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Latent Variable
Models

e Best practice
e Multivariate constructs

* Widely used
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Latent Variable
Models

e Best practice
e Multivariate constructs

* Widely used

[eook] Structural equations with latent variables
KA Bollen - 1989 - books.google.com

Analysis of Ordinal Categorical Data Alan Agresti Statistical Science Mow has its first
coordinated manual of methods for analyzing ordered categorical data. This book discusses ...
1 Save P9 Cite Cited by 39556 Related articles 58

* Notable Limitation
- Dependence
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Spatial & Social Dependence

Spatial:
- Observations physically closer are more
similar on a construct
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Spatial & Social Dependence

Spatial: Social:
- Observations physically closer are more - Observations socially closer are more similar
similar on a construct on a construct
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Modeling Spatial & Social Dependence

Unique insight

Spillover effects
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Example from:

Roman, Z. J. & Brandt, H. (2021). A latent auto-regressive approach
for Bayesian structural equation modeling of spatially or socially
dependent data. Multivariate Behavioral Research, 1-25.
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Modeling Spatial & Social Dependence
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Same statistical model
different type of “distance”

HEEEE-
34°N ~~ T
j Predicted Increase
in Violent Crime
32°N
% 0.3
_‘Eu 0.2 ) 2
30°N- ‘ i ::" Pa
y V4 % TS 7
PBW‘W% SO
Nams Can
28°N- N ! gis ’
26°N -
106°W 104°W 102°W LO; gtl)t"l\::'ie 98°W 96°W 94°W
. Example adapted from:
Example from: . . .
Roman, Z. J. & Brandt, H. (2021). A latent auto-regressive approach gt(:lrjr(‘;i?r’aIZIE‘;.u(azt?oznli\./lc?crl)éll?r?glj ?ggr?f?a(;g(I:\Ieez)wrgr(pﬁ:;gr:(taa?triiis]lvi 5th
for Bayesian structural equation modeling of spatially or sociall . .
Y g J P y y Conference of Fachgruppe Methoden und Evaluation (FGME) annual

dependent data. Multivariate Behavioral Research, 1-25. ; ) . .
meeting, University of Mannheim.



Modeling Spatial & Social Dependence
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dependent data. Multivariate Behavioral Research, 1-25.
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Example adapted from:

Roman, Z. J. (2021). Spatial and Social Network Auto-regressive
Structural Equation Modeling [Conference oral presentation]. 15th
Conference of Fachgruppe Methoden und Evaluation (FGME) annual
meeting, University of Mannheim.
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Project Overview
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Work Package Timeline: PHD

~ 2 Months ~ 2 Months ~ 2 - 6 Months ~ 2 Months

Publication Stage

Empirical
Example

M. I: PhD Involvement

M. Ill: PhD Involvement

M. VI: PhD Involvement




Project Outcome

* Full latent variable dependence modeling framework
— Old theories new perspectives
- New theories

— Novel and unique insights
 Combined approach is more than the sum of its parts



Beyond Ambizione

* |mpact to many discplines

- Psychology, sociology, political science, economics, public policy,
epidemiology, biology etc.
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* Many more directions
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* Professorship
- Eccellenza

-  Tenure Track



Thank You!

Content related publications:

Roman, Z. J., Schmidt, P.; Miller, J. M., & Brandt, H. (2023). ldentifying
dynamic shifts to non-compliant behavior in questionnaire responses; A novel
approach and.-experimental validation. [Pre-print available, under review]

Roman, Z. J.,'Brandt, H., & Miller, J. M. (2022). Automated bot detection using
Bayesian latent class models in online surveys. Frontiers in Psychology, 1947.

Roman, Z. J. & Brandt,.H. (2021). A latent auto-regressive-approach for
Bayesian structural equation modeling of spatially or socially dependent data.
Multivariate Behavioral Research, 1-25.

Roman, Z. J. (2019). Auto-regressive latent variable modeling: A general
framework for Bayesian spatial structural equation models (Doctoral
dissertation, University of ' Kansas).
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Milestone |. Multi-group Model

Bayesian auto-regressive dependence multi-group structural equation model

* Full latent variables
» Spillover interactions compared across groups
* Experimental & quasi-experimental applications

Quality of Life Misinformation
Romande German Political Leftists Political Rightist
e
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Work Package Timeline: Data

* SNF grant number 197471
** SNF grant number 169827



Bayesian Auto-regressive
Dependence Latent Variable
Modeling Technical Detalls



Spatial Auto-regression

Traditional Linear Regression

yi=a+xpfL+e€, €~ N0, oly) (1)

Spatial Auto-Regression (SAR)

yi= pWy; +a+xp1+¢€, € ~ N, aly) (2)
N——’

Spatial Lag

Where:

@ p summarizes the spatial auto-correlation in the dependent variable.?

@ W is an N x N matrix summarizing the dependence of the cases

“When p = 0 traditional regression and spatial regression are equivilent



BARDSEM (Roman & Brandt, 2021)

Measurement Model

yi=T1,+ A\n+e€, €~ N, af (4)

Xk = Txk + Ack€ + Ok, 6; ~ N(0,0%) (5)

Structural Model

n=o+ pyWn +v1é&+ & +y3h(§)+¢, ¢~ N(0,o0¢) (6)
Spatial Lag
patial La

Error Distributions
o ¢; ~ N(0,0? forj=1...J

:fja

@ oy ~ N(0,0%), fork=1...K
o ( ~ N(0,0‘E)



BARDSEM Priors

o p, ~ U[1l —min(Aw),1 — max(Aw)]
@ v,\, a, 7~ N(0,1)

@ o, ~ Cauchy(0,2.5)"

o d ~ LKJ(Iz,Z)



Spillover Computation

Computing 53.-,-;/8?

On/OF = (In — pPW) ™y (3)

p=1...P indicates the respective exogenous latent variable
In is an identity matrix of length n

Interpreting 0,/ 8? :

@ Cell i,j of 877/8?’, provides the anticipated impact of case j on case i

@ Direct interpretation of 877/85’ is possible but potentially burdensome
@ Impact measures summarize the matrix to ease interpretation



Summarizing Spillover

- L i )
Summarize 9, /9

@ Direct
e Mean of diagonal
o Expected mean change in the outcome of case # i for a 1 unit increase in predictor p
in case i
@ Indirect
e Mean of off diagonal
o Expected mean change in the outcome of case i for a 1 unit increase in predictor p in
all # i cases.
@ Total
e Mean of matrix

o Expected mean change in case i for a 1 unit increase in all cases (Including case i)



Spillover is a nonlinear function over
space

Average Expected Increase in Violent Crime Factor
2 = 7

2
Neighbor Order



Spatial Spillover Example:
Latent Variables -

Violent
Crime
Rate
Spatial

P
Theft 1.06 [1.01, 1.11] roperty

Crime
Rate Rate
Violent
Vehicle Crime
Theft
Rate

Financial
Inaccessibility

Financial
Inaccessibility
X

Property
Crime
Rate

.. . Officer Aggravated,|
Unemployment| | POVerty Gini Homicide Assault st Robbery

Rate o, e
% Coefficient Rate Rate Rate Rate

Simple Slopes Spillover Effects

Direct Impact (2.5%, 97.5%) Indirect Impact (2.5%, 97.5%) Total Impact (2.5%, 97.5%)
Yoroperty | €Fin. mac. = -2 0.55 (0.47, 0.60) 2,60 (2.22, 2.86) 3.15 (2.69, 3.46)
Yoroperty | €Fin. nac. = -1 0.58 (0.50, 0.64) 2.73 (2.35, 3.05) 3.31 (2.85, 3.69)
Yrroperty | £Fin. Inac, = 0 0.60 (0.52, 0.68) 2.86 (2.48, 3.24) 3.46 (3.01, 3.92)
Yeroperty | £Fin. nac, = 1 0.63 (0.55, 0.72) 2,08 (2.60, 3.43) 3.62 (3.15, 4.15)
Yoroperty | €Fin. nac. = 2 0.66 (0.58, 0.76) 3.11 (2.73, 3.62) 3.77 (3.31, 4.38)




roduction of W in Space
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Simulation Study Designs



Milestone |

¢ Conditions.follow those of Roman & Brandt (2021) e Measuring model performance

« Simulation Conditions - . Bias
- # of observed 'groups

— Magnitude of connectivity matrix W
« High, medium, low - .Convergence

= Coverage + Error Rates

Connectivitystructure
» Social or spatial representation

Sample size
* High, medium, low, very low

Effect sizes
* Auto-regressive Coef.
* Difference in auto-reg. Coef. By group
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* 3 - 10 observed items per indicator
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Milestone I

¢ Conditions.follow those of Roman & Brandt (2021) e Measuring model performance

* Simulation Conditions - . Bias

- # of Level 2 clusters
= Coverage + Error Rates

— Magnitude of connectivity matrix W
« High, medium, low - .Convergence

Connectivitystructure
» Social or spatial representation

Sample size
* High, medium, low, very low

Effect sizes
* Auto-regressive Coef.
* Difference in auto-reg. Coef. By group

Complexity of Measurement model
* 3 - 10 observed items per indicator



Milestone |V

¢ Conditions.follow those of Roman & Brandt (2021) e Measuring model performance

« Simulation Conditions - . Bias
# of measurement-occasions

= Coverage + Error Rates

Magnitude of connectivity matrix W
« High, medium, low - .Convergence

Connectivitystructure
» Social or spatial representation

Sample size
* High, medium, low, very low

Effect sizes
* Auto-regressive Coef.
* Difference in auto-reg. Coef. By group

Complexity of Measurement model
* 3 - 10 observed items per indicator



R packages

lavaan: An R package for structural equation modeling [PDF] jstatsoft.org
¥ Rosseel - Journal of statistical software, 2012 - jstatsoft.org

... paper describes package lavaan, a package for structural equation modeling implemented
in the R system for statistical computing (R Development Core Team 2012). The package is ...

% Save YW Cite Cited by 19226 Related articles  All 24 versions &8

blavaan: Bayesian structural equation models via parameter expansion 243 2018

EC Merkle, ¥ Rossee
-

Journal of Statistical Software 85 (4), 1-30

- Accessible user experience
- Highly citable tools
- Guidance in documentation
- Working examples
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