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Single-case research is the intensive study of a single case or small samples 

by repeatedly measuring an outcome before and after an intervention to 

examine treatment effects.

Single-Case Research

2



Multiple Baseline Design 

Multiple baseline design (MBD) is comprised of interrupted time series data 

from multiple cases, settings, or behaviors where an intervention is 

introduced sequentially within different time series (Baek & Ferron, 2013; 

Ferron et al., 2010).

• The basic interrupted time series in MBD include two phases: baseline 

and treatment.

• Inferences about the intervention are usually made by comparing 

different conditions (baseline vs. treatment) presented to cases over time.
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Challenges

Nonnormal outcomes in 

SCEDs such as count and 

proportion data

Autocorrelated count data 

with trend effects 
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Overdispersion and Zero-

inflation

Model selection of optimal 

distributions



Count Distributions

5



GLMMs for SCEDs 

The Poisson distribution assumes that the 𝐸(𝑌) = 𝑉𝑎𝑟(𝑌), which is often violated due to a data issue called 

overdispersion. 
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Overdispersion 

Overdispersion in count data occurs when there is excessive variance than what a Poisson can deal with.

• Overdispersed count data: 𝑉𝑎𝑟(𝑌) > 𝐸(𝑌) = 𝜆

Overdispersion source: correlated measurements, extra noise, and zero-inflation.

Overdispersion is not uncommon for count data in SCEDs (Pustejovsky et al., 2019). 

Ignoring overdispersion could lead to biased standard errors and inflated Type I error rates (Hilbe, 2011, 2014; Li 

et al., 2023).
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Models to Handle Overdispersed Count Data 

Negative binomial: 𝑌𝑖𝑗 ~ Negative binomial 𝜆𝑖𝑗 , 𝜃

• 𝐸 𝑌 = 𝜆 and 𝑣𝑎𝑟 𝑌 = 𝜆 +
𝜆2

𝜃
, 𝜃 > 0

Observation-level random effects (OLRE) model: 𝑌𝑖𝑗~ Poisson (𝜆𝑖𝑗)

• log 𝜆𝑖𝑗 = 𝛽0𝑗 + 𝛽1𝑗𝑃ℎ𝑎𝑠𝑒𝑖𝑗 + 𝑒𝑖𝑗, 𝑒𝑖𝑗~𝑁(0, 𝜎𝑒
2)

• 𝐸 𝑌 = 𝜆 and 𝑣𝑎𝑟 𝑌 = 𝜆 + 𝜆2[exp 𝜎𝑒
2 − 1]
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When count data are Overdispersed:  
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GLMMs with SCED count data

Performance



Models to Handle Zero-Inflated Count Data 
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ZINB model:

Li, H., Luo, W., & Baek, E. (2024). Multilevel modeling in single-case studies with zero-inflated and overdispersed

count data. Behavior Research Methods. Advance online publication. https://doi-org/10.3758/s13428-024-02359-7

• When data are zero-inflated, ZIP and ZINB models lead to 

more accurate estimates for the treatment effect (γ10).

• When data are generated from Poisson and NB, ZIP and ZINB 

lead to more biased estimates for the treatment effect than 

Poisson and NB models.



• Most applied researchers are not aware of how to choose an appropriate distribution 

when dealing with SCED count data using GLMMs.

• Various model selection approaches

A Remaining Issue  
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A Multi-stage Framework  
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Multistage test procedure

https://lucid.app/lucidchart/bafcd8fa-dafa-414a-97ac-e13537101fb1/edit?crop=content&page=0&signature=52482ab1520937a6e74ecd7ddab22ff0f2b8d20cdeec5cc25aeddfedd4b24821


Model Selection Strategies   
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2) Which model selection strategies yield the most accurate 

treatment effect estimates and reliable inferential statistics? 

3) ) Is there a relationship between model selection bias and the 

performance of the treatment effect estimator and inferential statistics? 

Model selection of GLMMs with SCED count data

Research questions
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1) Which model selection strategies produce the least 

model selection bias?



Simulation Conditions  
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A total of 16, 32, 48, and 96 conditions for data scenarios corresponding to the Poisson, NB, ZIP, and ZINB, 

respectively. In each condition, I simulated 2000 independent data sets (i.e., replications).



Data Analysis

Fitted Poisson, NB, ZIP, and ZINB models estimated by adaptive Gauss quadrature (AGQ) using the R package 

GLMMadaptive. 

• The Wald test was adopted to conduct statistical inference for treatment effects.

Performance measures:

• Hit rate

• Bias, coverage rate of the treatment effect estimator

• Type I error rates
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Performance Overview 
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Performance Overview 
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Type I Error Rate (Poisson and NB) 
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Type I Error Rate of Treatment Effects as a Function of the Model Selection Strategy and Series Length (I) for 

the Poisson and NB Data



Type I Error Rate (ZIP and ZINB)

20

Type I Error Rate of Treatment Effects as a Function of the Model Selection Strategy, Series Length (I) and Log 

Odds of Excessive Zeros (β0) for the ZIP and ZINB Data



Implications and Discussion 

• When zero-inflation is not present, the absolute differences in performance measures among various model 

selection strategies were not practically significant. 

• When zero-inflation is present, the overall low hit rates led to a very high proportion of incorrectly selected models, 

such as Poisson and NB models, which in turn caused unacceptable biased estimates of treatment effects for all 

strategies
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Recommendations

When there are no zero observations in the outcome measurements: 

• Using AIC and BIC to select an optimal model between NB and Poisson distributions to deal with SCED count 

data; 

• If models are estimated by pseudolikelihood where AIC and BIC are not comparable, I recommend using Pearson’s 

chi-squared test with a less penalty for model complexity (e.g., α=.20), as it has exhibited similar performance as 

AIC and BIC.

When zero observations are present in the outcome measurements:

• Using methods with a less penalty for model complexity (e.g., 𝛼 = .20) to accommodate zero-inflation. 

Information criteria, such as AIC and BIC, can also be adopted to compare all four candidate models.
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Thank You 
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