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[Abstract] Longitudinal population studies often involve repeated measurements of symptom scores,
biomarkers, health behaviors, or functional status in the same individuals. Although reporting a single
overall mean trajectory can describe average change at the population level, it fails to capture substantive
differences in patterns of change across individuals. For example, some individuals remain stable over
time, whereas others follow trajectories characterized by early decline, rapid deterioration, or persistently
low levels. Group-based trajectory modeling (GBTM) is a semiparametric approach, based on finite
mixture models, that uses a finite set of latent trajectories to approximate longitudinal patterns in different
subgroups within a population. This article presents the methodological framework of classical GBTM
through a complete analytical workflow, covering (1) its underlying principles, model structure, and
outcome distributions; (2) key distinctions from related trajectory models; (3) model building, model
selection, and assessment of classification quality; and (4) analysis of factors associated with trajectory
group membership, as well as an overview of commonly used R tools. A case study using longitudinal mini-
mental state examination (MMSE) data from older adults in the PAQUID cohort illustrates a standard
four-step workflow for applying GBTM : data preparation and model specification; comparison of candidate
models; identification of trajectory groups and assessment of classification quality ; and exploratory analysis
of associated factors. The example demonstrates how age-related changes in cognitive function among older
adults can be summarized by four trajectories: relatively preserved, accelerating decline, lower-level slow
decline, and early rapid decline. The value of GBTM lies not in claiming to discover naturally occurring
disease subtypes, but in proposing and presenting interpretable subgroup trajectory patterns that clarify
population heterogeneity and generate testable hypotheses for subsequent stratified research on etiology,
prediction, and intervention.
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Tab 1 Key differences between GBTM and other longitudinal trajectory models

GBTM

. A finite set of discrete Typically not
(] latent trajectory groups included
form) ! e

A population-average Random

LMM trajectory with continuous

individual-level deviations  or slopes
Latent classes combined Typicall
GMM with continuous within- Speay
. included
class heterogeneity
A broad framework
. Can be
LCMM combining latent classes .
included

and mixed effects

To identify a small number of
interpretable trajectory patterns that
approximate population heterogeneity

To estimate the population-average
intercepts and/ trajectory and continuous variation
between individuals

To characterize both between-class
and within—class variation

To accommodate random effects,
nonlinear measurement scales, or
latent processes

Strong assumptions of within-group
homogeneity and conditional independence ;
trajectory groups should not be equated with
disease subtypes

Does not directly identify discrete latent
trajectory groups

A large number of parameters; model
identifiability and convergence can be
challenging

Terminology and model constraints vary
across software implementations; relatively
complex model structures

GBTM: Group-based trajectory model; LMM: Linear mixed-effects model; GMM : Growth mixture model; LCMM: Latent class mixed model.
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Fig1 Individual longitudinal MMSE trajectories and the
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Tab 2 Comparison of model fit and classification indices for quadratic GBTM with different numbers of groups, fitted using fixed

starting values

1 2 10 664.1 10 679.4
2 252 9915.6 9946.2
3 2,2,2 9594.4 9 640.4
4 2,2,2,2 9496.2 9557.6
5 2,2,2,2,2 9482.7 9559.4
6 2,2,2,2,2,2 9303.8 9395.8

100.0 - -
19.0 0.915 7.56
12.0 0.839 6.11

9.1 0.789 4.95
3.2 0.770 4.46
3.5 0.779 4.56

AIC: Akaike information criterion; BIC: Bayesian information criterion; AvePP: Average posterior probability; OCC: Odds of correct

classification.
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Tab 3 Baseline characteristics by trajectory group with membership assigned according to the highest posterior probability

[n(%) orz +5]

Age at enrollment (y) 73.3+5.9 72.6+5.6
Gender
Male 131 (38.3) 90 (43.5)
Female 211 (61.7) 117 (56.5)
Education
Graduated from primary school 252 (73.7) 179 (86.5)
Otherwise 90 (26.3) 28 (13.5)

74.7+6.3 74.4+6.1 73.8+5.6 0.046
0.043
20 (32.3) 15 (35.7) 6(19.4)
42 (67.7) 27 (64.3) 25 (80.6)
<<0.001
40 (64.5) 15 (35.7) 18 (58.1)
22 (35.5) 27 (64.3) 13 (41.9)

BE e, LAAR OF O 5 2 R &5 s 2 B8, R T 2 00
Logistic [a1 15 73 #4531 20 K ML AR i 5 0
HIAJEA R o AL AR R AL BRI 5 % 25 15, A 7

[l A 3 A HE 2 AR B 25 R LR 40 4 O A &R
S P AR LR LA 56

F4 EHZLREZESHITEHES B % T Logistic [2] 13 53 47

Tab 4 Multinomial Logistic regression analysis of associations between baseline factors and trajectory group assignment

Male (vs. female) Accelerating decline
Lower-level slow decline
Early rapid decline

Graduated from primary school Accelerating decline

(wvs. otherwise)

Lower-level slow decline

Early rapid decline

Baseline age
(per 5-year increase)

Accelerating decline

Lower-level slow decline

Early rapid decline

0.79 (0.42—1.47) 0.450 0.158
1.20 (0.56-2.59) 0.641
0.39 (0.15-1.02) 0.055
0.33 (0.17-0.65) 0.001 <0.001
0.09 (0.04—0.19) <0.001
0.26 (0.11-0.61) 0.002
1.25 (0.98-1.60) 0.075 0.359
1.12 (0.81-1.54) 0.487
1.05 (0.76—1.47) 0.760
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Fig 3 Kaplan-Meier curves for the cumulative incidence of

dementia across MMSE trajectory groups
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Tab 5 Associations of MMSE trajectory group membership and baseline factors with dementia diagnosis during follow-up :

Cox proportional hazards regression analysis

MMSE trajectory group®

Accelerating decline 2.590
Lower-level slow decline 1.367
Early rapid decline 4.397
Age at enrollment (per 5-year increase) 1.035
Male (vs. female) —0.046
Graduated from primary school (wvs. otherwise) 0.322

0.273 <0.001 13.33 (7.81-22.76)
0.373 <0.001 3.92 (1.89-8.15)
0.341 <0.001 81.17 (41.61-158.33)
0.108 <0.001 2.81 (2.28-3.48)
0.214 0.829 0.95 (0.63—1.45)
0.209 0.125 1.38 (0.92-2.08)

SE: Standard error; ‘Relatively preserved.
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