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Considerations Notes
What kind of data do | LCA = discrete/categorical cross-
have? sectional data
LPA = ordinal/continuous data cross-
sectional data
Latent growth curve analysis (LGCA)
or Latent growth mixture modeling
(LGMM) = longitudinal data
Is my sample size large N >300 without Monte Carlo
enough? simulations
Does my data meet Local independence of
assumptions of normality? characteristics
Normality assumptions
Generate Hypotheses
Considerations Notes
What is my research Do you think outcomes may uniquely
question? differ by a combination of different
characteristics?
How would | define my What discrete/continuous indicators
profiles? independently impact a targeted
outcome?
How would the patterns of these
indicators and/or characteristics
inform outcomes above and beyond
current single indicators or systems
(e.g., diagnostic criteria)?
Considerations Notes

Transformation of scales

Consider for extreme scales
differentials (e.g., z-scores)

Uniform directionality

Ease of interpretation
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Robust categorical data <10% in one level could be
collapsed

Meeting parametric Transformations for normal

assumptions distribution

Indicator collinearity Correlations with indicators

Missing Data FIML or other imputation method
commonly used

For Mplus

1. Whatever data you'll be using to identify your subgroups needs to be in worksheet
file and formatted according to Mplus rules
a. No titles in data
b. Shorter the better > ID, data columns of interest

Estimate Models

2. Mplus script for LPA pretty straightforward:
a. ANALYSIS
i. defined as mixture model
ii. Lrtstarts - can be very important if analysis does not converge initially
b. MODEL
i. If necessary, can play with model (i.e., mixture model) hold a class
variance equal, etc. This is more advanced.
c. OUTPUT
i. Tech11 = LRT/Adjusted LRT
ii. Tech14 = Bootstrapped LRT
iii. Tech8 = troubleshooting —> can locate areas in covariance matrix with
issues, negative values, etc.
d. PLOT
i. “typeis plot3;”
ii. “series is”> this will show each class’ average value by each item you
entered into the LPA. YOU must define at what x-axis value (e.g., 1.0,
2.0, 3.0, etc.) these will appear.
e. SAVEDATA
i. This will save class membership data into a NEW csv file. Original
data and ID will also be included.
ii. Would suggest not doing this until you’ve decided on the number of
classes you choose to retain.
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3. Assessing overall fit of class solutions is first. In other words: you will manually
run models that force the data to fit 1-k classes (as desired) and compare their

overall fit. Fit is based on numerous factors (See Table below).

Deciding on Number of Classes to Retain

Metric Description Standard Relative
Threshold Importance
AIC/BIC/SSBIC Metric of relative fit | Lower = better; SSBIC considered
of solution with K Greatest relative most reliable relative
classes, compared change = better; index.
to previous (K-1)
model.
Entropy Indication of “clear Closest to 1.00 Fairly important

delineation of cases”

< .80 considered
problematic

Vuong Lo-Mendell
Rubin Test/

Compares the
model with K

p < .05 = K classes
provides sig. more

Adjusted LRT
considered reliable

Adjusted Lo- classes to a model information than K-1 | sig test index
Mendell-Rubin Test | with (K-1) classes. classes
Boostrapped Lo- “” (as above) + “” (as above) Most reliable; better

Mendell Rubin Test

bootstrapped
method applied

adjusted LRT, but
with large n usually
always significant

Class Sizes (N)

Proportion of your
sample that belong
in each class

Class sizes < 10%
of full sample should
be scrutinized as
necessary

Practical importance

Class Probability

Average probability
of observed sample
being in assigned
class

Ideally above 90%
(need to verify)

Practical importance

Theoretical Sense

Do the classes
make sense?

Common sense

Practical importance

Parsimony

Are additional
classes really
necessary?

Evaluation of all
above - if one
metric doesn’t hold
up, tend to stay at
that class solution

Practical importance

4. Analyses will be an iterative process. I'd suggest a separate spreadsheet where
you can compare the overall fit indices for each class next to each other.




LPA exercise TBIMS Analytic SIG 8.23.24

Interpret Optimal Model

5. Interpretation of given class solution comes after you’ve identified your
optimal model.

a. Remember z-score mean = 0.

i. Significance tests for latent means can be interpreted as this class’
mean outcome score is significantly different from the mean outcome
score of the overall/lhomogenous sample.

b. Generally looking for profiles with interactions, i.e., telling a non-linear story
across given outcomes.

c. Interpretation is relative/specific to the given sample (e.g., ‘higher depression
scores’ rather than ‘high depression’). Be careful not to interpret classes as
significantly different from each other.

d. In Mplus, you can see visual plots from this button 2> ﬁ

i. Greatly assists interpretation. | prefer seeing “Estimated means and
observed individual values” = “show all curves in one window” first,
and then look at “each class per window”.
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