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My aim as a methodologist is to address the disconnect between the characteristics of
social science data and the requirements or availability of statistical methodology. I study
topics related to missing data analysis, robust methods, and Structural Equation Modeling
(SEM). On the topic of missing data, my research addresses the following research questions:
1) What mechanical processes lead to missing data and how does that impact
statistical results? and 2) How can we improve the way we handle missing
data? These research questions are interesting and important because incorrect handling of
missing data threatens the validity of statistical conclusions and correct handling of missing
data relies on the reason for missingness. My work on robust methods and SEM seeks
to adapt or create robust statistical methodology that works for real, “messy”
data. This is interesting and important because many existing methods rely on assumptions
that are not met for the data we commonly encounter in the social sciences, which may be
non-normal, contain missing values, and/or have small sample sizes.

What mechanical processes lead to missing data and how does that impact statis-
tical results? One thread of my work considers that participants can have missing values
for different reasons, and thus correspond to different missing-data mechanisms – some par-
ticipants overlook a survey question (MCAR) while others choose not to answer (MNAR).
Although this is a likely scenario, common practice assumes that missing-data mechanisms
are fixed across individuals. Gomer (2019, Multivariate Behavioral Research, top 3 journal in
quantitative psychology) was the first article to allow missingness to differ across individuals
and evaluate the consequences for popular missing-data methods. Gomer & Yuan (2023b,
Multivariate Behavioral Research) extends this work to the context of MNAR-based missing-
data methods. Gomer (in preparation) evaluates the scenario in the context of confirmatory
factor analysis and latent growth curve models while Kim & Gomer (in preparation) studies
the topic in the context of multigroup invariance testing. Gomer, Bock, & Chen (under re-
view at Multivariate Behavioral Research) examines this issue in the context of experimental
studies with monotone dropout.

I also named two subtypes of the missing not at random (MNAR) mechanism (focused
and diffuse MNAR) which differ in the severity of their impact on statistical results in
a foundational article that describes these two subtypes in detail (Gomer & Yuan, 2021,
Psychological Methods, #1 journal in quantitative psychology). These subtypes are relevant
to all work involving the MNAR mechanism and are now included in the second edition of
the premier textbook for missing data analysis (Applied Missing Data Analysis by Craig
Enders, 2nd edition published in 2022).

As of this writing, I am working on the topic of nonconvergence rates with missing data
(Gomer, in preparation). It is commonly assumed that nonconvergence rates (i.e. model
failures or improper statistical solutions) in SEM increase as models are increasingly mis-
specified. However, I discovered that nonconvergence rates sometimes improve with increas-
ing model misspecification in the presence of missing data. This pattern has not yet been
acknowledged by the literature and has implications for how we advise real-data practition-
ers encountering nonconvergence issues. I expect to have results by the end of June 2026
with plans to submit this work to Structural Equation Modeling when it is finished.
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How can we improve the way we handle missing data? I plan to pivot my missing
data research to include more studies that address this research question, as this empowers
researchers who are struggling with missing data. The latest thread of my research develops
a novel framework for conducting sensitivity analysis with missing data. My work develops
hypothesis tests and effect size measures that quantify how much statistical results are
impacted by uncertainty in the missing-data mechanism (Gomer, in preparation).

Connecting to other threads of my work, I also plan to investigate whether machine
learning methods can be used to identify missing-data mechanisms when all 3 are present in
the same dataset. Many attempts have been made through the years to identify missing-data
mechanisms using statistical methodology which have thus far been unsuccessful. However,
this has never been tried in the context of mixtures of missing-data mechanisms. I plan to
conduct a small pilot study in the coming months to test the feasibility of this approach. If
successful, this work would significantly advance the field of missing data analysis and lead
to many more developments.

How can we adapt or create robust statistical methodology that works for real,
“messy” data? My past work includes developing robust methodology applicable to
equivalence testing in mean and covariance structure analysis (Yuan, Gomer, & Marcoulides,
2021, Multivariate Behavioral Research). On the topic of SEM, I developed new effect size
measures that quantify model misspecification (Gomer et al., 2018, Structural Equation Mod-
eling, top 3 journal in quantitative psychology). A key concern in SEM is that of model fit
and model misspecification; i.e. how well/badly the hypothesized relationships are supported
by the data. The effect size measure with the best performance, E, captured misspecifica-
tion and was not undesirably impacted by sample size, distribution, or model size, so it is
designed to work well for “messy” characteristics of real data. Gomer et al. (in preparation)
extends this work by developing confidence intervals for E using bootstrap methodology.

Other new statistical developments: I also have a few projects developing new statis-
tical methodology which don’t neatly fall into the categories of my research questions. For
example, I investigated an alternative framework to improve the generalizability of Monte
Carlo simulation studies called “Mosaic Monte Carlo” (Gomer, Lee, & Kim, R & R at
Journal of Behavioral Data Science). As I have encountered in my own experience, a strong
pattern of results may appear to be stable but fail to generalize with a seemingly insignificant
change to the population model. However, it is rarely feasible to consider a large number of
population models and run 500 or 1000 replications each. Mosaic Monte Carlo is an alter-
native approach that addresses the generalizability issue and can strengthen the quality of
simulation-based research. Another ongoing project creates a measure of inter-rater reliabil-
ity for contexts in which raters are allowed to select multiple categories for a single response
(Gomer, Rojas, & Cheng, in preparation). This is motivated by a real-data scenario in
which participants provided open-text responses explaining why they choose particular news
outlets. However, participants sometimes provided more than 1 reason for their selection.
Since there is no existing measure of inter-rater reliability when raters are allowed to select
multiple categories, I and my colleagues developed one based on the intra-class correlation
coefficient. I am currently running computationally-intensive simulation studies to test the
performance of our new measure and expect to have results by the end of September 2026.


