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INTRODUCTION

The global prevalence of metabolic diseases such as dia-
betes continues to rise, particularly among aging populations
[1]. Among risk factors, lifestyle behaviors are modifiable and
play a central role in the prevention and progression of meta-
bolic diseases [2]. These risks do not act alone, making it im-
portant to examine how lifestyle behaviors cluster and interact
with one another and how their joint classification is associat-
ed with biological markers of metabolic diseases. ELSA [3] is
a longitudinal study of over-50 years old subjects, specifically
designed to study ageing population in Britain.

OBJECTIVES

The main objective was to identify distinct behavioral-
ly defined subgroups among older adults from Wave 4
(2008,/2009) of the ELSA through latent class analysis and
characterize their associated biomarker profiles[4]. By link-
ing these lifestyle patterns to early biological risk markers,
this study seeks to enhance understanding of the mechanisms
connecting lifestyle behaviors to metabolic health, ultimately
informing more targeted interventions for the prevention of di-
abetes and related metabolic conditions in later life.

METHODS

This study utilized data from ELSA Wave 4 specifically for
its inclusion of extensive biomarker data, which are critical for
analyzing metabolic and diabetes-related health risks.

For downstream analysis, several data transformations
and recoding steps were performed. Each blood biomark-
er (white blood cells, haemoglobin, insulin growth factor 1,
HbA ¢, fasting glucose, triglycerides, DHEAS) was recoded
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into a binary variable using cutoff values defined through clin-
ical practice/literature specific to the British population. The
initial sample size including data on these biomarkers was n=
3147.

Latent Class Analysis (LCA) was performed using the pol.-
CA package in R, incorporating categorized lifestyle factors
such as sleep quality, comorbidities, smoking habits, nutrition
(fruit and vegetable intake), alcohol consumption, physical
activity, and obesity as manifest variables. To determine the
optimal number of latent classes, multiple models were esti-
mated and compared using model fit indices, including the
Akaike Information Criterion (AIC), Bayesian Information
Criterion (BIC), and significance of predicted class member-
ships, to ensure meaningful interpretation. A complete case
LCA approach was chosen as this resulted the best model fit
compared to analysis with inclusion of missing values.

Depending on the nature of each biomarker, appropriate
regression methods were applied: linear regression for contin-
vous biomarkers, binary logistic regression for those with strict
cutoff thresholds, and multinomial regression for biomarkers
with multiple healthy/unhealthy categories. All regression
models were adjusted stepwise, starting with unadjusted
models and progressing to fully adjusted ones, incorporating
confounders grouped as demographic/biological (age, sex,
ethnicity), socioeconomic (education, net worth, deprivation
score), health-related (comorbidities, depression), and, final-
ly, household composition.

RESULTS

Latent Class Analysis identified three distinct lifestyle be-
havior profiles: Class 1—characterized by overall healthy be-
haviors; Class 2—marked primarily by poor sleep and Class
3—defined by a combination of poor sleep, unhealthy nutri-
tion, smoking and borderline levels of physical activity (Figure
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1). Compared to individuals with healthy behaviors (Class
1), those in Class 2 had higher odds of elevated triglycerides
(OR = 1.73; 95% Cl: 1.43-2.08), and very similar odds for
Class 3 (OR = 1.74; 95% ClI: 1.31-2.29). Elevated triglycer-
ides were also significantly associated with male sex. These
findings were supported by linear regression results, which
showed that Classes 2 and 3 had significantly higher aver-
age triglyceride levels—an increase of 0.17 mmol /L (95% ClI:
0.09 to 0.24) and 0.25 mmol/L (95% Cl: 0.13 to 0.36), re-
spectively—approaching borderline unhealthy levels.

For HbA1c, individuals in Class 2 and Class 3 had higher
odds of elevated levels (OR = 1.30; 95% Cl: 1.11-1.60 and
OR = 1.87; 95% Cl: 1.41-2.51, respectively), compared to
Class 1. In linear regression, the baseline HbA1c level (in-
tercept) was 5.64 (95% Cl: 5.57 to 5.70), and both Class 2
(+0.11, 95% ClI: 0.06 to 0.15) and Class 3 (+0.09, 95% Cl:
0.03 to 0.16) showed significant increases—pushing average
levels to or just above the 5.7% threshold. Elevated HbA1c
was also significantly associated with older age, particularly
higher in those in their 70s.

In the fully adjusted multinomial regression, participants
in Class 2 had significantly higher odds of low DHEAS levels
compared to Class 1 (OR = 2.02, 95% CI: 1.51 to 2.70),
suggesting a strong association between poor sleep and re-

duced DHEAS.

CONCLUSIONS

This study highlights that poor sleep alone (Class 2) is
associated with significant increases in metabolic risk mark-
ers such as HbA1c and triglycerides, pushing levels toward
borderline or unhealthy ranges. When combined with other
unhealthy lifestyle factors such as unhealthy diet and smoking
(Class 3), there is an additional negative effect for several bi-
omarkers. Furthermore, poor sleep was also strongly related
to low DHEAS, which is in turn a known factor linked to the
hormonal processes of aging[5]. Overall, these findings high-
light the importance of addressing specific patterns of behav-
jor in order to increase awareness of and protection against

early metabolic dysregulation and enhance healthy aging.
Figure 1. Behcvio>r/al pgroﬁ es of latent classes using a ZYO. 3
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