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Abstract
Background: Frailty is a complex syndrome characterized by diminished physiological reserves, resulting in increased
vulnerability among older adults. Scalable tools that leverage routinely collected laboratory data could enable earlier risk
stratification in aging populations.
Objective: The aim of the study is to model frailty risk using Frailty Trait Scale (FTS)-12 scores and biochemical or
hematological parameters, and to examine sex-specific patterns in predictors and performance.
Methods: This study analyzed data from a population-based cohort of 1485 individuals aged 65 years or older, drawn
from the Toledo Study for Healthy Aging (TSHA). Multiple and logistic regression analyses were used to investigate the
relationships between biochemical and hematological parameters, and the FTS-12 score. Predictive models were developed
separately for female and male participants, incorporating both single and composite risk factors. Model performance was
evaluated using correlation coefficients, coefficients of determination, Akaike information criterion, log-likelihood values, and
receiver operating characteristic curves, which summarize how well the models distinguish between higher and lower frailty
risk.
Results: The regression models accounted for approximately 40% of the variability in FTS-12 scores, revealing distinct risk
factors for each sex. Gamma-glutamyl transferase, albumin, and age were kept as key predictors in the selected models.
Several composite risk factor functions were also significantly associated with the FTS-12 score. Correlations between
observed and predicted FTS-12 scores were moderately strong, with values of 0.621 (P<.001) for female participants and
0.615 (P<.001) for male participants. Logistic regression models showed moderate-to-good discriminative performance for
high frailty probability, achieving receiver operating characteristic area under the curve values of 0.799 for female participants
and 0.824 for male participants.
Conclusions: This analysis is an exploratory proof-of-concept study, and the developed models do not constitute validated
clinical prediction tools. Routine laboratory profiles demonstrate moderate, sex-specific predictive performance for FTS-12–
defined frailty and may, in principle, complement comprehensive geriatric assessment by facilitating the early identification of
patients who could benefit from further evaluation and closer clinical follow-up. External validation in independent cohorts is
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required before any clinical use, alongside longitudinal designs with repeated biomarker measures and integration of additional
biological layers, to enhance generalizability and confirm clinical utility. Within these limits, the analysis highlights the
potential of routine laboratory data to support digitally enabled frailty screening and workflow-integrated risk stratification in
primary care and remote geriatric care settings.

Interact J Med Res 2026;15:e76500; doi: 10.2196/76500
Keywords: aging; frailty; frailty risk prediction; hematological parameters; biochemical parameters; logistic regression
analysis

Introduction
Frailty is a multifaceted clinical syndrome characterized by
diminished strength, endurance, and physiological func-
tion, leading to increased vulnerability to dependency and
mortality [1-3]. Its complexity stems from several subtypes,
including physical, cognitive, oral, and social frailty [4-6].
Physical frailty and physiological decline have been the most
extensively studied. Fried et al [3] distinguished frailty as a
condition separate from aging, comorbidity, and disability,
noting its clinical reversibility and its role as a precursor to
dependency in older adults. While unhealthy aging provides
a context for frailty development, it is not an inevitable
outcome, as individuals may exhibit varying levels of frailty
over time [1,7-9]

Assessment tools such as the Fried Frailty Phenotype and
the Frailty Index (FI) are routinely used in clinical prac-
tice to evaluate frailty. The Fried Frailty Phenotype identi-
fies 5 dimensions—weakness, low endurance, slowness, low
physical activity, and weight loss—and classifies individuals
as frail if they perform poorly in 3 or more domains [3].
In contrast, the FI conceptualizes frailty as the accumulation
of deficits that predispose individuals to adverse outcomes,
including mortality and hospitalization [10]. Despite their
widespread validation, both methods have limitations in
clinical settings, such as being time-intensive and challenging
for monitoring subtle changes over time [11,12]. To address
these gaps, newer approaches have expanded the conceptual-
ization of frailty. García-García et al [11,13] introduced the
Frailty Trait Scale (FTS)-12, which considers frailty as a
biological trait encompassing additional domains, including
vascular and nervous system health and nutritional status. The
FTS has 3 validated versions (FTS-12, FTS-5, and FTS-3),
each capturing different dimensions of frailty. These scales
exhibit high sensitivity and accuracy in detecting frailty and
predicting adverse health outcomes, such as hospitalization,
fractures, and mortality. Among these, FTS-12 is effective
in comprehensively assessing frailty and its associated risks
[11].

Since 2022, we have pursued a screening-oriented
approach to investigate whether routinely available laboratory
data can help identify older adults at increased risk of frailty.
In this study, we examined whether common biochemical and
hematological parameters could be used to predict the FTS-12
score and to identify individuals more likely to fall within
the highest frailty range. Beyond its statistical relevance,
this approach may contribute to health care innovation by
evaluating whether low-cost, routinely available laboratory

data can support practical frailty risk stratification within
digitally enabled geriatric care. In this context, this study
aims (1) to develop an equation to predict an FTS-12 score
of an older individual based on their biochemical profile;
(2) to determine whether frailty, as assessed by the FTS-12
scale, can be predicted to fall within the upper range of the
distribution using routinely available blood-based biomark-
ers; and (3) to establish exploratory criteria for selecting
predictive equations based on observed frailty estimates.

This study is conceived as an exploratory, proof-of-con-
cept analysis, and the resulting models should not be
regarded as validated clinical prediction tools. The approach
is not intended to replace comprehensive clinical assess-
ment of frailty; rather, it explores whether routinely availa-
ble laboratory data carry meaningful frailty-related signals
that could, pending external validation, eventually support
preliminary screening of older individuals with a high
probability of frailty.

Methods
Data Origin
This analysis used data from the Toledo Study for Healthy
Aging (TSHA), a prospective, population-based cohort study
investigating the determinants and consequences of frailty
syndrome in older adults living in Toledo, Spain [14]. The
study included 1972 participants who completed a home-
based interview and physical evaluation, with biological
samples provided by 1752 individuals for laboratory analysis.
Baseline data were collected between June 2006 and
September 2009, and participants were followed for an
average of 3.5 (SD 1.19; range 0.30‐4.79) years to evaluate
study outcomes [11].
FTS-12, Blood Collection, and Measured
Traits
The FTS-12 served as the dependent variable in statistical
analyses. This scale includes 12 items across 7 dimensions.
To calculate the FTS-12 score for each participant, the
TSHA collected data in the following areas: (1) self-reported
comorbidities, (2) basic and instrumental activities of daily
living, (3) depressive symptoms, and (4) cognitive function.
Trained nurses conducted physical examinations and clinical
tests at participants’ homes to supplement these data. Detailed
assessment methods are provided in García-García et al [11].

Participants also provided 12-hour fasting blood samples,
from which two primary categories of variables were derived:
(1) 15 variables assessing blood characteristics (hemogram)
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and (2) 19 variables measuring biochemical characteris-
tics (biochemical profile), along with an added 12 unique
biochemical traits not included in the standard profile. In
total, 46 blood-related variables, combined with participants’
age, were included in the original database.
Ethical Considerations
The TSHA was approved by the clinical research ethics
committee of the Complejo Hospitalario de Toledo, Tol-
edo, Spain. The original cohort study (“Estudio Toledo de
Envejecimiento”) received ethics approval on March 30, 2005
(application 22). In addition, the specific research project
entitled “Predictors of frailty, disability, cognitive impair-
ment, vascular events, hospitalization, and mortality in a
cohort of adults older than 64 years. Toledo Study for Healthy
Aging” was approved on July 14, 2010 (application 93).
All participants provided written informed consent before
enrollment. This study is a secondary analysis of previously
collected cohort data.
Statistical Analysis

Exploratory Data Analysis
The software programs JMP (version 13.2) and SAS
Enterprise Guide (version 7.1; SAS Institute Inc) were used to
perform descriptive statistical methods for each sex inde-
pendently and to identify potential data anomalies [15,16].
Descriptive statistics included (1) examining data dispersion
for individual variables and correlations between potential
explanatory variables, (2) identifying plausible probability
distributions for each variable, (3) detecting potential outliers
mainly by using box plot analysis, and (4) analyzing the
relationship between the main dependent variable (FTS-12)
and possible explanatory variables. The final database
included measurements from 1485 individuals aged 65 years
and older, comprising 848 female participants and 637 male
participants.

Missing Data
Missing data were present in less than 5% of observa-
tions across study variables. Analyses were conducted using
complete cases only (listwise deletion). This approach is
valid under the reasonable assumption that data were missing
completely at random. Since the small amount of missingness
was mostly caused by small problems during blood sample
collection, this assumption was deemed reasonable. Given the
low proportion of missingness, potential bias due to exclusion
of incomplete cases was considered negligible. The exclusion
of missing data is the default procedure in SAS Enterprise
Guide (version 7.1) software.

Modeling Regression Equations to Predict the
FTS-12 Score
Two predictive models of FTS-12 scores were developed
based on the following criteria: (1) sex and (2) avail-
able biological information, which included data from
the biochemical profile and hemogram. The models were
constructed using the theory of linear models in the
framework of multiple regression analysis [17-19]. The

mathematical formulations of the regression models are
provided in Multimedia Appendix 1. Additional details
regarding the model and its underlying assumptions are
provided in Multimedia Appendix 2. We used a 2-stage,
data-driven selection process. Predictors were initially
screened based on their Pearson correlation with the outcome
r≥0.18. A stepwise multiple regression was then applied to
the remaining variables [17,18]. This approach was used for
exploratory purposes, and the results should be interpreted
cautiously. This approach was selected and justified because
(1) we have a very large number of predictors (n=46);
(2) this is a proof-of-concept analysis for predictive purpo-
ses (FTS-12 score and high-frailty probability, as described
below), rather than an inferential analysis; (3) results must
be treated as “exploratory and preliminary,” and the stepwise
was used as a diagnostic tool, not a decision rule; and (4) the
final model will be validated on independent data. Selection
criteria included the coefficient of determination, residual
mean square, Mallows Cp statistic, and Akaike information
criterion (AIC). All statistical calculations were performed
using the PROC REG procedure in SAS (version 9.4).

Bootstrapping in multiple regression can be used to
support statistical inference when classical assumptions are
questionable or when sample size is limited. Bootstrapping
was unnecessary in our multiple regression analysis. The size
of the database is large; residual effects followed a normal
distribution, and there were no heteroscedasticity problems.
Here, bootstrapping is optional. However, we considered
performing bootstrapping as a complement to the selection
process. We used the stepwise selection procedure, and
bootstrapping was applied to construct empirical CIs for the
parameter estimates. The “bootstrapping” analysis was then
conducted for the selected multiple regression models using
the PROC SURVEYSELECT and PROC REG procedures in
SAS (version 9.4). We generated 1000 subsamples of size
500 from the dataset and fitted a regression model for each
subsample. From these models, 95% CIs for each parameter
and the model’s coefficient of determination were computed
by calculating the 2.5% and 97.5% percentiles. A summary of
bootstrapping is shown in Multimedia Appendix 2. Because
the multiple regression model predicts a continuous outcome,
calibration in the probabilistic sense was not applicable;
instead, model performance was evaluated using goodness-of-
fit measures (eg, R2) and residual diagnostics and agreement
between observed and predicted values. These approaches
provide an assessment of model performance analogous to
calibration in probabilistic models.

Modeling the Odds of Reaching Maximum
FTS-12 Scores
FTS-12 scores ranged from 1 to 100. To analyze frailty levels,
the 3 quartiles of the distribution were calculated, dividing
frailty data into 4 distinct quarters [11]. Each individual’s
FTS-12 score was assigned to one of these 4 quarters, treating
an individual’s FTS-12 value in any quarter as a binomial
(binary) variable. The fourth quarter—standing for the highest
frailty levels—was of primary interest in this study. This
quarter included FTS-12 values above the third quartile
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(scores >55), representing the highest frailty scores in this
cohort. This upper-quartile definition was used as a cohort-
specific analytical threshold to identify the subgroup with the
highest frailty burden within the present sample and should
not be interpreted as a universal clinical cutoff for the FTS-12
scale. For any individual in the original TSHA data with
an FTS-12 value equal to or above 55, a “1” was assigned
under a newly created “fourth quarter” column, while scores
below this threshold were assigned a “0.” We defined a
binary response variable, Y, such that Y=1 if an individual’s
FTS-12 score exceeded the third quartile (ie, fell within the
highest—fourth—quarter), and Y=0 otherwise. Therefore, a
multiple logistic regression analysis was conducted for the
binary variable representing the fourth quarter, following the
approach described by Hosmer et al [20]. Logistic regres-
sion enables the prediction of the odds of a particular event
occurring as a function of observed values for a set of
potential explanatory variables. Depending on the context,
these variables are referred to as independent variables, risk
factors, predictors, or regressors. Additional details regard-
ing the logistic model and its underlying assumptions are
provided in Multimedia Appendix 2. Regression analysis
was conducted using JMP (version 13.2) software, along
with the LOGISTIC procedure in SAS (version 9.4) and
SAS Enterprise Guide (version 7.1). A stepwise regression
approach, as outlined by Hosmer and Lemeshow [20], was
applied as the selection method. Selection criteria inclu-
ded the coefficient of determination, residual mean square,
Mallows Cp statistic, and AIC. Finally, we generated receiver
operating characteristic (ROC) curves to illustrate how well

the binary models distinguished between higher and lower
frailty probability. As in the multiple regression analysis,
this approach was used for exploratory purposes, and the
results should be interpreted cautiously. Bootstrapping was
not performed in the logistic regression analysis because of
the large sample size and the fact that the number of events
per variable exceeded 20 in the binary outcome. Instead,
ROC curve analysis was used to assess how well the models
distinguished between higher and lower frailty probability.
This analysis provided area under the curve (AUC) estimates
for the selected variables and allowed comparison of their
discriminatory performance.

Multicollinearity was assessed to determine whether
some independent variables carried overlapping information
that could make coefficient estimates unstable. Collinearity
in both the multiple and logistic regression models was
evaluated using variance inflation factors (VIFs). Values of 5
or higher were considered indicative of problematic collinear-
ity. In this study, no relevant multicollinearity was detected,
as all VIF values were below 2.0. A summary of this analysis
is provided in Multimedia Appendix 2.

Figure 1 shows a flowchart summarizing the analysis
steps. As proof of concept, we conducted this preliminary
analysis to assess the feasibility of the proposed approach.
This analysis was not intended to provide definitive infer-
ence, but rather to demonstrate that the proposed method can
be implemented and yield meaningful results under realistic
conditions.

Figure 1. Flowchart summarizing the methodological workflow of the proof-of-concept study using data from the TSHA. EDA included histogram,
box plot, and scatter plot visualizations. The FTS-12 score was analyzed using multiple linear regression, while the binary log-odds outcome was
analyzed using logistic regression. A stepwise variable selection method was applied as an exploratory diagnostic tool, together with added model
selection criteria. Bootstrapping procedures were incorporated into the multiple regression analysis, and ROC curve analysis was applied within the
logistic regression framework. Multicollinearity assessment was conducted for both regression approaches. External model validation is pending and
will be addressed in future work to further improve the variable selection process. EDA: exploratory data analysis; FTS-12: Frailty Trait Scale 12;
RMS: residual mean square; ROC: receiver operating characteristic; TSHA: Toledo Study for Healthy Aging.
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Results
The results presented in this section correspond to an
exploratory, proof-of-concept analysis and should be read
accordingly: the estimates and discriminatory measures
reported are intended to characterize the frailty-related signal
contained in routine laboratory data, not to define valida-
ted clinical prediction tools. Their interpretation is therefore
conditional on external validation in independent cohorts.
Age and FTS-12 Values
The mean age of participants included in the selection process
was 75.04 (SD 5.84; range 65‐95) years for female partic-
ipants and 74.95 (SD 5.63; range 65‐99) years for male
participants. The mean FTS-12 scores observed in the study
were 46.68 (SD 15.99; range 6‐92.11) for female participants
and 39.62 (SD 15.43; range 0‐84) for male participants. The
original database comprised 847 (57%) female participants
and 637 (43%) male participants.
Models Based on FTS-12 Values:
Selected Risk Factors and Functions
Tables S1 and S2 in Multimedia Appendix 3 summarize
the variables retained in the regression models for female
participants and male participants, respectively. In both sexes,
the selected models combined individual laboratory markers

with composite functions derived from clinically relevant
variables. Table 1 presents the diagnostic statistics for the
models stratified by sex. The F-statistics for both models
were highly significant (P<.001), and the root mean square
error ranged from 12 to 12.45. These findings highlight the
relevance of both individual risk factors and their combined
effects in modeling FTS-12 scores. Overall model perform-
ance was moderate, with R2 values of approximately 0.39
in female participants and 0.38 in male participants. The
parameter estimates and associated statistics for the selected
multiple regression models in female and male participants
are presented in Tables 2 and 3, respectively. The definitions
and mathematical expressions of the composite risk factors
used across the regression models are provided in Table 4.

Figures 2 and 3 further illustrate the modeling quality
of the models. A moderately strong Pearson correlation
was observed between the observed and modeled FTS-12
scores for both sexes, with correlations of 0.621 for female
participants and 0.615 for male participants. The predicted
FTS-12 scores were reasonably aligned with the observed
scores in both sexes, supporting the feasibility of this
approach while also indicating that substantial prediction
uncertainty remains. The scatter plots visually represent
this positive relationship, with a colored ellipsoid enclosing
90% of the data points. Higher correlations indicate better
agreement between observed and predicted FTS-12 values.

Table 1. Descriptive characteristics and diagnostic analysis of selected multiple regression models for female and male participantsa.
Statistics Case study

Female Male
F value 46.81 (10, 744) 37.22 (9, 550)
P value <.001 <.001
Root MSEb 12.45 12.00
R2 0.39 0.38

Percentile 97.5% for R2 0.436 0.493
Percentile 2.5% for R2 0.298 0.312

Adjusted R2 0.38 0.37
Total of observations read 847 637
Total of observations used 755 560
Simple Pearson correlation between observed and expected values of FTS-12c 0.621 0.615

aPercentiles 97.5% and 2.5% for R2 were obtained by using the Bootstrapping technique. See the Modeling Regression Equations to Predict the
FTS-12 Score section for further details.
bMSE: mean square error obtained from the ANOVA table of regression analyses.
cFTS-12: Frailty Trait Scale 12.

Table 2. Parameter estimates for the selected multiple regression model: female participantsa.

Variable Estimates
Correlations between FTS-12b versus risk factors in the
model

df Estimate SE t test (df=744) P value Pearson correlation P value Values, n
Intercept 1 −337.16 32.57 −10.35 <.001 —c — —
CRF1d 1 25.40 2.16 11.74 <.001 0.578 <.001 825
CRF2 1 19.67 3.96 4.97 <.001 0.465 <.001 839
GGTe (U/L) 1 0.1 0.037 3.18 .002 0.120 <.001 829
Urea (mg/dL) 1 0.15 0.048 3.17 .002 0.178 <.001 829
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Variable Estimates
Correlations between FTS-12b versus risk factors in the
model

df Estimate SE t test (df=744) P value Pearson correlation P value Values, n
Granulocytes (%) 1 0.16 0.053 3.05 .002 0.201 <.001 838
Creatinine (mg/dL) 1 −9.25 3.16 −2.93 .004 0.132 <.001 840
Bilirubin total (mg/dL) 1 −5.40 1.96 −2.76 .006 −0.051 .14 839
Uric acid (mg/dL) 1 1.11 0.42 2.62 .009 0.187 <.001 840
Chlorine (mEq/L) 1 −0.30 0.16 −1.92 .05 −0.126 <.001 842
Triglycerides (mg/dL) 1 0.02 0.01 1.80 .07 0.068 .05 823
Age (years) — — — — — 0.515 <.001 847
RDWf (%) — — — — — 0.240 <.001 828
Albumin (g/dL) — — — — — −0.389 <.001 843

aCRF1 and CRF2 are composite risk factors defined in Table 4. Simple Pearson correlations between each risk factor in the selected reduced model
and the FTS-12 score are also shown.
bFTS-12: Frailty Trait Scale 12.
cNot applicable.
dCRF: composite risk factor.
eGGT: gamma-glutamyl transferase.
fRDW: red cell distribution width.

Table 3. Parameter estimates for the selected multiple regression model: male participantsa.
Variable Estimates Correlations between FTS-12b versus risk factors in the model

df Estimate SE t test (df=550) P value Pearson correlation P value Values, n
Intercept 1 122.10 23.62 5.17 <.001 —c — —
CRF3d 1 −37.37 4.14 −9.02 <.001 −0.552 <.001 631
CRF2 1 15.06 5.10 2.95 .003 0.469 <.001 625
Chlorine (mEq/L) 1 −0.54 0.17 −3.19 .002 −0.111 .006 629
GGTe (U/L) 1 −0.087 0.032 −2.68 .008 −0.128 .001 620
Triglycerides (mg/dL) 1 0.033 0.012 2.63 .009 0.009 .82 617
Uric acid (mg/dL) 1 0.94 0.39 2.41 .02 0.080 .046 625
Phosphorus (mg/dL) 1 2.48 1.04 2.37 .02 0.048 .23 626
Eosinophil (%) 1 −0.56 0.29 −1.90 .05 −0.040 .32 623
Leukocytes (×103/µL) 1 0.60 0.33 1.86 .06 0.090 .02 626
Age (years) — — — — — 0.476 <.001 637
Albumin (g/dL) — — — — — −0.427 <.001 631
Alkaline phosphatase (U/L) — — — — — 0.152 .001 628

aCRF2 and CRF3 are composite risk factors defined in Table 4. Simple Pearson correlations between each risk factor in the selected reduced model
and the FTS-12 score are also shown.
bFTS-12: Frailty Trait Scale 12.
cNot available.
dCRF: composite risk factor.
eGGT: gamma-glutamyl transferase.

Table 4. Definitions of composite risk factors (CRFs) used in the regression modelsa.
Label Descriptor Formula Selected in model
CRF1 RDWb-age-albumin composite ln(RDW×age3/albumin) Female participants, multiple regression
CRF2 Alkaline phosphatase-age-albumin composite ln(AlkPhosc×age/Albumin) Female and male participants, multiple regression
CRF3 Albumin-age composite ln(albumin)×00/age Male participants, multiple regression; female

participants, logistic regression
CRF4 Hemoglobin-age composite Hemoglobin×105/age3 Male participants, logistic regression

aLogarithmic transformations were applied to better capture nonlinear relationships between predictors and the Frailty Trait Scale 12 score, consistent
with standard practice in regression modeling [21]. CRF identifiers are used throughout the paper; full mathematical definitions appear only in this
table.
bRDW: red cell distribution width.
cAlkPhos: alkaline phosphatase.
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Figure 2. Observed versus modeled FTS-12 score using the selected multiple regression model in female participants (n=848). The horizontal
axis shows the FTS-12 score predicted by the sex-specific multiple regression model (which retained age, albumin, gamma-glutamyl transferase,
and selected composite risk factors as predictors; Table 2), and the vertical axis shows the FTS-12 score observed for each participant. The
simple Pearson correlation was 0.621 (P<.001). Continuous vertical and horizontal red lines show the mean values for the modeled and observed
FTS-12. Dashed vertical and horizontal red lines are the first (lower), second (median), and third (upper) quartiles. The shaded ellipse is the region
encompassing 90% of the plotted data. A higher correlation, and closer alignment of points along the diagonal, indicate better agreement between
observed and modeled FTS-12 values. The moderate dispersion observed is consistent with the multidimensional nature of frailty, only part of which
is captured by routine laboratory data. FTS-12: Frailty Trait Scale 12.

Figure 3. Observed versus modeled FTS-12 scores using the selected multiple regression model in male participants (n=637). The horizontal axis
shows the FTS-12 score predicted by the sex-specific multiple regression model (which retained age, albumin, gamma-glutamyl transferase, and
a composite risk factor as predictors; Table 3), and the vertical axis shows the FTS-12 score observed for each participant. The simple Pearson
correlation was 0.615 (P<.001). Continuous vertical and horizontal red lines show the mean values for the modeled and observed FTS-12. Dashed
vertical and horizontal red lines are the first (lower), second (median), and third (upper) quartiles. The shaded ellipse is the region encompassing 90%
of the plotted data. A higher correlation, and closer alignment of points along the diagonal, indicate better agreement between observed and modeled
FTS-12 values. The moderate dispersion observed is consistent with the multidimensional nature of frailty, only part of which is captured by routine
laboratory data. FTS-12: Frailty Trait Scale 12.
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Regression Analysis of Statistical Models
Tables 2 and 3 present the regression parameter estimates
and related statistics for the 2 selected models. The compo-
site risk functions were more strongly related to the FTS-12
score than most single laboratory variables. This suggests
that frailty is better captured by combinations of biologi-
cally related markers than by isolated biomarkers alone. In
female participants, the strongest association was observed
for the function combining red cell distribution width (RDW),
age, and albumin, whereas in male participants, the stron-
gest association involved albumin- and age-related composite
terms. These findings support the idea that frailty risk is
influenced by interacting physiological processes rather than
by a single laboratory abnormality. To enhance visualiza-
tion, colored ellipsoids enclosing 90% of the data points
are included in both figures. These ellipsoids highlight the
trends that informed the selection of these functions for
the models. Notably, the relationship is not strong enough
to approximate a straight line. If they were, each value
of the function composite risk factor (CRF) 1 (Figure S1
in Multimedia Appendix 4) or CRF3 (Figure S2 in Multi-
media Appendix 4) would correspond to only 1 or a few
closely related FTS-12 values. Instead, the ellipsoids suggest
a broader range of FTS-12 scores for a specific value of each
function. Nonetheless, a positive trend is evident for CRF1
(Figure S1 in Multimedia Appendix 4), while a negative trend
is observed for CRF3 (Figure S2 in Multimedia Appendix
4). Comparatively, correlations with single risk factors were
moderate. For female participants, the highest correlation
was 0.187 (P<.001) for uric acid, with a positive correla-
tion observed for gamma-glutamyl transferase (GGT; 0.120;
P=.001). In contrast, GGT showed a negative correlation in
male participants (−0.128; P=.001).

Correlations between FTS-12 and key variables such
as age, RDW, albumin, and alkaline phosphatase were
also examined. Age and albumin were of particular inter-
est, as they were included in all CRF functions, regard-
less of sex. For age, the correlation was 0.515 (P<.001)
in female participants and 0.476 (P<.001) in male partici-
pants. For albumin, the correlation was −0.389 (P<.0001)
in female participants and −0.427 (P<.001) in male partici-
pants. Despite its moderately high correlation, albumin was
not selected as an “individual variable.” Plausible reasons for
this exclusion are discussed later in the text.
Models Based on High Frailty Probability:
Selected Risk Factors and Functions
Tables S3 and S4 in Multimedia Appendix 3 summarize the
statistics for the predicted probabilities (hereafter referred
to as “the probabilities”) and the independent variables,
including individual risk factors and composite functions,
incorporated into the selected logistic models for female
participants and male participants, respectively. These tables
also include information on “age” and several other risk
factors. Although these variables were not selected as
individual predictors, they are components of the CRF
functions named through the selection process.

Table 5 provides descriptive statistics and diagnostic
parameters for the selected logistic models. Among the
participants, 200 of 735 (27%) in the female participants and
100 of 564 (18%) in the male participants had FTS-12 scores
in the fourth quarter (above the third quartile, showing a
high probability of frailty). The remaining participants in each
group were distributed across the lower 3 quarters.

Table 5. Descriptive characteristics and diagnostic analysis of selected logistic regression models for female participants and male participants.
Statistics Case study

Female participants Male participants
Observations read, n 847 637
Observations used, n 735 564
Observations with an FTS-12a value located in the fourth interval (larger than the third quartile), n 200 100
Observations with an FTS-12 value not located in the fourth interval (larger than the third quartile), n 535 464
Model fit statistics criterion

AICb 696.4 421.8
−2 Log L 682.4 403.8
Max-rescaled R2 0.312 0.323

Testing global null hypothesis: only intercept
Likelihood ratio

Chi-square (df) 178.0 (6) 123.3 (10)
P value <.001 <.001

aFTS-12: Frailty Trait Scale 12.
bAIC: Akaike information criterion.

Tests of the global null hypothesis were highly significant
(P<.001), showing that at least 1 independent variable—
whether a single risk factor or a composite function of risk
factors—was significantly associated with the probability of
FTS-12 falling into the uppermost range.

Tables 6 and 7 summarize the estimated parameters and
associated statistics for the selected models applied to female
and male participants, respectively. The model for female
participants includes 5 single variables and 1 composite
function of risk factors. In contrast, the model for male
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participants comprises 7 single variables and 1 composite
function of risk factors.

Table 6. Parameter estimates for the selected logistic model: female participantsa.

Variable Estimates
Correlations between probability versus risk
factors in the model

Odds ratio
estimates

df Estimate SE Wald chi-square (df=1) P value Pearson correlation P value Values, n
Intercept 1 7.83 1.43 30.0 <.001 —b — — —
CRF3c 1 −6.21 0.63 96.9 <.001 −0.871 <.001 735 0.00
Granulocytes (%) 1 0.035 0.011 10.2 .001 0.349 <.001 735 1.04
Alkaline
phosphatase (U/L)

1 0.011 0.004 5.8 .02 0.333 <.001 735 1.01

Urea (mg/dL) 1 0.012 0.0082 2.1 .14 0.248 <.001 735 1.01
LDLd (mg/dL) 1 −0.0057 0.0031 3.4 .07 −0.196 <.001 735 0.99
GGTe (U/L) 1 0.021 0.0070 8.9 .003 0.185 <.001 735 1.02
Age — — — — — 0.809 <.001 735 —
FTS-12f — — — — — 0.580 <.001 735 —

aSimple Pearson correlations between each risk factor included in the selected model and the estimated probability of the FTS-12 values greater than
the third quartile (fourth quarter) are also presented. CRF3 is a composite risk factor defined in Table 4. Pearson correlations between each risk factor
and the modeled probability of falling above the FTS-12 third quartile are also presented, together with odds ratio estimates.
bNot available.
cCRF: composite risk factor (Table 4).
dLDL: low-density lipoprotein.
eGGT: gamma-glutamyl transferase.
fFTS-12: Frailty Trait Scale 12.

Table 7. Parameter estimates for the selected logistic model: male participantsa.

Variable Estimates
Correlations between probability versus risk
factors in the model

Odds ratio
estimates

df Estimate SE Wald chi-square (df=1) P value Pearson correlation P value Values, n
Intercept 1 11.16 5.27 4.5 .03 —b — — —
CRF4c 1 −1.28 0.21 36.8 <.001 −0.641 <.001 564 0.19
Albumin 1 −2.70 0.53 26.2 <.001 −0.623 <.001 564 0.07
Alkaline
phosphatase (U/L)

1 0.013 0.0054 6.0 .01 0.299 <.001 564 1.00

CHCMd (g/L) 1 −0.28 0.16 3.0 .08 −0.192 <.001 564 0.76
Hemoglobin (g/dL) 1 0.46 0.11 16.4 <.001 −0.190 <.001 564 1.58
Triglycerides
(mg/dL)

1 0.012 0.0029 16.2 <.001 0.182 <.001 564 1.01

Phosphorus (mg/dL) 1 0.89 0.28 10.3 .001 0.134 <.001 564 2.43
Lactate
dehydrogenase
(U/L)

1 0.0017 0.0021 0.6 .42 0.057 .001 564 1.00

Age — — — — — 0.707 <.001 564 —
FTS-12e — — — — — 0.538 <.001 564 —

aSimple Pearson correlations between each risk factor included in the selected model and the estimated probability of the FTS-12 values greater than
the third quartile of the distribution are also presented. CRF4 is a composite risk factor defined in Table 4. Pearson correlations between each risk
factor and the modeled probability of falling above the FTS-12 third quartile are also presented, together with odds ratio estimates.
bNot applicable.
cCRF: composite risk factor (Table 4).
dCHCM: mean corpuscular hemoglobin concentration.
eFTS-12: Frailty Trait Scale 12.

Considering the Wald chi-square statistics, the presence
of CRF3, granulocytes, and GGT is highly significant
and essential in the model for female participants. For
male participants, CRF4, albumin, hemoglobin, triglycerides,
and phosphorus are identified as highly significant and

critical associated factors. Tables 6 and 7 also present
Pearson correlations between each selected independent
single variable or composite function of risk factors and
the modeled probability. Additionally, these tables include
correlations between the modeled probability and both age
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and FTS-12 scores within the working datasets. In absolute
terms, correlations involving composite functions of risk
factors exceeded 0.64 (P<.001). Notably, the function CRF3
in female participants showed particularly strong correlations.
Among the single risk factors, albumin showed a highly
negative correlation in the selected model for male partici-
pants.

Figures S3 and S4 in Multimedia Appendix 4 illustrate
the functional relationship between the modeled probability
and the composite functions of risk factors with the high-
est correlations. However, these associations were nonlinear.
For the logistic model applied to female participants, the
relationship between the observed values of the function
and the predicted probability followed an inverted logistic
S-curve (Figure S3 in Multimedia Appendix 4), with a
simple correlation of −0.871 (P<.001). When the value of the
function exceeded 2.20, the probability fell below .20 (odds
of 1 to 4). Conversely, when values of the function were less
than 1.55, the probability exceeded .70 (odds of 7 to 3).

Similarly, for the logistic model in male participants,
the relationship between function CRF4 and the modeled
probability also followed an inverted logistic S-curve (Figure
S4 in Multimedia Appendix 4), with a simple correlation of
−0.641 (P<.001). Here, values of the function above 4.75
corresponded to probabilities lower than .20 (odds of 1 to 4),

whereas values below 1.50 were associated with probabilities
exceeding .70 (odds of 7 to 3). We also estimated the simple
correlations between the modeled probability and both patient
age and observed FTS-12 values in the original datasets.
Age was consistently included in all composite functions of
risk factors selected by the selection process. All correlations
were highly significant (P<.001), irrespective of sex. Notably,
correlations with age were stronger than those with FTS-12
(Tables 6 and 7).

Multimedia Appendix 4 also illustrates the functional
relationship between the modeled probability and age in the
selected models. For female participants, the scatter plot in
Figure S5 in Multimedia Appendix 4 demonstrates that the
distribution of values aligns closely with a logistic S-curve.
Similarly, for male participants, Figure S6 in Multimedia
Appendix 4 exhibits a positive trend, also resembling a
logistic S-curve.

Positive correlations between the observed FTS-12 values
and the modeled probabilities are clearer in the scatter plots
presented in Figures 4 and 5 for male and female partici-
pants, respectively. While the dispersion of points in both
plots shows a moderate correlation, a clear trend appears,
highlighting the prediction capability of the selected models.
This consistency in predictive performance is clear across
both sexes.

Figure 4. Scatter plot of observed FTS-12 values versus the modeled probability of the frailty scores larger than the third quartile of the distribution
of possible FTS-12 values, based on the selected logistic model in female participants (n=848). The horizontal axis shows the modeled probability
returned by the sex-specific logistic regression model (which retained albumin- and age-based composite risk factors and selected single biomarkers
as predictors; Table 6), and the vertical axis shows the observed FTS-12 score for each participant. The probability quantifies the model-estimated
likelihood that an individual falls within the highest-burden frailty subgroup of the cohort (ie, above the FTS-12 third quartile), used here as an
internal analytical cutoff rather than as a clinical threshold. The Pearson correlation coefficient is 0.581 (P<.001). Continuous red lines are the mean
values of the observed FTS-12 values and the modeled probability, while dashed red lines mark the first (lower), second (median), and third (upper)
quartiles. The shaded ellipse is the region encompassing 90% of the plotted data. FTS-12: Frailty Trait Scale 12.
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Figure 5. Scatter plot of observed FTS-12 values versus the modeled probability of the frailty scores larger than the third quartile of the distribution
of possible FTS-12 values, based on the selected logistic model in male participants (n=637). The horizontal axis shows the modeled probability
returned by the sex-specific logistic regression model (which retained hemoglobin- and age-based composite risk factors and selected single
biomarkers as predictors; Table 7), and the vertical axis shows the observed FTS-12 score for each participant. The probability quantifies the
model-estimated likelihood that an individual falls within the highest-burden frailty subgroup of the cohort (ie, above the FTS-12 third quartile), used
here as an internal analytical cutoff rather than as a clinical threshold. The Pearson correlation coefficient is 0.538 (P<.001). Continuous red lines are
the mean values of the observed FTS-12 values and the modeled probability, while dashed red lines mark the first (lower), second (median), and third
(upper) quartiles. The shaded ellipse is the region encompassing 90% of the plotted data. FTS-12: Frailty Trait Scale 12.

Discriminatory Performance of the
Logistic Models (ROC Analysis)
Using the AIC and −2Log L (minus 2 log-likelihood) to
assess goodness-of-fit, the model for male participants proved
a better fit compared to the model for female participants.
Additionally, chi-square statistics derived from the likeli-
hood ratio test provided strong evidence that the independ-
ent variables significantly influenced both selected models.
The intercept alone was insufficient to explain the observed
log-odds—the logarithm of the ratio between the probabil-
ity of a FTS-12 value being larger than the third quartile
of the distribution, and the probability of it not doing so.
In addition to goodness-of-fit metrics, ROC curve analysis

was used to evaluate the discriminatory performance of the
selected logistic models. Tables S5 and S6 in Multimedia
Appendix 3 provide statistics from the ROC analysis of the
selected logistic models for both sexes. The ROC curves
align closely with the goodness-of-fit statistics. For female
participants, the AUC was approximately 0.799. Table S5 in
Multimedia Appendix 3 and Figure 6 show that the function
CRF3 was the most influential risk factor, accounting for
76% of the total AUC and closely approximating the model’s
overall AUC. For male participants, the AUC was approxi-
mately 0.824. Table S6 in Multimedia Appendix 3 and Figure
7 reveal that CRF4 and albumin were the most influential
risk factors, contributing 73% and 71% of the total AUC,
respectively.
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Figure 6. ROC curves for the selected logistic regression model and partial models in female participants (n=848). The ROC curve for the selected
logistic regression model is shown alongside the ROC curves of partial models that include individual or composite risk factors for comparison.
The curves illustrate the discriminatory power for the log-odds (and related probability) of an FTS-12 score in the uppermost range (above the third
quartile) of the cohort. The horizontal axis shows 1–specificity (false positive rate), and the vertical axis shows sensitivity (true positive rate); the
diagonal represents a noninformative classifier. The AUC for the selected model was 0.799, indicating moderate-to-good discrimination, and was
substantially higher than the AUC of any model built on a single biomarker. The largest contribution among the partial models came from CRF3,
accounting for approximately 76% of the total AUC. Key statistics, including the AUC for each model, highlight the improvement in predictive
performance when combining risk factors in the selected model. CRF3 (the albumin-age composite) is defined in Table 4. AUC: area under the
curve; CRF: composite risk factor; FTS-12: Frailty Trait Scale 12; GGT: gamma-glutamyl transferase; LDL: low-density lipoprotein; ROC: receiver
operating characteristic.

Figure 7. ROC curves for the selected logistic regression model and partial models in male participants (n=637). The ROC curve for the selected
logistic regression model is shown alongside the ROC curves of partial models that include individual or composite risk factors for comparison.
The curves illustrate the discriminatory power for the log-odds (and related probability) of an FTS-12 score in the uppermost range (above the third
quartile) of the cohort. The horizontal axis shows 1–specificity (false positive rate), and the vertical axis shows sensitivity (true positive rate); the
diagonal represents a noninformative classifier. The AUC for the selected model was 0.824, indicating moderate-to-good discrimination, and was
substantially higher than the AUC of any model built on a single biomarker. The largest individual contributions to the model AUC came from
CRF4 (approximately 73% of the total AUC) and albumin (approximately 71%). Key statistics, including the AUC for each model, highlight the
improvement in predictive performance when combining risk factors in the selected model. CRF4 (the hemoglobin-age composite) is defined in Table
4. AUC: area under the curve; CHCM: mean corpuscular hemoglobin concentration; CRF: composite risk factor; FTS-12: Frailty Trait Scale 12;
ROC: receiver operating characteristic.
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Discussion
Principal Findings
This exploratory study aimed to identify and refine sex-spe-
cific predictive equations for the FTS-12 score using routinely
available biochemical and hematological data, including an
analytical strategy to estimate the likelihood of belonging to
the highest frailty range of the cohort. In line with these
aims, the study showed that sex-specific multiple regression
models could estimate the FTS-12 score with moderate
accuracy, and that sex-specific logistic models could identify
predictors associated with being in the upper range of the
FTS-12 distribution. Across both approaches, age, albumin,
GGT, and several composite variables emerged as recurrent
contributors, suggesting that frailty-related laboratory signals
are better captured through combinations of markers than
through most single biomarkers alone. Taken together, these
findings support the feasibility of a low-cost, laboratory-based
approach for exploratory frailty risk stratification, but the
present models do not constitute validated clinical prediction
tools and would require external validation in independent
cohorts before any clinical application can be considered.
Interpretation of Findings and
Comparison With Previous Literature
Our findings suggest that routinely available biochemical
and hematological data can provide a meaningful, although
still imperfect, estimate of frailty burden as measured by
the FTS-12 score, as well as of the likelihood of being in
the highest frailty range of the cohort. Some uncertainty
in prediction is expected, as the FTS-12 reflects a multi-
dimensional construct integrating 7 dimensions, including
energy balance, nutrition, and vascular system components
[11], rather than a single biological process. In this con-
text, combinations of laboratory variables performed better
than most isolated biomarkers, consistent with the stron-
ger associations observed for the selected composite risk
functions in both sexes (Tables 2 and 3 and Figures S3 and S4
in Multimedia Appendix 4). The logarithmic transformations
applied to variables such as albumin, age, and hemoglobin
should be understood as a way to capture nonlinear clinical
relationships and improve model fit, rather than as an end
in themselves [21]. For example, combinations involving age
and albumin may reflect the joint contribution of aging-rela-
ted vulnerability and reduced nutritional or systemic reserve,
in line with literature linking low albumin and hypoprotei-
nemia to frailty, inflammation, and nutritional vulnerabil-
ity in older adults [22,23]. Likewise, functions including
RDW, hemoglobin, or albumin may capture overlapping
signals related to erythrocyte heterogeneity, oxygen-carry-
ing capacity, anemia-related vulnerability, and physiological
resilience, consistent with evidence associating RDW and
lower hemoglobin status with frailty in older populations [24,
25]. In the logistic models, composite risk functions showed
the strongest associations with higher frailty probability; and
in male participants, albumin also emerged as an impor-
tant contributor, supporting the interpretation of frailty as a

multidimensional state of vulnerability shaped by interacting
biological processes.

The models explained about 40% of the variability in
FTS-12 scores, indicating moderate predictive performance.
This level of explanation is clinically meaningful for an
initial screening-oriented approach, while also showing that
a substantial part of frailty remains influenced by fac-
tors not captured in laboratory-based models—a multidimen-
sional syndrome reflecting biological, functional, cognitive,
psychosocial, and environmental factors. The unexplained
variance is therefore expected and reinforces that these
models should be viewed as complementary tools rather
than substitutes for comprehensive geriatric assessment, with
future improvements depending on incorporating additional
clinical, behavioral, and social determinants of frailty.
Notably, albumin and age emerged as key associated factors
consistently included across all composite functions, with
logarithmic transformations capturing nonlinear relationships
more effectively than models based solely on individual risk
factors.

Recent literature includes only a few studies that model
frailty risk using biochemical traits in older adults [21,23,
26]. Several recent works have developed statistical models
for frailty and frailty-associated outcomes such as mortality,
most of them using logistic regression [27-30]. For exam-
ple, Bencivenga et al [31] examined a FI composed of 38
multidimensional health deficits—including comorbidities,
laboratory and diagnostic data, and symptoms and signs
of disease—using procedures outlined by Searle et al [32];
the independent variables in their multiple regression model
included sex (binary), age, BMI, and muscle thickness of
the vastus intermedius and rectus femoris. Logistic regression
is a widely used technique for modeling binary dependent
variables in this setting [33-35]. Wang et al [36] provide
a recent example using logistic regression and ROC curve
analysis to compare 2 FIs in classifying binary mortality
outcomes: the first based on routine physical assessments and
laboratory tests, the second on self-reported data encompass-
ing 30 health problems (“health deficits”) such as diseases,
symptoms, disabilities, and psychological issues. In their
study, FI values were used as independent variables to
model the log-likelihood of dying. The clinical relevance of
laboratory-based frailty stratification was further supported
by Pasternak et al [37], who demonstrated that a laboratory-
based FI was significantly associated with all-cause mortality
in hospitalized older adults.

In contrast, our study used FTS-12 measurements to
generate a new binary dependent variable, categorizing scores
as exceeding the third quartile of the distribution or not.
This allowed us to model the likelihood that an observed
FTS-12 value would fall within the uppermost range, with
logistic regression then applied to assess the log-likelihood
of these outcomes. Liu et al [38](2021) also used logistic
regression, but with a different approach: a binary outcome
representing the presence or absence of frailty in older
patients with nutritional risks, with frailty status determined
from previous research. However, Liu et al [38] focused
on exogenous (environmental) predictors such as age, sex,
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ethnicity, educational level, BMI, walking ability, activities
of daily living, and cognitive functioning, whereas our study
prioritized “endogenous” biochemical variables to identify
both the “most reasonable” model and the “most influential”
risk factors.

Álvarez-Sánchez et al [39] used logistic regression to
evaluate the association between 2 inflammatory biomark-
ers—high-sensitivity C-reactive protein and homocysteine—
and prefrailty in Spanish adults aged 65 years and older [3],
underscoring the role of inflammation in age-related physical
decline. Although neither biomarker was selected in our
models, our findings on GGT and albumin are consistent with
emerging geriatric evidence. In a Korean population-based
cohort, Kang et al [26] reported that elevated GGT levels
were 26% higher in frail male participants than in nonf-
rail male participants, with higher GGT quartiles showing
a 2.08-fold increased odds of frailty. Elevated GGT has
also been associated with poorer muscle function—includ-
ing reduced jump power and diminished handgrip strength
—independent of body-composition factors [40], and with
increased risk of hip fracture in postmenopausal female
participants, irrespective of alcohol consumption or chronic
liver disease [41]. Because both diminished handgrip strength
and elevated risk of hip fracture are strongly associated with
frailty in older adults, these observations support the potential
relevance of GGT in frailty risk estimation [3,11]. A recent
systematic review further emphasized that hypoalbuminemia
is associated with a significant risk of frailty and adverse
health consequences in hospital and community contexts [24].
Together, these findings strengthen the biological plausibil-
ity of our results, suggesting that GGT and albumin reflect
convergent pathways of oxidative stress, malnutrition, and
chronic inflammation that are central to geriatric syndromes
[42].

From a model-performance perspective, the diagnostic
criteria used to compare candidate logistic models sugges-
ted acceptable exploratory fit [20,33,43]. More importantly,
from a clinical standpoint, the models showed that higher
frailty probability was better captured by combinations of
laboratory variables than by most isolated biomarkers alone.
This supports the idea that frailty-related vulnerability reflects
interacting biological domains rather than a single abnormal
test result and helps explain why composite terms contribute
more consistently than most individual variables. Notably,
the strongest correlations were seen between CRF functions
and both FTS-12 values and the associated probabilities,
regardless of sex. However, substantial dispersion in observed
FTS-12 values persisted for each value of the composite risk
functions, highlighting the complex interplay of factors across
the 7 dimensions underlying frailty assessment.

Placed in the context of existing approaches for labora-
tory-based frailty screening, the discriminatory performance
reported in the Results section falls within the moderate-to-
good range typically described for tools that rely exclusively
on routine biochemical and hematological variables [11,21].
AUC values close to 0.80 for both sexes are consistent with
what may reasonably be expected when functional, cognitive,
and self-reported components are not incorporated, and they

reinforce the view that the present models should be regarded
as a complementary first layer of risk stratification rather
than as a stand-alone diagnostic instrument. Beyond their
overall discriminatory performance, the biological compo-
sition of the dominant composite functions is also infor-
mative: the prominence of the albumin-age composite in
female participants is consistent with the well-established
association of hypoalbuminemia and anemia with adverse
outcomes in older adults [24,25], while the relevance of the
hemoglobin-age composite in male participants is compat-
ible, with erythropoietic decline acting as a sex-sensitive
marker of physiological reserve. The recurrent involvement of
GGT and alkaline phosphatase further suggests that subclin-
ical hepatobiliary and oxidative pathways contribute to the
laboratory signature of frailty [26], in line with the broader
role of inflammatory, nutritional, and oxidative mechanisms
previously implicated in the syndrome [3,39,42].
Limitations
Variable selection was conducted using stepwise multiple
regression guided by the AIC and Mallows Cp statistic.
Although stepwise procedures have recognized limitations,
this approach was used for exploratory purposes within a
proof-of-concept framework, and the results should therefore
be interpreted with appropriate caution.

This study has several limitations that should temper the
interpretation of its findings. First, its cross-sectional design
prevents causal inference and may be susceptible to reverse
causation; for example, elevated GGT could reflect unmeas-
ured liver disease or alcohol intake rather than etiological
pathways to frailty [26,44]. Second, all biochemical meas-
urements were obtained at a single baseline visit, so tem-
poral fluctuations and dynamic changes in frailty status
were not evaluated. Third, the cohort was drawn from a
single European population (Toledo, Spain), which may limit
external validity in ethnically diverse or resource-limited
settings. Finally, model development and internal validation
were performed using the same dataset, which may increase
the risk of overfitting despite the application of bootstrapping
procedures. Future studies should therefore prioritize external
or independent validation to assess model performance on
unseen data and the generalizability of the proposed models.

Furthermore, rather than serving as a general clinical
cutoff for the FTS-12 scale, the binary logistic analysis
based on the upper quartile should be understood as an
internal analytical technique to identify the subgroup with the
highest frailty burden within this cohort. We recognize that
dichotomization may reduce information and affect apparent
model discrimination. The current proof-of-concept study did
not include formal calibration analyses (calibration plots,
calibration slope/intercept, and Brier score), threshold-spe-
cific sensitivity and specificity, decision-curve analysis, or
net-benefit evaluation, although discrimination was investi-
gated using ROC curve analysis and multicollinearity was
confirmed to be nonproblematic using VIFs.

As noted in the Methods section, calibration in the
probabilistic sense did not apply to the multiple regression

INTERACTIVE JOURNAL OF MEDICAL RESEARCH Zamudio et al

https://www.i-jmr.org/2026/1/e76500 Interact J Med Res 2026 | vol. 15 | e76500 | p. 14
(page number not for citation purposes)

https://www.i-jmr.org/2026/1/e76500


model, for which performance was instead evaluated through
goodness-of-fit measures and residual diagnostics. For the
logistic models, formal calibration was not assessed. The
present models should therefore be interpreted as exploratory,
discrimination-based tools to determine whether routinely
available laboratory data contain meaningful frailty-related
signals, rather than as deployment-ready clinical prediction
instruments. Further development toward clinical implemen-
tation will require calibration-focused evaluation, external
validation, and implementation-oriented testing. Although
bootstrap procedures were used to estimate CIs for selec-
ted model parameters, this does not constitute a full inter-
nal validation; optimism-corrected evaluation of overall
model performance was beyond the scope of this secondary
exploratory analysis.

More stringent development and validation techni-
ques—penalized regression (eg, least absolute shrinkage
and selection operator), repeated cross-validation, for-
mal calibration evaluation, clinical utility analyses, and
benchmarking against parsimonious and machine-learning
alternatives—should be incorporated into model refinement
in later phases. These procedures were outside the scope of
the current work because the study was not preregistered and
was intended as a secondary exploratory proof-of-concept
analysis based on an existing cohort dataset. Complete-case
analysis was used due to low missingness, and sex-strati-
fied modeling was given precedence over formal interaction
testing. Variables such as alcohol use, liver disease, medica-
tion exposure, inflammatory markers, nutritional variables,
and comorbidity burden were not available in sufficiently
complete form for inclusion, so part of the observed signal
for biomarkers such as GGT and albumin may reflect
unmeasured clinical contexts rather than direct frailty-spe-
cific pathways. The present revision does not yet provide
TRIPOD (Transparent Reporting of a Multivariable Predic-
tion Model for Individual Prognosis or Diagnosis)-compliant
reporting, optimism-corrected full model validation, or direct
benchmarking against simpler baseline models (eg, age-only
or age-plus-albumin), all of which should be incorporated in
future validation-oriented refinement.
Broader Implications
Our proof-of-concept analysis supports the viability of this
modeling approach, and the next logical step is model
refinement. A prospective, multicenter cohort with repeated
biomarker assessments and adjudicated clinical outcomes
would provide a more appropriate framework to confirm
temporality and improve generalizability. External validation
in Latin American populations, integration of additional
biological data layers, and comparison with machine-learn-
ing approaches may further improve predictive performance.
Because the proposed models rely on routinely available
laboratory parameters, they are particularly suitable for
implementation in primary care and resource-limited settings,

where they could help prioritize older adults for further
geriatric assessment when specialized frailty evaluations are
not immediately available. Embedding the frailty-probabil-
ity equations within electronic health record dashboards
or mobile screening tools could enable real-time, low-cost
risk stratification in primary care and remote geriatric
care. By facilitating earlier identification of risk patterns
from routinely available laboratory data, this approach may
contribute to more individualized and sex-sensitive frailty
management strategies, consistent with the broader goal of
precision geriatric care.

Recent discussions in clinical AI emphasize that real-
world implementation requires explainability, fairness, human
oversight, and careful workflow integration, so computational
models should be developed to augment clinicians through
earlier detection, smarter triage, and more targeted preven-
tion rather than replace clinical judgment [45]. Likewise,
work in adjacent computational health fields reinforces the
need for interpretable pipelines, rigorous validation, and
multicohort generalizability before routine implementation
[46]. Taken together, these considerations position the present
work not only as a statistical proof of concept but also as an
early translational step toward clinically embedded, digitally
supported frailty screening in aging care.
Conclusions
From routinely available biochemical and hematological data,
frailty, operationalized using the FTS-12 score, was modeled
with moderate accuracy; sex-specific models demonstrated
consistent predictive performance in both male and female
participants. The final models included albumin, age, GGT,
and a few composite risk functions that are biologically
plausible correlates of frailty-related risk. For transparency
and future validation, the final equations (albumin in g/dL
and GGT in U/L) are given in Multimedia Appendix 1.
Currently, these models should not be viewed as nomograms
or screening tools with clinically useful biomarker thresholds,
but rather as instruments for continuous frailty-risk estima-
tion.

The models offer clinically interpretable signals that could
support future workflow-integrated frailty risk stratification,
despite the modest explained variance. This strategy may
support digitally enabled screening, earlier frailty-oriented
assessment, and prioritization for comprehensive geriatric
assessment in primary care, geriatric care, and remote
care settings following appropriate external and prospec-
tive validation. Rather than establishing definitive clinical
decision rules, this work was designed to evaluate feasibility,
computational stability, and interpretability as a secondary
exploratory proof-of-concept analysis based on an existing
cohort. Before regular clinical use, additional validation,
calibration, and implementation-focused research will be
necessary.
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