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Bayesian statistics is a discipline of the statistical methodology and analytic
techniques based on the Bayesian estimation. By applying the Markov chain
Monte Carlo algorithm, the parameter space of a model can be established and
Bayesian inferences and decisions can be made accordingly. In benefit with
the advance of computational techniques, Bayesian statistic takes a critical role
both in sciences and practical fields. In terms of the analytic advantages,
Bayesian estimate can be used not only for traditional statistical models such as
regression and analysis of variance, but also for the advanced modeling in social
sciences, such as multilevel modeling, structural equation modeling, growth
modeling, and mixture modeling, particular with the superior of estimation
efficiency in complex model and sample size issues. As a result, Bayesian
statistics has been entitled as the statistical revolution of 21th century. This
course firstly introduces the basic concepts and principles of Bayesian statistics,
and further discusses the applied issues regarding the research design, model
specification, identification, priori setting, and model evaluation, with a focus
on the application of psychological, educational, and management researches.
Besides getting insights and learning from the literatures and empirical studies,
this course designs a series exercises using Mplus to analyze the simulated or
real data, empowering the capabilities of empirical research as well as the paper
presentation.
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I1. General Syllabus (maintained by instructors each semester)
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P — ¥4 1B R %t R ZZ Principles of Bayesian Statistics

b.
# 3 RILE2iF 8 Probability Principles and Computation
A B 4 fie 22 2% 2 Priori distribution and settings
5 ¥ % 48% 1 + R2 Markov chain Monte Carlo method
. < #i-5V $= % Bayesian model evaluation
Z ¥R LB RN AL Applications of Bayesian Statistics
p gl E]T? Bayesian regression analysis
T 3ot $ Bayesian comparisons of the means
% k& =x #3% Bayesian multilevel modeling
¥]% 4 17 Bayesian factor analysis
& H > #2403 Bayesian structural equation modeling
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=~ 2R EPMNE Class Content for Each Week

1.

#AZLM 4 introduction to the course
® kAERZENE

o TEATHM

& RFERJP

°

P B R

B & ) B N33 A4 &2 fr ¢ Bayesian revolution: Basic concepts and
development of Bayesian statistics

1764 & » R 2 7EF ¢ 0 (p R4 5§48 ) (The Philosophical Transactions ) % % —
B (M fRAEIEG - BRA) he > % - T4 L0 e g e ar | <
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® Lecture 1: Introduction to the Bayesian statistics F. = i3+ #%£:44

® Reading T1: Chapter 1 Zzg © H [LHRL

® Reading P1: Kruschke, J. K., Aguinis, H., & Joo, H. (2012). The time has come:
Bayesian methods for data analysis in the organizational sciences. Organizational
Research Methods, 15(4), 722—752. https://doi.org/10.1177/1094428112457829

® Reading P2: van de Schoot, R., Winter, S. D., Ryan, O., Zondervan-Zwijnenburg,
M., & Depaoli, S. (2017). A systematic review of Bayesian articles in psychology:
The last 25 years. Psychological Methods, 22(2), 217-239.
https://doi.org/10.1037/met0000100

3. BF R b N FIZ Probability Principles and Bayesian theorem

PNipt 8- g o388 > FIRL L R PSR, 2R 3B
LA NS s o F 4 IR ,TFTN‘\}}&&_‘?A}ﬁamgg@'? Ferr N o Ar ]ﬁaﬂ;;ﬁ_ﬂ; ArEE o ¥
A REY A g A o B SR RS AT -

® Lecture 2: Probability basis of the Bayesian statistics F. = %t3* e & g g
® Reading T2:

Chapter 2 {3 ~ H L EF BRSO

Chapter 3 H [LHREE



https://psycnet.apa.org/doi/10.1177/1094428112457829
https://doi.org/10.1037/met0000100

4, k4~ pegrk € Prioridistribution and settings
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® [ ecture 3: Priori distribution and settings of Bayesian estimates [ = & 3+ % & fie

® Reading T3: Chapter 4 &3l % E

® Reading P3: Gelman, A., Simpson, D, & Betancourt, M. (2017). The prior can
generally only be understood in the context of the likelihood. Entropy, 19, 1-13.
https://doi.org/10.3390/e19100555
https://www.mdpi.com/1099-4300/19/10/555/pdf?version=1508477618

® Reading P4: Zondervan-Zwijnenburg, M., Peeters, M., Depaoli, S., & van de Schoot,
R. (2017). Where do priors come from? Applying guidelines to construct informative
priors in small sample research. Research in Human Development, 14, 305-320.
https://doi.org/10.1080/15427609.2017.1370966
https://www.tandfonline.com/doi/epdf/10.1080/15427609.2017.1370966?need Access
=true

5, B % 315? Bayesian regression analysis

Hpa Eﬁé*“ﬁﬁw}” ﬂi 3 Y=o+BX+e o FE smﬁxl LA T i hadk
Mtk &MLAegt > BB S EPTHA A FFE ,éiﬂ&“%,%hifﬁl%o

®  Lecture 4: Regression using Bayesian estimation F. = i jF 4 7

® Reading T4: Chapter 7 H [C iR £ SEERS 0T
® | ab: Mplus exercise on Bayesian regression

6. ¥ 245k + R Markov chain Monte Carlo method

B ¥ A 4a% 1w + B E_Markov chain &2 Monte Carlo & fa st fjlrenig & > 57 £ £)id S8R
70 F A+ R B A 0 A3 Gibbs 4 $: &2 Metropolis-Hastings /ﬁ’ﬂ o d B
- B RTET T

® Lecture 5: MCMC procedures of Bayesian estimation . = & 3+ MCMC 42 5
® Reading T5: Chapter 5 5]k lEEH -4 %

® Lab: Mplus exercise on MCMC procedure based on regression
7. B V3= Bayesian model evaluation

w_q.] %{ L B _,ELI;»J.‘_L_\% -

BRI A T O T R AR BRI E R i
S L)J'm-é-“g"r"p fi}:}f‘

EE L RBET AR L R L
® Lecture 6: Model evaluation Bayesian estimation £ = iz 3+ éfic;8 3= 05

® Reading T6: Chapter 6 H (L
® | ab: Mplus exercise on MCMC procedure based on regression

8. Presentation Midterm: Oral presentation on Bayesian regression using empirical data

® Presentation in person
® Presentation in group


https://doi.org/10.3390/e19100555
https://www.mdpi.com/1099-4300/19/10/555/pdf?version=1508477618
https://doi.org/10.1080/15427609.2017.1370966
https://www.tandfonline.com/doi/epdf/10.1080/15427609.2017.1370966?needAccess=true
https://www.tandfonline.com/doi/epdf/10.1080/15427609.2017.1370966?needAccess=true

9. B % % A& -=t#3% Bayesian multilevel modeling A

10. B % % & = #-3% Bayesian multilevel modeling B
AAEPEFTHALAL G A, ”r? BTG LA AR P P ERETHE
FRE P PR RS a¥~’ YUK PEIGE R G B AR SRR
£
i

® |ecture 7: Bayesian multilevel modeling b = % k& = & 47

® Reading T6: Chapter 6 H K% Jg&X

® Reading P5: Schwerdtfeger, A. R., Rominger, C., & Obser, P. D. (2020). A shy heart
may benefit from everyday life social interactions with close others: An ecological
momentary assessment trial using Bayesian multilevel modeling. Biological
Psychology, 152:20. https://doi.org/10.1016/j.biopsycho.2020.107864

® Lab: Mplus exercise on Bayesian multilevel modeling

11. F1&% 4 ¥7 * EIF % ~ HFEI| L Factor analysis: From exploratory to Bayesian

A AT G P Y KGR LR Rl R 7 % LR LS LT A A

T PN B2t E Rt o
1 3 53

® Lecture 8: Bayesian factor analysis £ = %% & 47

® Reading T7: Chapter 10 [RZ 917 & fe#EZE ~ B HIK

® Reading P6: Muthén, B., & Asparouhov, T. (2012). Bayesian structural equation
modeling: A more flexible representation of substantive theory. Psychological
Methods, 17(3), 313-335. https://doi.org/10.1037/a0026802

® Reading P7: Marsh, H. W., Fraser, M. I., Rakhimov, A., Ciarrochi, J., & Guo, J.
(2023). The bifactor structure of the Self-Compassion Scale: Bayesian approaches to
overcome exploratory structural equation modeling (ESEM) limitations.
Psychological Assessment, 35(8), 674-691. https://doi.org/10.1037/pas0001247

® | ab: Mplus exercise on Bayesian factor analysis

12. B B4 A2H:Y Bayesian structural equation modeling A
13. B B4 42H: Bayesian structural equation modeling B

T 53t 8 7 Karl Gustav Joreskog #-F1 % A 45 2 BT~ 178 & 0 4 B B4 ABHC
;0 @ eE 4 Bengt Muthén B % 7 { — 4L it ehMplus » i&—- 3~ L NGt =
2% 4 SEM 2 LGM % - (72 AR L E* cho 4511 B o

Lecture 9: Bayesian structural equation modeling . = = f2 5

Reading T7: Chapter 11 H X451 H 2=

® Reading P8: Roters, J., & Book, A. (2024). Examining the complex relations
between childhood adversity, mindfulness, attachment, and various personality
outcomes: A Bayesian structural equation modeling approach. Psychological Trauma:
Theory, Research, Practice, and Policy, 16(1), 158—165.
https://0-doi-org.opac.lib.ntnu.edu.tw/10.1037/tra0001596

® | ab: Mplus exercise on Bayesian structural equation modeling



https://doi.org/10.1016/j.biopsycho.2020.107864
https://doi.org/10.1037/a0026802
https://doi.org/10.1037/pas0001247
https://0-doi-org.opac.lib.ntnu.edu.tw/10.1037/tra0001596

14. Bt B iR £ #5Y Bayesian latent structure analysis

Mﬁ#*Tmﬁu%&ﬁﬁﬁﬁ&%+ Bult iz B S LB E N2
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Lecture 10: Bayesian latent structure analysis F. 8 &g 45 4 47

Reading T8: Chapter 12 JE {45t T BLE S

Reading P9: Burns, E. C., Collie, R. J., Van Bergen, P., & Martin, A. J. (2022).
Intrapersonal and interpersonal psychosocial adjustment resources and achievement:
A multilevel latent profile analysis of students and schools. Journal of Educational
Psychology, 114(8), 1912—1930. https://doi.org/10.1037/edu0000726

Lab: Mplus exercise on Bayesian latent class/profile analysis

15. B =% = £ & & #5;% Bayesian growth mixture modeling
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Lecture 11: Bayesian grovvth mixture modeling £ = = & & & $ic5%

Reading T8: Chapter 12 JE{r4EtE i BLE &

Reading P10: Schlegelmilch, R., & von Helversen, B. (2020). The influence of
reward magnitude on stimulus memory and stimulus generalization in categorization
decisions. Journal of Experimental Psychology: General, 149(10), 1823—-1854.
https://doi.org/10.1037/xge0000747

Lab: Mplus exercise on Bayesian mixture modeling

16. Presentation Final: Oral presentation on the Bayesian MLM ~ SEM ~ LCA/LPA -~
GMM using empirical data

® Presentation in person
® Presentation in group


https://doi.org/10.1037/edu0000726
https://doi.org/10.1037/xge0000747

