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Studying perspective-free and
situation-unspecific overarching latent constructs may advance our field
less than respecting differences in perspectives, across situations, and

within aspects of constructs.
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The longer (preprinted) reads:

Krammer, G. (2024, July 7th). When we measure differently every day: a ML-SEM
simulation study on within-person nonuniform measurement bias in intensive 
longitudinal data. https://doi.org/10.31219/osf.io/fm253

Krammer, G. (2024, August 13th). The Between-Not-Within fallacy coined and 
exemplified: why studying a within-person uniform measurement bias is 
driven by between-person differences in intensive longitudinal data. 
https://doi.org/10.31219/osf.io/7x8sg 
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1950 → 2023 
Title containing: “ecological momentary assessment”, “daily diary”, 

“ambulatory assessment” or “experience sampling”

Web of Science Search (June 26th 2024) 
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Intensive Longitudinal Data
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Examples with six items per scale:
Agentic/Neurotic narcissism via NGS & NVS (Crowe et al., 2016, 2018)

Grandiose/Vulnerable narcissism via SB-PNI (Pincus et al., 2009; Schoenleber et al., 2015) 
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Intensive Longitudinal Data
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ML-SEM
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Multilevel structural equation models 
(Lüdtke et al., 2007; Mehta & Neale, 2005; Muthén & Satorra, 1995; Stapleton, 2013)

 Intensive longitudinal data  → two-level data structure: 
the respondents are the nesting factor

 SEM have a long tradition of testing psychometrical soundness multiple-item 
questionnaires. 

 Emerging reviews show a lack of studies reporting psychometric properties in 
intensive longitudinal data.
 For example, ambulatory assessment:

only 30% of the surveyed studies 
report psychometric properties and 
origin of items/scales. (Trull & Ebner-Priemer, 2020)

ML-SEM
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Measurement Bias
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!= 
 MI across levels (Jak, 2019) 

 MI across clusters & cluster bias (Jak et al., 2013)

 longitudinal measurement invariance (Liu et al., 2017)

 alignment optimization et al. (Pokropek et al., 2019)

=
 Within-person nonuniform measurement bias

Measurement Bias
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5 qualitatively different types of nonuniform measurement bias

1): none 
2): 1 item biased
3) and 4): 2 items biased
5): 4 items biased

Simulation study
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 3 x 5 x 3 x 5 x 2 = 450 conditions
 3 sample sizes with n ∈ {50, 100, 200}
 5 numbers of re-testing per subject with t ∈ {10, 20, 30, 50, 80}
 3 ICCs: ξb with M = 0 and SDb ∈ {1, 2, 3}

 5 qualitatively different types of nonuniform measurement bias
 2 strengths of nonuniform measurement bias (low, high): Δλwi ∈ {.3, .5}

 1000 data sets each in R (R Core Team, 2023b)

 packages: lavaan (Rosseel, 2012) psych (Revelle, 2019) multilevel (Bliese, 2022) 

parallel (R Core Team, 2023a) doParallel (Corporation & Weston, 2022)

 Response format: visual analogue scale 
(Jauk, Blum, et al., 2023; Jauk, Olaru, et al., 2023; Maliske et al., 2023)

 λwi = .7

 cf. ML-SEM in the literature 
(Kim et al. (2016): found level 1 factor loadings with an average range of 0.41 - 0.83) 

 cf. prior simulation studies 
(Hsu et al., 2015; Kim & Cao, 2015)

 realistic value for multiple-item questionnaires in intensive longitudinal data
(cf. Study 1 and Study 3b in Rogoza et al., 2024)

 leaves ample room for varying it across time points of measurement to 
introduce within-person nonuniform measurement bias

Simulation study
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For each data set…
… items‘ ICC
… fit ML-SEM
… c²-statistic:  p < .05
… CFI: .99, .95, .90
… RMSEA: .10, .08, .06
… SRMR-b: .08, .11
… SRMR-w: .08, .11

Guiding principals: 
 varying suggestion for cut-offs 

(Byrne, 2013; Hu & Bentler, 1999; Marsh et al., 2004; Schermelleh-Engel et al., 2003)

 single-level SEM as guideline 
(guidelines for evaluating ML-SEM fit are predominantly based on the single-level SEM: Kim et al., 2016)

 computing ML-SEM fit indices can be ambiguous: what is the sample size
(Mehta & Neale, 2005). 

Simulation study
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Type I error: c²-statistic <.5% & fit indices even with strictest cut-offs < .6%
Power: (adequate power: ≥.80, at least medium ICCs, at least 2 biased items)

Side note on SRMR-w: in certain conditions power decreased with larger data sets.
(similar, Marsh et al. (2004): in certain conditions single-level SRMR less power with higher sample sizes)

Results: Summary
Type I error:
Power:
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 ML-SEM fares very well in assessing psychometric properties of multiple-
item questionnaires in intensive longitudinal data.

 Type I error: very good – too good?
 still, don‘t ignore c²-statistic (Greiff & Heene, 2017)

 Power for detecting within-person nonuniform measurement bias:
 c²-statistic +
 CFI +
 RMSEA + -
 SRMRs -

 When using short scales in intensive 
longitudinal data:
Please check psychometric properties! 

Take-Home-Message
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