Introduction

Mediation analysis: the consideration of how a third

variable affects the relation between two other variables
(MacKinnon, 2008).
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Fig. 1. Path diagram of the mediation analysis model

Example: Self-awareness influences the level of physical

activity, and this effect i1s mediated by mood strength.

State-space modeling (SSM): a modeling framework

designed to analyze dynamic systems observed (Shumway
and Stoffer, 2000).

Why SSM in Mediation Analysis?

Structural equation modelling (SEM) Framework:

* Focus on cross-sectional between-subject design, with
homogeneity assumption.

* Unable to capture longitudinal change when the
longitudinal data are intensive (Chow, et al. 2010;
Molenaar, 2003).

State-Space Modelling Framework:

* A more accurate and flexible representation in longitudinal
within-subject designs with capturing intraindividual
variations (Chow, et al. 2010).

 Particularly suitable in Single-Case Experimental Design
(SCED).

Model Formulation: State and
Measurement Equations

Measurement/Observation Equation:

Nt = Bne—1 + (., {t ~ MVN(O, ¥)

State/Transition Equation:

y: = Any + €, €, ~ MVN(O, 0)

Estimation Method: Kalman Filter

* Arecursive algorithm used to estimate the hidden states

(latent variables).

* Operate in two primary phases: prediction and update.

Prediction Phase

Neje—1 = BMe—1 + G Pyt =BP,_B'+V¥

Update Phase
€t = (yt - Aﬁtlt—l) ﬁt — ﬁt|t—1 T Ktet

Ky = Ptlt—lA’(APtlt—lA, + @)_1 P, = (1 — KtAt)Pm_l
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Example 1: A Basic Lag-One Example
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Fig. 2. Path Diagram of the Basic Lag-One SSM Model
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Simulation Studies on Example 1
True T=50 T=100 T=150
Values
Px 0.6 0.538(0.118) 0.46100.089) 0.580(0.067)
Pum 04 0.39000.115) 0.34400.080) 0.343(0.069)
Py 0.5 0.606(0.065) 0.46500.061) 0.559(0.041)
A¢_1q 04 0.398(0.0908) 0.45200.080) 0.328(0.060)
b4 0.4 0.3200.111) 0.391(0.086) 0.385(0.062)
G e 0.5 0.566(0.089) 0.510¢0.081) 0.501(0.052)
(/3% 0.5 0.656(0.133) 0.5010.071) 0.4780.055)
Yy 0.4 0.3420.069) 0.3570.051) 0.359(0.042)
Yy 0.3 0.2530.051) 0.361(0.051) 0.251(0.029)
True T =200 T =500 T=1000
Values

Px 0.6 0.5420.0600 0.60300.036) 0.646(0.024)
Pum 0.4 0.3600.059 0.3950.035 0.372(0.029)
Py 0.5 0.523¢0.042) 0.48300.025y 0.504(0.017)
Ap_1q 04 0.3470052 0.4340.034) 0.436(0.023)
b;_4 0.4 0.3450.058) 0.43300.035) 0.392(0.024)
G ey 0.5 0.4650.051) 0.488(0.032) 0.476(0.021)
Yy 0.5 0.5130.051) 0.4920.031) 0.501(0.022
Yy 04 0.3670.0379 0.40300.026p 0.372(0.017)
Yy 0.3 0.3200.032) 0.30300.019 0.2870.013)
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lable 1. The Estimates with Standard Errors for Simulated Data
Using Lag-One Model

Example 2: A Lag-Two Model
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Fig. 3. Path Diagram of the Lag-Two SSM Model
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Example 3: A Lag-one SSM with
Latent Variables
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Fig. 4. Path Diagram of a SSM Model with a Latent Mediator
Measured by Five Manifest Variables
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Discussion
Lag-P Model: Broadly, we can extend the lag-2 SSM model

in Example 2 to lag-p, where 7, 1s influenced by previous

lags up to n_,

Nt = B¢y + BNtz + -+ + BNy, + G, where { ~ MVN(O0, )

AW W VAR
Ne=[MNet1 |, B= g L0 =0 VP=[{0 0 .. O
’E 0 S ..:. . E 0 O " E
N t—p \0 5 0/ 0 0 0 0

Covariates: SSM’s flexibility permits the inclusion of

covariates (input/control variables) in both measurement and

state equations, as described below.

e = Bne—1 + Cfy + {, ¢ ~ MVN(O, ¥)
vy, = An, + Ax, + €,,€, ~ MVN(O0, 0)

Examples: Social Interactions, Health Status Changes

Missing Values: With the Expectation-Maximization (EM)

algorithm, SSM excels at handling missing data by iterating
between estimating the missing data given the model
parameters (E-step) and optimizing the model parameters

given the estimated data (M-step).
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