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BACKGROUND

The global population is aging rapidly, creating signif-
icant challenges for healthcare systems [1]. Traditional dis-
ease-centered models often fail to meet the complex needs of 
older adults, who frequently have multiple chronic conditions. 
In geriatric medicine, frailty has become a key concept [2-3], 
representing increased vulnerability due to a decline in phys-
iological reserves and functional capacity. Frailty is a multi-
dimensional syndrome that includes physical, cognitive, psy-
chological, and social impairments, making its identification 
vital for improving patient outcomes and healthcare resource 
allocation. The Frailty Index (FI) is a widely used tool that 
quantifies frailty by measuring the ratio of health deficits to 
the total number of health variables [4]. This approach allows 
for practical and scalable assessments across various settings.

However, while the FI offers a comprehensive assessment, 
it remains an observed composite measure that may not fully 
capture the underlying latent nature of frailty. Frailty can be 
conceptualized as a latent [5-6] construct. Studying frailty 
as a latent variable enables a deeper understanding of its 
structure and heterogeneity. It allows researchers to explore 
whether distinct frailty phenotypes [7] exist and whether they 
differ in their relationship to key outcomes such as mortality 
or functional decline. Moreover, latent variable models can 
uncover hidden patterns that are not evident from single ob-
served measures like the FI, potentially offering more nuanced 
tools for risk stratification and clinical decision-making.

OBJECTIVES

To compare the predictive accuracy of mortality mod-
els based on a continuous FI and latent class approaches 

through simulation, using the area under the curve (AUC) as 
the evaluation metric.

METHODS

The simulation uses real-world data on 50 binary and ordi-
nal items related to HyperFrail, focusing on marginal probabili-
ties and empirical correlations. Data simulation began by gen-
erating multivariate normal data using the empirical correlation 
matrix for a sample of 1,000 individuals with 50 variables 
each. These continuous values were transformed into uniform 
probabilities and mapped to discrete response levels based 
on specified marginal distributions. A dataset was created with 
one row per individual and the calculated FI as the sum of the 
50-item responses, normalized by the number of items. Five 
domain-specific subscores were derived: activity (items 1-16), 
health (items 17-20), psychological (items 21-25), comorbidity 
(items 26-43), and cognitive (items 44-50). Age was simulated 
based on the frailty index (FI) levels. Individuals with an FI of less 
than 0.12 were assigned a random age between 20 and 50 
years. For those with an FI of 0.12 or greater, age was sampled 
between 50 and 80 years, following an exponentially increas-
ing distribution to reflect the greater frailty commonly observed 
in older adults. Mortality was simulated conditionally based on 
age: individuals under 50 were assigned a death status of 0 
(indicating no death), while those aged 50 and above were 
assigned a death status with a probability ranging from 30% to 
80% (in 5% increments) to represent various levels of risk. Three 
models were developed to predict binary death outcomes. The 
first model utilized logistic regression, employing the contin-
uous Frailty Index (FI) on a scale from 0 to 100. The second 
model applied Latent Class Analysis (LCA) using the poLCA [8] 
package on 50 item variables to identify various frailty classes, 
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followed by logistic regression where frailty class served as a 
categorical predictor. The third model used Gaussian Mixture 
Modeling (GMM) with the Mclust [9] package, analyzing five 
domain-specific summary scores to identify latent clusters. The 
Area Under the Curve (AUC) was calculated for each model to 
evaluate discrimination performance. Finally, a simulation study 
was conducted to assess model performance across different 
mortality scenarios.

RESULTS

Latent class analysis using Bayesian Information Criterion 
(BIC) identified nine distinct frailty classes across five domains. 
Class 1 represented “low frailty” with minimal deficits, while 
Class 4 showed “high activity limitation” mainly affecting the 
activity domain. Class 6 had a “cognitive-predominant” phe-
notype, marked by significant cognitive impairment. Class 8 
displayed a “multi-domain severe” pattern with high frailty 
scores in activity, health, and comorbidity. Finally, Class 9 ex-
hibited extreme frailty with the highest burden, especially re-
lating to comorbidity and health status. The comparison of the 
AUC showed that the continuous FI consistently outperformed 
both latent variable approaches in all mortality probability 
scenarios. The FI displayed superior discriminative ability, 
particularly at higher mortality probabilities. It was followed 
closely by the GMM, while the LCA demonstrated the lowest 
predictive performance.

CONCLUSION

The continuous FI showed better predictive accuracy for 
mortality outcomes, while the latent class approach identified 
significant frailty phenotypes with distinct patterns in specific 
domains that may have important clinical implications. These 
findings indicate that, although the comprehensive nature of 
the FI provides more effective discrimination of mortality risk, 
understanding frailty as a latent variable offers valuable in-
sights into the diverse characteristics of this syndrome.
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Figure 1. Distribution of Domains across latent classes and comparison of AUC for three models in different death scenarios
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