץ ⱴ῀⌠ 1

ҬȂ 

ԍ 2(ҩᵣ )̆ ץ ѿҩ 2 ’ҹᶛ̆ῒ

Ҋ̔ 

b g gὡ ό 2  

b g gὡ ό 3  
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ῒҬ̆b b№≢ҹ 1Ҭ ̆ὡҹ 2 ̆gȁg 

№≢ҹ 2 ὡ bȁb ğȁg Ȃ 1

Ҍ ҩᵣ ( )̆ғ ѿ ץ 2

Ȃ ̆ 1 2 ץ ҩ ’Ȃ

Ҭ ΐᵣ ’̆ ץ ῒ ̆ ԍҩᵣ̆ҩᵣ

ѿ ԍ ᵣ Ȃ 

ᶏ MLM№ ᴰ ̆ Ẋ Ҍ ҩᵣ 1 „

̆ᵖ Ҭ̆ Ẋ ᴪ ѿ֓ (Jahng & Wood, 2017)̆

‰ Ẓᵀ (Hamaker & Grasman, 2015)Ȃ Ҭ

ҩ̆ᵣ ╠ ᴪ ⌠ᾢ╠ ̆ Ẋ 1

(Hamaker & Grasman, 2015)Ȃץ ѿ (Lag-1 

Autoregressive Effects)ҹᶛ̆ (1)Ҭ e ץ ҹ(Hamaker & Grasman, 2015)̔  

e Feȟ Ὡ 4  

ῒҬ̆ Ὡ ץ ҹ Ҭ ⌠ ̆ ׆ № ̆ Ὡ~N(0, „Ὡ)Ȃ

F ҩᵣi ̆ ҩᵣ ╠ Ẓ e ҉ ⌠҉

ѿ Ȃ F 2 ҹ(Hamaker & Grasman, 2015)̔  

F F ό 5  

ῒҬ̆F ҩᵣ ̆ό ҩᵣi ҍ

ӊ Ẓ ̆ ׆ № ̆ό~N(0, „ός)Ȃ 

3.2 传统多层线性模型的不足 

ᴰ MLM ץ Ҍ ҩᵣ ῏ (Walls & 

Schafer, 2006)̆ᵖ Ҍ Ȃ № ꜚ ȁ ῏

ל ̆ᴰ MLMׅ ѿ (Li et al., 2006)Ȃ ᾢ̆

῏ ҩᵣῤ ꜚ ̆ Ҍ ̆D MLM № ҩ

ᵣῤ Ҭ ҩᵣ ᴪ֟ Ҍ ᵀ (Jahng, 2008)̆ғҌ ‗

ҩᵣ (Shiyko et al., 2012)Ȃῒ ̆MLM Ẋ

ѿ׆ № ̆ № ̕ᵖ ’Ҋ̆ Ẋ ⌠ ̆

ԍ ֓Ẋ ⌠ Ӟ Ҍ‰ (Piccirillo & Rodebaugh, 2019)Ȃ ѿ

K̆e ֲ(2019)₮̆ (Bayesian Multilevel Structural Equation 
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Modeling)ҍ ẫ ȁᶏ № ( Student's t№ , Student's t Distribution; 

№ , Mixture of Normal Distributions; Tong & Zhang, 2012; Zhang, 2013; Zhang et al., 2013)

ᵀ ̆ ץ ‗ Ҍ № ᵀ Ҍ‰ Ȃ 

̆ MLMҬ̆ Ҭ № ῤ

(Curran & Bauer, 2011)Ȃᴰ ҉ ԍ ҩᵣ ṿҬ ȁ ṿҬ

̆ᵖ ֓ ҹ ̆ ѿ֓ ’Ҋ ֟ Ẓ (Asparouhov & 

Muth®n, 2019a; Curran & Bauer, 2011)Ȃ ̆ 2(Contextual Effects; L¿dtke et al., 

2008) (Nickell, 1981)̆ץ ҹ(ңҩ ҉ץ ≢ )№ ғ

₱ (Link Function)’Ҋ̆ᴰ ᴪ֟ ᵀ Ẓ (Asparouhov 

& Muthªn, 2019a)Ȃ (Missing at Random, MAR)Ҍ ῃ

(Missing Completely at Random, MCAR)̆MLMҬ ṿ ᵣ

ṿ̆ᴰ Ҭ ᵀ ҉ Ẓ (Asparouhov & Muth®n, 2019a)Ȃ 

4 密集追踪数据分析方法的新进展 

ҹԅᾥ ᴰ Ҭ ̆ ꜛ ҩᵣῤ ꜚ

ᵬ └̆Ҋ Һ ׃ ң № ̆

DSEM(Asparouhov et al., 2018)ԅҩᵣ ᵣḤ GIMME(Gates & Molenaar, 2012)Ȃ

Hamakerֲ(2018) ̆ ҩᵣ № ҹ№ץ ҉ Ҋ

(Top-Down Approach)Ҋ ҉ (Bottom-Up Approach)ң Ȃ ҉ Ҋ

Ҋ ᵞ ꜚ ( MLM̆ DSEM )̆ ᵞ

ҹ Ҍ ᵞ( ҈ MLMҬ̆ 2 ԍ 1 ̆

ᵖ 3 ᵞ )Ȃ Ҋ ҉ ᾢ ҩҩᵣ № ̆Ῥ ѿ

҉ Ҍ ҩᵣ ᵌ ( GIMME)Ȃ 

4.1 自上而下的方法：动态结构方程模型 

DSEM ԅᴰ MLM ҉ Ҋ ̆ ̆ ԍ ԅ ̆

ᴰ MLM ҹ (Asparouhov et al., 2018)ȂDSEM ԅ ᴨ̆ל

MLMȁ ↓ (Time-Series Modeling)ȁ (Structural Equation Modeling, 

SEM)ץ (Time-Varying Effects Modeling, TVEM)̆ ҹ ԍ№

 
2 ̆ └ԅ 1 ὢ ’Ҋ̆ 2 ὢׅ Ȃ 
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╠ ӊѿ(Zhou et al., 2020)Ȃ ҉ ꜚ ̆

ľꜚ Ŀ ץ ҹ ╠ ┴ ᴪ ⌠ ᾢ╠ (

)̆ ץ ⌠ῒז ᾢ╠(֜ , Cross-lagged Effects)ץ ╠

( , Contemporaneous Effects) Ȃ ̆ DSEMҬ̆

ҩᵣ Ȃ 

4.1.1 方法原理 

DSEMץ ҹ ꜚ (Dynamic Factor Model, DFM; Ferrer & Nesselroade, 2003; 

Molenaar, 1985; Molenaar et al., 1999; Zhang & Nesselroade, 2007)ҩҩᵣ ’Ҋ

(Asparouhov et al., 2018)Ȃ ̆ Ὥҩҩᵣ ὸҩ

ὣ №̆ ҹҩᵣὭ ὣȟȁ ὸ ὣȟ̆ ץ ҩᵣ ̆

ҩᵣὭ ὸ ꜚ ὣȟ ҈ҩ №̆ ὣ ὣȟ ὣȟ ὣȟ (Asparouhov et al., 

2018)Ȃᶛ ̆ ᵣ ᵬ Ҭ ⌠ ᵬ ⱬ ̆ῒҬҩ

ᵣὭ ὸ ᵬ ⱬ ὣ̆ ‗ԍҩᵣ Ὥ ᵬ ⱬ҉ ѿ ὣȟȁ

ὸ ҩᵣ ᵬ ⱬ ѿ ὣȟ( ѿ̆ ̆ ⌠ ѿ ҩᵣ ᵬ ⱬ ᴪ

)̆ ץ ҩᵣ ѿ ̆ҩᵣ Ὥ ὸ ᵬ ⱬ ὣȟ( Ὲ

(6)-(7) ̆ ֓ ̔ ҩᵣ ̆ᾢ╠

ᵬ ⱬ ╠ )Ȃ 

DSEM ὣȟȁὣȟץ ὣȟ ҈ҩ №̆ᵖҌ

̆ Ҍ DSEMȂ

̆ Ҭ̆ ὸ ρֽ ҩᵣ ѿҩ ̆ Ҍ ҩ

( ὸ ρ ѿ ) ̆ ὸ ρ ԍ ҩҩᵣ ѿ

ӈ̆ Ҍ (Asparouhov et al., 2018)ȂAsparouhovֲ

(2018)₮̆ ץ ὣȟ ѿ №̆ ҩᵣ

̆ ң DSEM(Two-Level DSEM)̕ ѿ ὣȟ̆ DSEM

(Single-Level DSEM)Ȃң DSEMҹ Ҋ ’̆ ̆

DSEM Ҋ ׃ Ȃ 

ᾢ̆ҍDFM ᵌ̆DSEM 1 ԅ t ⌠ ╠

ᾢ╠L ̆ (Asparouhov et al., 2018)̔  
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ὣρȟὭὸ ὺρ LρȟὰὭὸ

ὒ

ὰπ

–
ρȟὭȟὸὰ

ὙὰὭὸ

ὒ

ὰπ

ὣρȟὭȟὸὰ ὑρȟὰὭὸ

ὒ

ὰπ

ὢρȟὭȟὸὰ ‐ρȟὭὸ 6  

–
ρȟὭὸ

ρȟὭὸ В ὄρȟὰὭὸ
ὒ
ὰπ –

ρȟὭȟὸὰ
В ὗ

ὰὭὸ
ὒ
ὰπ ὣρȟὭȟὸὰ В ɜρȟὰὭὸ

ὒ
ὰπ ὢρȟὭȟὸὰ x

ρȟὭὸ
7  

ῒҬ̆ –ȟ ὣȟ ̆Lҹ ̆Ὑȁὑȁὄȁὗȁɜ

Ȃ‐ȟȁxȟ ̆ ṿ ҹ0Ȃ ̆DSEM 2 3 Ὲ

Ҋ(Asparouhov et al., 2018)̔  

ὣςȟὭ ὺς Lς–ςȟὭ ὑςὢςȟὭ ‐ςȟὭ 8  

–
ςȟὭ

ς ὄς–ςȟὭ ɜςὢςȟὭ x
ςȟὭ

9   

ὣσȟὸ ὺσ Lσ–σȟὸ ὑσὢσȟὸ ‐σȟὸ 10  

–
σȟὸ

σ ὄσ–σȟὸ ɜσὢσȟὸ x
σȟὸ

11   

ῒҬ̆X2,iҹѿ ҩᵣ ( Ҍ ҩᵣ ̆ᵖҌ ) ̆X3,tҹѿ

( Ҍ ̆ᵖҌ ҩᵣ ) Ȃʂ2,i ʂ3,t№≢ҹὣȟ

ὣȟ Ȃ ̆DSEM 1 ԅ ὸ ҍ ╠ ᾢ╠ὒ

῏ ̆ 2 ҩᵣ ̕ ғ̆ҍᴰ Ҍ ̆DSEM

3 ԅ Ȃ 

ΐᵣ D̆SEM 1Ҭ ȁ ץ

ѿ 2 3 ̆ Ҍ ҩᵣ (Asparouhov et 

al., 2018)Ȃ ԍ 1 ί( ί̆ ץ ף Ὑ Ҭ ᾝ ȁ Lȟ

Ҭ ᾝ ȁ ȟ )̆ῒ ץ 2 3 № ҹ ίȟ  ίȟ ңҩ №̆

№≢ ҩᵣ (Asparouhov et al., 2018)Ȃ ̆ DSEM

Ҋ ҩ̆ᵣ № ҹҩᵣ ңҩ Ȃ

2 ⌠ֲ (ҩᵣ ) ̆ 3 ⌠

ᵬ ( ) Ȃ ᵌ ̆ ԍ Ҭ ̆ῒ Ӟ ץ

ҹ ₱ ὠ %ØÐίȟ ίȟ̆׆ ≠≢№ץ ҩᵣ

ῒ (Asparouhov et al., 2018)Ȃ 

McNeishHamaker(2019)₮̆ ԍ MLM̆ DSEM֦ ԍ ץ Ḃ

֜ Ȃ ‰ MLM ᴆӞ ⇔ץ

ⱴ῀ ׆̆ DSEMᵌ № ̕ᵖ Ҍ ̆MLMҬ
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Ӟ ӊ ׆̆ ᵀ Ҥ (McNeish & Hamaker, 2019)Ȃ

DSEM≠ (Kalman Filter; Harvey, 1989)̆ ԍ҉ѿ ╠

ף ̆Ҍ ᶭ ↓− (Listwise Deletion)̆

ᴨלȂ ̆ 3.2 ̆ MLMҬ̆ Ҭ

№ ῤ (Curran & Bauer, 2011)̆ᵖᴰ Ҭ

Ҭ Ҍᶃ(Asparouhov & Muth®n, 2019a)ȂDSEMᾛ ̆

Ҭ ( №̆ ὢ №ҹὢȟȁὢȟȁὢȟ҈ҩ №№≢

) ԍҩᵣ ѿ (Asparouhov et al., 2018)Ȃ ’Ҋ̆

Ҭ ᵀ ᴰ Ҭ ᴨ̆

‗ᴰ Ҭ (Asparouhov & Muth®n, 2019a)Ȃ 

̆DSEM ὸҹ ̆ᵖ Ҭ ѿ ᴆ

(Asparouhov et al., 2018)Ȃᶛ ̆ ӊ Ҍ (West, 2018)̆

ᶏ  ὸ Ҍҹ Ȃҹԅ ‗ ѿ ̆DSEM ѿҩ ̆

׆̆ ⌠ѿ ↓ ᵌ ṿ(Asparouhov et al., 2018)Ȃᶛ ̆ ҩ

№≢ҹ0.5ȁ0.9 2.1̆ ץ ѿҩ ŭ = 0.5ᵬҹ

ᵝ̆ ҩ ᵌ ҹt0 = 0, t1 = 1, t2 = 2, t4 = 4Ȃ ԍt3Ҍ

ṿ D̆SEM ҹ ṿ (Asparouhov et al., 2018)ȂAsparouhovֲ(2018)

₮̆ ŭᴪ ṿ̆ Ẓ ↕ ᴪ ҩ ҹ

ѿҩ ̆ ŭ Ȃ ԍ ᵥ ҹ ŭṿ̆

Asparouhovֲ(2018)ᶫԅ ҹ Ȃ 

ѿ ̆ ᵀ Ҍ ᶭ ̆ ’Ҋ ΐ

ᴨל(van de Schoot et al., 2014)̆ᵖ ᴨלҌ ֽ ᵀ Ḃ

ץ (Depaoli & Clifton, 2015; van de Schoot et al., 2015)̆

’ ᾢ № Ȃҍῒז Ҋ ᵌ(Depaoli & van de 

Schoot, 2017; McNeish, 2017; Zondervan-Zwijnenburg et al., 2017)̆ ᶏ Mplus

Ḥ ᾢ ᴪᶏ DSEM ẁ ԍ֟ Ẓ ᵀ (McNeish, 2019)Ȃ ̆

̆ ╠ֲ ῒזᾢ Ḥ ᾢ №

̕ ӎᾢ Ḥ ’Ҋ̆ ᶏ ṿ ∞

└ ᾢ № (Admissible-Range-Restricted Priors)̆Ӟ ץ ҉ DSEM

ᵀ (McNeish, 2019)Ȃ 
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4.1.2 模型拟合及比较 

DSEMץ≠ Ẓ Ḥ ‰↕(Deviance Information Criterion, DIC)ᵬҹ ҍ

(Asparouhov et al., 2018)ȂDIC ԍ ᵀ Ҭ (Spiegelhalter et al., 

2002)̆DIC Ȃ ̆ DSEMҬ ȁ ԍ ̆

ף ⌠ ҹ DIC(Asparouhov et al., 2018)Ȃ ̆Asparouhovֲ

(2018)̆ Ҍ ץ̆ DIC

⌠ ṿȂ 

4.1.3 优势及不足 

DSEM № ҉ ֦ ᴨלȂ ᾢ D̆SEM

ᴨ̆ל ȁ Ḃ Ҭ ҩ ӊ ῏῏ (Hamaker et al., 2018; Zhou 

et al., 2020)Ȃ Ҍֽ ԍ ң № ̆Ӟ ץ ҈ҩ ҉ץ ȂҌ

ȁ ѿ D̆SEMҬ ҩ ӊ

(Asparouhov et al., 2018)Ȃῒ ̆DSEM Ḃ Ҭ ῀

( ̆ Ҭ ꜚ ȁל )̆Ҍֽ ץ ̆

ץ ῏ ꜚ (Asparouhov et al., 2018; Zhou et al., 2020)Ȃ ̆

DSEM ᵀ ̆ ԍᴰ ̆

ԍ ᴨל( ׂ , 2019; Zhou et al., 2020)ȂSongZhang(2014)

ҍ DFM ̆ ₮ ꜚ (Multilevel Dynamic Factor 

Model, MDFM)̆p MDFMҬ ̆ ᴪ ᵀ Ȃ DSEM

ԍ └̆ ᶏ

Ӟ̆Ҍᴪ ῒ ҉ (Asparouhov et al., 2018)Ȃ╠ֲ D̆SEM

ṿᵀ №ᴨ (Schultzberg & Muth®n, 2018)Ȃ 

D̆SEMӞ ѿ֓Ҍ ҍ Ȃ ԍ Ҍ Ҭ Ҍ̆

ŭ ᴪ DSEM 1 ᵀ ֟ ѿ (Asparouhov et al., 2018; 

Asparouhov & Muthen, 2019b)ȂAsparouhovֲ(2018)DSEM ҉Ạ₮ ̆ ₮ԅ

ꜚ (Residual Dynamic Structural Equation Model , RDSEM)ֽ̆

Ҭᵣ ֜ ̆ ῒ №Ҍᴪ ⌠Ҍ

(Asparouhov et al., 2018)ȂAsparouhovMuth®n (2019b)̆

Ҍѿ ’Ҋ R̆DSEM DSEM ⱴ ẫ ₃̆ӍҌᴪ ⌠
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Ȃ 

̆DSEM № ҉ ֦ ᴨל(Hamaker et al., 2018)̆

ᵖӞׅ ҳ ̆֗ ȁ ῍ ‗Ȃ 

4.2 自下而上的方法：组迭代多模型估计 

҉ ̆DSEMᴰ MLMѿ ̆ ҹ ᵣ ȁ ᵣ̆ ҹ ҩ

ᵣ ̆Ҍ ӊ Ҍ ( ֓ ≠ץ

ҩᵣ )̆ ѿ ԍ ᵣ (Piccirillo & Rodebaugh, 

2019)Ȃ ̆ ԍ ᵣ ԍҩֲ № ⌠ Ҍ (Fisher et al., 2018; 

Turner & Hayes, 1996)̆ ≢ Ҭҩᵣ ’Ҋ̆ ᵣ ᵣ

Ҍ ᵣῤ ᴋѿҩᵣ(Miller & Van Horn, 2007; Molenaar & Campbell, 2009)Ȃ

ᶏ ѿ ̆Ҍ ҩᵣӊ ΐᵣ ’ȁ Ӟ ҩᵣ (Hayes et 

al., 2019)Ȃ ̆ Ṥ ԍҩᵣ № (Foster & 

Beltz, 2018; Hayes et al., 2019; Piccirillo & Rodebaugh, 2019; Wright & Woods, 2020)Ȃ≠ ԍ

ҩֲ № Ҍ ȁҌ Ҋ ꜚ № ̆ ץ ⌠

ȁ ΐ ׆̆ ⱴ ԍҩֲ (Hayes et al., 2019; 

Wright & Woods, 2020)Ȃ 

ԍҩֲ № ᾟ№ ԅҩᵣ ̆ᵖ Ӟ ⌠ԅѿ֓ Ȃ ̆

ֽֽ ԍҩֲ Ҍ ̆ ⌠ Ҭ ׆̆ ⌠

(Gates & Molenaar, 2012)̆ ӎѿ (Spencer & Schºner, 2003)Ȃ ̆Gates

Molenaar (2012)ҩֲ ҉̆ ᵣ῍֣Ḥ ᴨ̆ל ₮GIMMEѿ

ȂGIMME∆ ᵬҹѿ ⱳ ῍ Ἕ(Functional Magnetic Resonance 

Imaging, fMRI)№ ₮̆ᵖ Ӟ ԍ ҹ

№ (Foster & Beltz, 2018; Gates et al., 2020)̆ ץ ᵬ ԍҩᵣ

ԍ ᵣ ӊ ѿ (Beltz et al., 2016; Wright & Woods, 2020)Ȃ 

4.2.1 方法原理 

GIMMEѿ ꜚ ̆ ҩ ҹ Ҭ ѿҩ Ȃ ԍѿ

↓ –ὸ(p1)̆GIMMEῈ Ҋ (Beltz & Gates, 2017)̔ 

–ὸ ὃ ὃ –ὸ  ȟ  ȟ–ὸ ρ xὸ 12  
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ῒҬ̆ὃ(pp) ҩ ӊ (Contemporaneous Edges)̆ ץ

ҹ Ȃ (pp)ҹ ѿ (First Order Lagged Edges)̆

t ̆ ҍ҉ѿ ӊ ῏ ̆ ֜

Ȃxὸ(p1) ṿҹ 0 ȂGIMMEҩᵣ ԍ ѿ

(Unified Structural Equation Modeling, USEM; Kim et al., 2007)Ȃ DFMҌ ŬSEM

( Ҍ ) (Kim et al., 2007)Ȃ USEM ҉̆GIMME

№ԅҩᵣ ᵣ ̆Ҋ i ҹ iҩ ̆ ҉ g ᵣ Ҭ

Ȃ ̆ ҩҩᵣ Ҭ̆ ҩᵣ ץ ᵣ῍֣ Ȃ ̆

GIMME № ̔(1) ̕(2)ԍ ҩᵣ Ҭ ̆

Ҋ ҉ ᵣ ץ(3̕) ᵣ ҹ∆ ҩᵣ (Beltz & Gates, 2017; 

Gates & Molenaar, 2012)Ȃ 

GIMMEẊ ҹ̆ xὸҍ ԑ ̆Ҍ ל

(Beltz & Gates, 2017)Ȃ ̆ ѿ № ̆

̆Ῥ ⌠ ῀GIMMEҬ № (Beltz & Gates, 

2017)Ȃ ̆ Ӟ ץ ᵬҹ (Exogenous Variable)῀ ׆̆

 Ȃ(Woods et al., 2020)ל

ᵣ Ҭ ĞIMME∆ ᵬҹ ̆ ḱ (Modification Indices)

ҩᵣ ף ⱴ ̆ ᴨ ҩᵣ ῀

ᵣ Ҭ(Gates & Molenaar, 2012)Ȃ ̆GIMMEץ ᵣ ᵬҹ ף ∆ ̆

ҩҩᵣ ⱴ ᴨ ῒ ̆ ⌠ ҩҩᵣ Ȃ̓͂ ԍGIMME

ᵣ ҩᵣ ΐᵣ GatesMolenaar(2012)Ȃ 

ѿ ̆GIMMEѿ ( ѿҩ )

Ҭ ᶭ ̆p ҩҩᵣ

(A Posteriori Model Validation)̆ץ (Beltz & Gates, 2017; Beltz 

& Molenaar, 2015)Ȃ ץ xὸ ҹ (Beltz 

& Gates, 2017)ȂBeltzMolenaar(2015)׃ ԅGIMMEҬ ̆

ᶫԅ LISRELף Ȃ 

GIMME ҉̆ Ӟ ₮ԅῒ ̆ Gatesֲ(2017)₮

GIMME(Subgrouping Group Iterative Multiple Model Estimation, S-GIMME)̆

BeltzMolenaar(2016)₮ ‗ GIMME(GIMME for Multiple Solutions, GIMME-
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MS)̆ץ Gatesֲ(2020)₮ ԍ GIMME(Latent Variable GIMME, 

LV-GIMME)Ȃ GIMME ҉ L̆V-GIMME≠ ΐ (Instrumental Variables)

ң ԋӗ ᵀ (Two-Stage Least Squares Estimation, MIIV-2SLS)̆ ᾛ

№ Ҍ ҩᵣ Ȃ ̆ ԍ №

̆LV-GIMME ₮ Ҭ (Gates et al., 2020)Ȃ 

4.2.2 优势及不足 

̆GIMME № ҉ΐ ῒ ᴨלȂҍ ԍ ᵣ №

̆GIMMEᴨלҺ ᵣ ̔(1)ԍ ᵣ ѿҩ Ҋ ҉ ̆ῒ

῀ҍ ‗ԍ ѿ ᶛ ҩҩᵣ (Gates & Molenaar, 2012)̆

ץ ⁞ ҩᵣ Ḥ ̆ ԍ ῍ ҩᵣ (Beltz et al., 

2016)̕(2)ᾛ ҩҩᵣ ӊ ̆ ғ ᶫᴋѿҩᵣ ԍ ҩ ᵣ

Ḥ ׆̆ ҩᵣ ̆ ԍҳ ҉ ҩֲ ‰

ΐ ӈ(Wright & Woods, 2020)̕(3)ԍ ̆ 10

’Ҋ ץ ᵣ ᵀ (Gates & Molenaar, 2012; 

Henry et al., 2019)Ȃ ҍ ԍҩᵣ ̆GIMMEӞΐ ῒ ᴨ̔ל

ҩᵣ ԅ ̆ѿ ҉ ᵞԅ (Beltz 

& Gates, 2017)Ȃ ̆GIMME ᴆ ᵬ҉ ҹ Ḃ̆ғ ꜚ ₮ ҩҩᵣ ץ

ᵣ ȁ ̆ҹ ԍҩֲ ᶫԅү Ḥ Ȃ

GIMME ץ ҹ ̆ ԍ ҍ ̆ ԍꜚ Ҭ

ԑ ’(Beltz et al., 2016)ȂGIMMEҌֽ ץ ꜛ ׆

῏ ̆ ץ ₮ ҩҩᵣ ᵀ ̆ ⱴ

Ȃ 

GIMME № ҉ ᴨ̆לᵖ ѿ֓ Ȃ

ᾢ̆GIMME ҉ ѿ ꜚ ̆ ₮ (Overfitting)

(Beltz & Gates, 2017)Ȃῒ ̆GIMMEҺ ῍ (Covary)῏ └̆ ₃

ӍҌ ῀ № (Beltz & Gates, 2017)Ȃҹԅ ҩᵣ ҉Ҍ

ᵬ ̆ ҩᵣ Ҭ ⌠ ᵀ ѿ № Ȃ ̆

Kimֲ(2007)≠ ѿ (General Linear Model)̆ ҩᵣ ( ≢ȁ ȁ

) USEMҬ ⌠ ҩᵣ Ȃ ̆Beltzֲ(2013)≠ t ̆
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USEM⌠ ҩᵣ Ҭ̆ ⌠

≢ Ȃ ̆GIMMEẊ ҹ ̆Ҍ Ҭ

(Time-Varying Nature; Beltz & Gates, 2017; Foster & Beltz, 2018)̆ ᵖ Ҭ

₮ ῏ ꜚ ’Ȃ ̆GIMME ҩ ӊ

̆p Ҭ̆ Ҍ (Foster & Beltz, 2018; 

Kleiman et al., 2019)Ȃ ̆ GIMMEԍҩᵣ ҉₃Ӎ └̆ᵖ ԍ

ҩҩᵣ Ȃ 

4.3 实证演示及方法比较 

DSEM ץ Mplus҉ ̆ғף ҹ ̆ ҹ ≠ױ DSEM

ꜚ № ᶫԅ Ḃ≠(McNeish & Hamaker, 2019)̆ ₮

῏ԍ DSEM (Armstrong et al., 2019; Hamaker et al., 2018; Racine et al., 2019; 

Zhang & Zheng, 2019)Ȃ GIMME ҍῒ R (gimme; Lane et al., 2020)̆ Ӟ ≠ץ

LISRELץ MATLABҬ ΐ ̆ Ӟ₮ ≠

GIMME (Beltz & Gates, 2017; Bouwmans et al., 2018)GIMME

№ ̆ ᵣ S-GIMME (Lane et al., 2019)̆ץ ץ ₮ ҩ ᵣ

GIMME-MS(Beltz et al., 2016)Ȃ 

ҹԅ ѿ ⱴ ԍ DSEM GIMME ȁ ₮ԋ ᴰ

MLM ᴨ̆ל ≠ Mplus 8.4R gimmĕ McNeishHamaker(2019)

ᶫ Ὲ №≢ MLMȁDSEM GIMME № (ΐᵣף )Ȃ ̆ 

McNeishHamaker(2019)100 50ҩ (Depression)

(Urge to Smoke) ̆≠ DSEMѿ ↓Ҍ

ӊ ꜚ ῏ ץ̆ ҩᵣ ( ᵬ ⱬ ⱬ) ῒҬ ᵬ Ȃ 

4.3.1 传统多层线性模型的实证演示 

McNeishHamaker(2019)Ҭ ҩᵣ ̆ғ

ῤ ῏ (Intraclass Correlation, ICC)(ICC = 0.387)̆ ≠ץ

MLM № ȂẊ ȁ ץל

Ҍ ҩᵣ ̆ ᶛ MLM

( Mplusף A)Ȃҹԅ ̆ ױ 1 ( )

ҩᵣ ṿҬ Ȃ 3.1Ҭ ԍ MLM ׃ ̆ 1̆ ҩᵣ Ὥ 
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 ὸ ὣ ץ ҹ̔ 

ὣ b b ὢ ὢ bὝ e 13  

ῒҬ ὢ̆ ὢ№≢ ҩᵣὭ  ὸ ҩ ץ ҩᵣὭ  ̆Ὕ

Ȃ Ẋױ 1 Ҍ ҩᵣ ғ̆ ѿ

ץ ҩᵣ ᵬ ⱬ Ȃ ̆ 2̆ MLM Ҋ̔ 

b g gὡ ᵬȟ gὡ ȟ ό 14  

b g gὡ ᵬȟ gὡ ȟ ό 15  

b g gὡ ᵬȟ gὡ ȟ ό 16  

ῒҬ̆ ὡ ᵬȟ ὡ ȟ ҹ 2 ̆№≢ ҩᵣ ᵬ ⱬ ⱬȂ

MLM 1 ̔ 

 

图1 抑郁水平对吸烟欲望的影响 

̔ ῤ ҹ ̆ ῤ ҹ ȂҊ i iҩҩᵣ ̆t tҩ Ȃ 

Mplus 8.4 MLM ẫ ᵌ ᵀ (Robust Maximum Likelihood Estimator, 

MLR)̆ ֽᾛ ₮ ‰ (Muth®n & Muth®n, 1998-2017)Ȃ ₮ ‰

̆ ץ ᵀ Ȃ ̆ ᵬ ⱬ ⱬ ҩᵣ

(g=0.458, g=0.286, ps<0.001)Ȃҩᵣ

ⱴ(g=0.157, p<0.001)̆ᵖ ל ҩᵣ Ҍ ҩᵣ

ᵬ ⱬ ⱬ (ps>0.05)Ȃ ̆ҩᵣ Ӟ (g =0.741, 

p<0.001)̆ғҩᵣ ᵬ ⱬ ⱬ ̆ ҩᵣ Ӟ

(g=0. 270, p=0.001; g=0.334, p<0.001)Ȃ ӊ̆ҩᵣ ᵬ ⱬ ⱬᴪ ҩ

ᵣ ̆ғ ⱴῒ Ȃ 

ch
in

aX
iv

:2
02

00
9.

00
00

2v
2



4.3.2 动态结构方程模型的实证演示 

ҍMLM D̆SEMץ Ḃ Ҭ ꜚ № Ȃ ᶛֽ

ԅҩᵣ ̆ ң DSEMȂMcNeishHamaker(2019) Ҭ̆

ᵣ ₮ ̆ל Ȃ(Detrending)ל

Asparouhov (2018) D̆SEM ל № ᴪ

ᵀ ֟ Ẓ ̆ DSEM ĺĺRDSEM № ȂRDSEMҍ

DSEM ≢Һ ԍ RDSEM№≢ ҍל ֜ ̆

ֽ № Ҍ № ֜ ȂRDSEM

DSEM ₮ ѿ (Asparouhov et al., 2018)̆ RDSEM׃ ץ

DSEM№ Ȃ 

Ẋ ̆ 1̆ (ū ,  ū Ȥ ) ֜

̆ ╠ѿҩ ᴪ ѿ ֟ (ū )̆

╠ѿ Ӟ ᴪ ѿ ֟ ᵬ (ū )Ȃ

Ὲ ҹ̔ 

ὣ ȟ

ὣ ȟ

‘ ȟ

‘ ȟ

ὣ
ȟ

ὣ
ȟ

17  

ὣ
ȟ

ὣ
ȟ

b
ȟ

b
ȟ

Ὕ
‒ ȟ

‒ ȟ
18  

‒ ȟ

‒ ȟ

ū ȟÉ ū ȟÉ

ū ȟÉ ū ȟÉ

‒ ȟȟ

‒ ȟȟ

 ȟ

 ȟ

19  

ҍ 4.1.1Ҭ DSEM Ὲ ̆RDSEMֽ № ‒

֜ Ȃפ“ ȟ ÖÁÒ ȟ ̆“ ȟ ÖÁÒ ȟ ̆↕ 2̆ ҩᵣ

(‘ ȟ , ‘ ȟ )ȁ ҩ (ū ȟ ,  ū Ȥ ȟὭ , ū ȟ , 

ū ȟ, b ȟ
, b

ȟ
ץ̆( (“ ȟ̆ “ ȟ) ⌠ҩᵣ ᵬ

ⱬ ⱬ Ȃ ̆ҹԅḠ ҹ ̆

DSEM ӊ “ ȟ “ ȟ ῀ 2 Ȃ ̆ 2 Ὲ

ҹ̔ 
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ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợ
‘ ȟ

‘ ȟ

ū ȟÉ

ū ȟÉ

ū ȟÉ

ū ȟÉ

b
ȟ

b
ȟ

ÌÏÇ“ ȟ

ÌÏÇ“ ȟỨ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợ



















Ứ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ

ὡ ᵬȟ

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợ
 ᵬȟ

 ᵬȟ

 ᵬȟ

 ᵬȟ

 ᵬȟ

 ᵬȟ

 ᵬȟ

 ᵬȟ


ᵬȟ


ᵬȟ Ứ

ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ

ὡ ȟ

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợ
 ȟ

 ȟ

 ȟ

 ȟ

 ȟ

 ȟ

 ȟ

 ȟ


ȟ


ȟ Ứ

ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợ
ό ȟ

ό ȟ

u ȟÉ

u ȟÉ

u ȟÉ

u ȟÉ

ό ȟ

ό ȟ

ό
ȟ

ό
ȟỨ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ

20  

ῒҬ̆Ὲ (17) № ̆Ὲ (18)-(19) 1 ̆Ὲ

(20) 2 ( Mplusף A)ȂMcNeishHamaker(2019)ֽ ᶫ

ԅҩᵣ ̆ ᶛֽẊ 1 2 ⌠ҩᵣ

̕p Ḥ ᾟ ̆ Ӟױ ץ ᵌ 3

( ̆ ᵬ )֟ ̆ ץ “ ȟ ҹ

ÌÏÇ“ ȟ ίςȟὭ ίσȟὸ̆ ׆ ῒ№ ҹҩᵣ Ȃ ᶛҬ̆ ԍ

iҩҩᵣ̆ῒ 2 ̔ 

 

图2 吸烟欲望和抑郁水平的动态关系 

̔ ῤ ҹ ̆ ῤ ҹ Ȃ(W) ҩᵣῤ ᵀ ľ̆ Ŀ ľ Ŀ№≢

Ȃū ȟ ū ȟ№≢  ̆ū ȟ ū ȟ№≢ ҉ѿ

╠ ȁ҉ѿ ╠ ֜ Ȃ‘ ṿ ̆  ȟȟ  ȟȟ№≢

Ȃ“ ȟ “ ȟ№≢ҹ ȟȟ  ȟȟ Ȃҹԅ Ẋ ̆ Ҭ
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ҍ ל ῏ Ȃ 

DSEM RDSEM ץ ₮ ‰ ‰ ғ̆ ‰ 1

₮ԅҌ ҩᵣҬ ‰ (Within-Level Standardized Estimates Averaged 

Over Clusters)Ȃҹԅ ӊ ֜ ̆ ױ

Mplus₮ ‰ ̆ῒ ‰ ΐᵣ Schuurmanֲ(2016)

Ȃ 1 ‰ Ҍ ҩᵣҬ ̆ ⌠

(ū =0.177, CI=[0.142, 0.211])̆╠ѿ ץ ѿ

Ȃ ̆ ᵣ ⱴ(ū =0. 721, CI=[0.704, 

0.738])Ȃ╠ѿ ѿ ⌠ ̆p ╠ѿ

ץ ᵞ ѿ (ū =-0.069, CI=[-0.102, -0.038])Ȃ

2̆ ᵬ ⱬ ⱬ ҩᵣ̆ῒ ( ᵬȟ  =0.362, CI=[0.190, 0.515]; 

 ȟ  =0.220, CI=[0.055, 0.371])̆ ( ᵬȟ  =0.423, 

CI=[0.220, 0.594];  ȟ  =0.212, CI=[0.016, 0.388])̆

(
ᵬȟ

=0.355, CI=[0.227, 0.474]; 
ȟ

=0.211, CI=[0.076, 0.334])̆ ῒ

ꜚ ꜚ Ӟ ȂRDSEM ѿ ̆ҩᵣ

( )̆ ғҩᵣ ᵬ ⱬ ⱬ ̆ Ӟ Ȃ ױ

MLM № Ҭ ᵬ ̆ RDSEM ᵣ ԅ

ѿ ̆ ╠ѿ ץ ᵞ ѿ Ȃ

Ҭ̆ ԑᵬ ̆ DSEMᾛ ѿ Ҭ

ᵬ ̆ ҹץ Ȃ 

4.3.3 组迭代多模型估计的实证演示  

≠ gimmeѿR GIMME № Ȃ № ӊ╠̆ ᾢ

Ҭ Ȃל ץ ⌠

῀GIMMEҬ № Ӟ̆ ץ ᵬҹ ῀ ׆̆

Ȃҹԅ(Woods et al., 2020)ל ל ̆ ᶛ

╠ѿ ל Ȃץ ѿҩ ҹᶛ̆ 3aҹ

(URGE) ᵣ ̆ל ̆ Ȃ
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⌠ Ҭ ל ̆ῒ 3b Ȃ

ץ ₮̆ Ҍ Ȃל

  

a 

 

b 

图3 吸烟欲望随时间发生的变化 

̔ 3aҹ ᵣ ̕ל 3b Ҭ ӊל Ȃ 

⌠ ̆ ῒ ῀ GIMME № Ȃ ԍ ҩ Ὥ̆

ῒ ↓ ץ ҹ̔ 

– ȟὸ

– ȟὸ
ὃ ὃ

– ȟὸ

– ȟὸ
 ȟ  ȟ

– ȟὸ ρ

– ȟὸ ρ

x
ȟ
ὸ

x
ȟ
ὸ

21  

ῒҬ̆– ȟὸ – ȟὸ№≢ Ὥ ὸ ȂA(2 2)

̆ū(2 2)ҹ ҍ ӊ ѿ

(First Order Lagged Edges)̆ ֜ ȂҊ i ҹ iҩ

̆ ҉ g ҹ ᵣ Ҭ Ȃ ≠ GIMME № ̆ ≠ץ

ᵣ Ҭ Ạ₮Ẋ ̆ ῒᵬҹ∆ ף ( ̆

gimmeSEM₱ Ҭ paths=urge~deplağ↕ ∆ Ҭ ╠ѿ

╠ )Ȃ ᶭ Ҍ ̆Ӟ ץ ׆ ₮ ץ̆ ҹ

ꜚ (Beltz & Gates, 2017; Gates & Molenaar, 2012)Ȃ ≠ ꜚȁ

Ȃ 

‰ ₱ ̆gimme∆ ᵬҹ ̆ Ҋ ҉ ᵣ Ȃ

ΐᵣ ğimmeᾢ ḱ ҩҩᵣ ף ⱴ Ῥ̆ץҩᵣ

Ҭ ҹ ᵣ Ȃҹԅ ⌠ ҩᵣ Ҭ ҹ

̆ ᴨ ҩᵣ ( ҩᵣ Ҭ̆ MI

0.01 ҉ ⌠ )̆ ῀ ᵣ Ҭ(Gates & Molenaar, 2012)Ȃ
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̆ 75%ҹ ץ ῀ ᵣ ҳ ṿ̆ Ӟ ץ ΐᵣ ḱ

Ȃ ԍ ᵣ ̆gimmeῬ ҩᵣ ҩ ף Ȃ

̆gimme₮ ҩ Ȃ 4 gimme₮ ᵣ

Ȃ ᵣ ̆ 75%ҩᵣ Ҭ̆ 

(áurgeĄurgelag=.196, ádepĄdeplag=-.049)Ȃ ῒז 75%ҩᵣ Ҭ₮ ̆

ѿ Ӟᵣ ԅ ῏ ҩᵣ Ȃ 

 

图4 群体模型 

̔urge: ̕dep: Ȃ ᵣ Ҭ ̆ ҩᵣ Ҭ ̆ ף

̆ ( ֜ )Ȃ Ҭ ҩᵣ Ȃ 

5ҹ ҩᵣ ᶛȂ ᵣ Ҍ̆ ҩᵣ ӊ ꜚ

῏ ҩᵣ Ȃ ̆ ԍҩᵣ Ҭ ɓurgeĄurgelağ

ҩᵣ ╠ѿҩ ᴪ Ҋѿҩ (47%)̆ᵖӞ

ҩᵣ Ҭԋ Ҍ ᵬ (47%)̆ (6%)Ȃ ̆

9ҩҩᵣ Ҭ̆ ץ Ҋѿ ̆ῒҬ 4ֲ ҹ ̆5ֲ

ҹ Ȃ 
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图 5 个体模型( 随机示例)  

̔urge: ̕dep: Ȃ ̆ ̆ ף ̆

( ֜ )Ȃ  

4.3.4 小结 

№≢≠ MLMȁRDSEM GIMME № ȂRDSEMץDSEMᵬ

ҹ ̆ Ӟ ԅ DSEM№ ȂMLM DSEM ҹ ҉ Ҋ

̆ MLM̆ DSEM№ ᴨץ(1)̔ל Ḃ

֜ № ( ֜ ץ(2)̕(

ҩ ̕(3) ₃Ӎ ץ(4)̕└ 1 ₮Ҍ ҩᵣҬ

‰ ̕(5) Ҭ ץ(6)̕ Ȃ

ⱴ ȁ ῀ ӟ DSEM MplusҬ ף ̆ ץ McNeish

Hamaker(2019)Ȃ 

ҍMLM DSEMҌ ĞIMMEѿ ῖ Ҋ ҉ ȂҍDSEM ̆

GIMMEᴨלҺ ᵣ ץ ₮ ҩҩᵣ ̆ᾛ Ҍ ҩᵣ

׆̆ ҩҩᵣҬ ԑᵬ Ȃ ̆GIMMEҌ

Ҍ ῀ ̆ Ҍ Ḃ ҩᵣ ( ᵬ ⱬȁ
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ⱬ) ҩᵣῤ ᵬ ῏ Ȃ 

4.4 其他模型 

ԅ׃҉ץ ̆ ҬӞ ῒז Ȃ ̆ ⌠

Ҭ ₮ ’̆ ױ MLM SEM ̆ ₮

(Multilevel Structural Equational Model, MSEM; Gottfredson et al., 2009; Johnson et al., 

2005)ȂҍMLM ᵌ̆MSEM ҩᵣῤ ꜚ ץ ҩᵣ Ӟ

Ȃ ῀ ԅ MSEM̆ ץ Rabe-Hesketh(2007)P̆reacher

ץ(2010) Holtmann(2016) Ȃ 

VAR (Multilevel Vector Autoregressive Model, mlVAR; Bringmann et al., 2015)↕

VAR ҉̆ ѿ ᾛ ҩҩᵣ № ̆Ӟ ╠ ҹ

ԍ ӊѿ(Bringmann et al., 2016; Jongerling et al., 2015; Piccirillo & 

Rodebaugh, 2019)Ȃ ≢ ῒҍ № ץ̆ ῒR mlVAR₮(Bringmann et al., 

2013; Epskamp et al., 2016)̆ᶏ mlVAR ⱴ Ḃ̆ғ ץ ₮ҍGIMME

ᵌ ̆Ḃԍ ҳ ҉ ≢ Ҭ Ҭ (Symptom Centrality; Bringmann 

et al., 2015)Ȃ ̆ҍGIMMEҌ ̆mlVAR ҉ ԍ ᵣ ȂmlVAR

ΐ ᵞȁ ԍ № ᴨ ̆p ̆

ғ ץ ᵀ (Bringmann et al., 2015; Epskamp et al., 2018)Ȃ ԍ ̆

ֽ mlVAR ׃ ̆ ׃ Bringmannֲ(2015) Ȃ 

̆ ⌠ ̆ ꜚ Ҭ ѿ (Time-

Varying Effect)B̆ringmannֲ(2018)VAR ҉ ѿ ῀ ̆ ₮

(Time-Varying Vector Autoregression, TV-VAR; Bringmann et al., 2018)ȂTV-

VAR ∆ ԍ ̆p Ӟ ԍ№ ꜚ (Bringmann 

et al., 2017; Bringmann et al., 2018; Chow et al., 2017; Haslbeck & Waldorp, 2020)Ȃҍ╠ ׃

Ҍ T̆V-VARҌ Ẋ ↓ (Stationarity)̆ ᾛ

( , 2020; Bringmann et al., 2018)Ȃ ̆TV-VAR ԍ

(ѿ ҩ 100ҩ )̆ғ ╠ ԍң №

(Piccirillo & Rodebaugh, 2019)Ȃ ῐ ץ ץ(2020)ֲ Bringmann

ֲ(2018)Ȃ 

4.5 密集追踪数据分析方法的选择策略 
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ҹԅ ꜛ ’̆ ̆ Һ

ᴨ ᶫץ̆ (Asparouhov et al., 2018; Gates et al., 

2020; Gates & Molenaar, 2012; Piccirillo & Rodebaugh, 2019)̔ 

表 1 密集追踪的主流方法优缺点 

 ᴨ   

MLM/MSEM ̕ ᵞ 

Ẋ Ҍ ҩᵣ ԑᵬ └

̕ №ץ ҩᵣῤ ꜚ

└̆ Ҍ  

mlVAR 
ᵞ̕ ԍ

ꜚ ֜ԑ̕  

Ẋ Ҍ ҩᵣ ԑᵬ └

̕Ҍ  

DSEM 

ץ № ҹҩᵣ ңҩ

̕

҉ └ ᾛ̕ ӊ

Ҍ  

Ẋ Ҍ ҩᵣ ԑᵬ └

̕  

(LV-)GIMME 

ҩ ̆ ҩᵣῤ

ꜚ └ ̕ ԍ

ꜚ ֜ԑ̕ ꜚ  

₮ ̕ ₃ӍҌ

῀ ̕ ҩ

 

̔GIMME̔ ף ᵀ (Group Iterative Multiple Model Estimation)̕LV-GIMME̔ ԍ

GIMME(Latent Variable GIMME)M̕LM: (Multilevel Model)̕MSEM̔ (Multilevel Structural 

Equational Model)̕mlVAR̔ VAR (Multilevel VAR)̕DSEM̔ꜚ (Dynamic Structural Equation 

Model)ȂҊ Ȃ 
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图 6 密集追踪数据方法的选择策略流程图 

5 讨论 

ҩᵣ ҩ ̆ ҩᵣ

ῤ └̆ ȁ № ᴰ ΐ ᴨלȂҹԅ

꞉ Ҭ῏ ꜚ ȁҌ

̆ Һ ׃ ԅң ̆ ױ ῒ ȁ

ѿ Ȃ ᴰ № D̆SEMGIMME ῀ԅ ↓

̆ ⱴ ԍҩᵣ ῏ ȂDSEMᾛ ᴋ

(Asparouhov et al., 2018)̆ GIMME׆ ԍҩֲ № ₮ ̆

ҩҩᵣ Ȃ ֓№ ҩᵣ ῏ ̆ ԅ ԍҩᵣ

Ṥ  Ȃל

ṿ ̆GIMMEѿ ԍῒ ̆ ҍ

ᴰ Ҭ ԍ╠ֲ ₮Ẋ ȁ≠

ѿ Ҍ Ȃ ᾛ ץ

ꜚ ῏ ̆ ץ ᾧᾢ῀ҹҺ ҹ̆ ᶫ

Ȃ ̆ № Ӟᵄ ȁ ץ ̆

ѿ ῒẢ ↕ ᴨ ȂDSEM Ҭ
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₃Ӎ └̆ Ӟ ԍ ȁ ⌠

ᵣ Ȃҹԅ ⁞ ̆ ╠ ῒ

№ ⅞ Ύ̆ Ҭ ῒ ȁ № Ȃ 

̆ ╠ ԍ ꜚ № Ẋ ̆ Ẋ

ץ̆ ’Ҋ ѿ (Hamaker et al., 

2018)Ȃ (Continuous Time Modeling)ץ ‗ Ẋ

̆ᵖ № (Voelkle et al., 2018)̆ ╠ ԍ ᵥ №

Ҭ Ҍ Ȃ ѿ

ҍ ꜚ ̆ҹ ᶫ Ȃ 

῏ ҩᵣῤ ҹȁ ȁ ꜚ ̆ ֓ῤ └

№ ̆ ᵬ ( ̆ң ֜ԑᵬ )Ȃ ╠

ҹҺ № ֽ ’( ̆DSEM GIMME)̆ᵖֽ ῏

֓ꜚ Ҍ Ȃ K̆elavaBrandt(2019)DSEMҍꜚ

≢№ (Dynamic Latent Class Analysis; Asparouhov et al., 2017)̆ ₮ ꜚ

≢ (Nonlinear Dynamic Latent Class Structural Equation Modeling, NDLC-

SEM)̆ᾛ ῤ № (Kelava & Brandt, 2019)Ȃ ̆ ╠

ᾛ ׅ ҹ ῒ̆ Ҍ Ҋ ΐᵣ

Ҍ ̆ ῒ ѿ Ȃ 

ԍ ̆ΐ Ȃ ̆

Ӟ ⱴ ̆ ⱴ ꜚ ̆

ῒ ῀ № Ȃ ̆ Ҭ ̆ GIMME

№ Ȃ ̆GIMMEԍ ҩҩᵣ ̆ ⱴ

ԅ Ȃ ץ ѿ ԍ ȁғ

ᵞ ץ̆ ѿ ̆

ᵞῒ Ȃ 

ӊ̆ ѿ ᴨל ԍ ҩᵣῤ ꜚ ῒ └Ȃ ╠

№ ̆p Ҭ Ҍ ̆

ӎ ԍ ѿ ῏ (Cronin & Vancouver, 2019; Voelkle et al., 2018; Zhou et 

al., 2020)Ȃ ̆ № ץ Ḃ ᴆ ( D̆SEM

GIMME)̆ ⁞ ԅ Ȃ ץ ꜛ ԅױ ȁ
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№ ̆ ᴨ̆ל ⁞ Ȃ 
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Intensive longitudinal data analysis: Models and application 

ZHENG Shufang, ZHANG Lijin, QIAO Xinyu, PAN Junhao 

Department of Psychology, Sun Yat-sen University 

 

Abstract: In the fields of psychology, education, and clinical science, researchers have devoted 

increased attention to the dynamic changes and personalized modeling of individuals' behaviors, 

minds, and treatment effects over time. Intensive longitudinal data is a set of measures collected at 

multiple time points with higher frequency over shorter periods. Thus, it can be used in the analysis 

of the dynamics and mechanisms of within-person processes. In recent years, intensive longitudinal 

design has become one of the most prominent and promising approaches in psychological research. 

However, many of these researches still rely on traditional data analysis methods. Many models 

have been proposed to analyze intensive longitudinal data, including top-down approaches (e.g., 

dynamic structural equation model, DSEM) and bottom-up approaches (e.g., group iterative 

multiple model estimation, GIMME). Both of the methods can conveniently model autoregressive 

and cross-lagged effects in intensive longitudinal data. 

Keywords: intensive longitudinal data, time-series, DSEM, GIMME 
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附录 

附录A：MLM与RDSEM实证演示Mplus代码 

1ȁMLMף ̔ 

DATA: 

FILE = [DATA LOCATION PATH]\ two-level data with Trend.csv; 

  VARIABLE:   

    NAMES ARE URGE DEP JS HS PERSON TIME; 

    USEVARIABLES URGE DEP JS HS TIME; 

    cluster=PERSON; 

    BETWEEN = JS HS; 

    WITHIN = TIME DEP;! Time is only used in the Within-Level model; 

    

  DEFINE: 

    CENTER DEP (groupmean); 

 

  ANALYSIS:    

    TYPE = TWOLEVEL RANDOM;!Two-Level Model with paths that are latent variables; 

 

  MODEL: 

    %WITHIN% 

    b1i | URGE ON DEP; 

    ! urge to smoke is regressed on Lag-1 urge to smoke 

    trend | URGE ON TIME;! urge is regressed on time to capture the trend over time, the !slope 

is latent; 

     

    %BETWEEN% 

    URGE b1i; 

    URGE with b1i TREND;b1i with TREND; 

 

    [URGE]; !mean intercept of urge to smoke; 

    [b1i]; !mean of the regressive slope; 

    [TREND]; 

 

    URGE; !urge to smoke intercept variance; 

    b1i; !regressive slope variance; 

    TREND; 

     

    URGE on JS HS;  

    !The person-specific intercept is predicted by Job Stress and Home Stress; 

    b1i on JS HS; 

    !The regressive slope is predicted by Job Stress and Home Stress; 

    TREND on JS HS; 
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 OUTPUT: TECH1 TECH8; 

 

2ȁRDSEMף ̔ 

DATA: 

FILE = [DATA LOCATION PATH]\ two-level data with Trend.csv; 

  VARIABLE:   

    NAMES ARE URGE DEP JS HS PERSON TIME; 

    USEVARIABLES URGE DEP JS HS TIME; 

    Lagged = URGE(1) DEP(1);!Created a Lag-1 variable for urge to smoke and depression; 

    CLUSTER=PERSON; 

    BETWEEN = JS HS;! Job Stress and Home Stress are only used in the Between-Level model; 

    WITHIN = TIME;! Time is only used in the Within-Level model; 

 

  ANALYSIS:    

    TYPE = TWOLEVEL RANDOM;!Two-Level Model with paths that are latent variables; 

    ESTIMATOR = BAYES;!Lagged variables can only be estimated with Bayes in Mplus; 

    BITERATIONS = (1000);!Run at least 1000 iteration of the MCMC algorithm; 

    BSEED=1028; 

 

  MODEL: 

    %WITHIN% 

    PHI1 | URGE^ ON URGE^1; 

    ! urge to smoke is regressed on Lag-1 urge to smoke 

    PHI2 | DEP^ ON DEP^1; 

    ! depression is regressed on Lag-1 depression 

    PHI3 | DEP^ ON URGE^1; 

    ! Depression is regressed on Lag-1 urge to smoke 

    PHI4 | URGE^ ON DEP^1; 

    ! urge to smoke is regress on Lag-1 depression 

    TREND1 | URGE ON TIME;! urge is regressed on time to capture the trend over time 

    TREND2 | DEP ON TIME;! dep is regressed on time to capture the trend over time 

    LogV1 | Urge; 

    ! the Within-Level residual variance of urge to smoke 

    LogV2 | DEP; 

    ! the Within-Level residual variance of depression 

 

    %BETWEEN% 

    [URGE]; !mean intercept of urge to smoke 

    [DEP]; !mean intercept of depression 

    [PHI1]; !mean of urge autoregressive slope 

    [PHI2]; !mean of depression autoregressive slope 

    [PHI3]; !mean of dep on urge&1 slope 

    [PHI4]; !mean of urge on dep&1 slope 
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    [TREND1]; 

    [TREND2]; 

    [LogV1]; 

    !log of the mean of the urge residual variance 

    [LogV2]; 

    !log of the mean of the urge residual variance 

 

    URGE; !urge to smoke intercept variance 

    DEP; !depression intercept variance 

    PHI1; !urge to smoke autoregressive slope variance 

    PHI2; !depression autoregressive slope variance 

    PHI3; !dep on urge&1 slope variance 

    PHI4; !urge on dep&1 slope 

    TREND1; 

    TREND2; 

    LogV1; 

    !between-person variance of urge to smoke residual variance 

    LogV2; !between-person variance of depression residual variance 

     

    URGE on JS HS;  

    DEP on JS HS;  

    !The person-specific intercepts are predicted by Job Stress and Home Stress; 

    PHI1 on JS HS; 

    PHI2 on JS HS; 

    PHI3 on JS HS; 

    PHI4 on JS HS; 

    !The person-specific slopes are predicted by Job Stress and Home Stress; 

    LOGV1 on JS HS; 

    LOGV2 on JS HS; 

    !The person-specific residual variances are predicted by Job Stress and Home Stress; 

 

    URGE DEP PHI1-PHI4 LOGV1 LOGV2 WITH URGE DEP PHI1-PHI4 LOGV1 LOGV2; 

 

 OUTPUT: TECH1 TECH8 STDYX; 

 

附录B：GIMME实证演示R代码 

library(DiagrammeR) 

library(gimme)  

library(mvtnorm) 

library(dplyr)  

library(xlsx) 
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#1ȁ  

wd<-"~" # ᴆ  

setwd(wd) 

dat<- read.csv("Two-Level Data with Trend.csv",header=F) # ᴆ 

colnames(dat)<-c("URGE", "DEP", "JS", "HS", "PERSON", "TIME") # ̆ῒҬ

URGE ̆DEP  

datawd<-paste0(wd,"/data") 

setwd(datawd) 

for(i in 1:length(unique(dat$PERSON))){ 

  # ҩᵣi  

  person_dat<-dat[which(dat$PERSON==i),c("URGE","DEP","TIME")]  

   

  #№≢ URGEDEP ᵣ  (detrend)ל

  temp = lm(person_dat$URGE~person_dat$TIME) 

  person_dat$urge<-residuals(temp) 

  temp2 = lm(person_dat$DEP~person_dat$TIME) 

  person_dat$dep<-residuals(temp2) 

   

  # ҩᵣi Ώ῀excel"data i.csv" 

  write.csv(person_dat[,c("urge","dep")], 

            paste("data",i,".csv"), row.names = FALSE) 

} 

 

#2ȁ≠ gimmeSEM₱ ₮ ᵣ ҩᵣ  

fit<-gimmeSEM(                   

        data = datawd,  # ᴆ   

        out = paste0(wd,"/output"),  # ₮ ᴆ  

        sep = ",",  # № ̆ csv № ҹ  

        header = T,  # Ҭ  
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        ar = TRUE,  # Ҭ ̆ ҹTRUE 

        plot = TRUE,  # ₮ ̆ ҹTRUE 

        groupcutoff = .75  # ץ ῀ ᵣ ҳ ṿ( ҩᵣ

ᶛ̆ ҹ75%) 

) 
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