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Abstract

Background:  Frailty is associated with reduced quality of life, poor health outcomes, and death. Past studies have investigated how specific 
biomarkers are associated with frailty but understanding biomarkers in concert with each other and the associated risk of frailty is critical 
for clinical application.
Methods:  Using a sample aged ≥59 years at baseline from the Swedish AMORIS (Apolipoprotein MOrtality RISk) cohort (n = 19 341), with 
biomarkers measured at baseline (1985–1996), we conducted latent class analysis with 18 biomarkers and used Cox models to determine the 
association between class and frailty and all-cause mortality.
Results:  Four classes were identified. Compared to the largest class, the Reference class (81.7%), all other classes were associated with increased 
risk of both frailty and mortality. The Anemia class (5.8%), characterized by comparatively lower iron markers and higher inflammatory 
markers, had hazard ratio (HR) = 1.54, 95% confidence interval (CI) 1.38, 1.73 for frailty and HR = 1.76, 95% CI 1.65, 1.87 for mortality. 
The Diabetes class (6.5%) was characterized by higher glucose and fructosamine, and had HR = 1.59, 95% CI 1.43, 1.77 for frailty and 
HR = 1.74, 95% CI 1.64, 1.85 for mortality. Finally, the Liver class (6.0%), characterized by higher liver enzyme levels, had HR = 1.15, 95% 
CI 1.01, 1.30 for frailty and HR = 1.40, 95% CI 1.31, 1.50 for mortality. Sex-stratified analyses did not show any substantial differences 
between men and women.
Conclusions:  Distinct sets of commonly available biomarkers were associated with development of frailty and monitoring these biomarkers in 
patients may allow for earlier detection and possible prevention of frailty, with the potential for improved quality of life.
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Frailty is a clinical condition described as being unable to respond 
adequately to acute and chronic stressors and it makes an individual 
more vulnerable to these stressors and related outcomes. Among 
older adults, frailty prevalence estimates range from 5.8% to 27.3% 
across 10 European countries, depending on age and country (1). 
Frailty is defined by reduced strength, endurance, and physical func-
tion and it is associated with poor health outcomes, including loss 
of independence, reduced quality of life, longer hospital stays, hos-
pital readmission, cognitive impairment and delirium, and death 
(2). However, frailty progression can be slowed or reversed, and it 
may also be preventable, if identified early enough (3). Therefore, 
developing tools to determine who is at risk of becoming frail would 

have significant implications for improving quality of life for many 
older adults (4) and reducing health care costs (5).

Research into blood-based biomarkers as predictors of geri-
atric conditions and diseases has increased in recent years. Because 
frailty is a condition with such amorphous criteria, identifying pre-
dictive factors or biomarkers to determine who is at risk has proven 
challenging. While previous studies have shown that certain blood-
based biomarkers are associated with risk of frailty, most studies 
have examined markers independently of each other. Studies have 
shown that inflammatory markers (eg, tumor necrosis factor-alpha, 
C-reactive protein [CRP], interleukin 6), hormones (eg, testosterone, 
insulin-like growth factor 1, dehydroepiandrosterone), metabolic 
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markers (eg, glucose, glycated hemoglobin), and other clinical 
markers (eg, hemoglobin, albumin) are all independently associated 
with risk of frailty, though with mixed results (6). A drawback with 
this piecemeal approach—examining biomarkers independently of 
each other—is that changes in these markers are prevalent in healthy 
aging (7), and biomarkers often operate in relation to each other ra-
ther than separately, so the information they may provide analyzed 
in isolation is limited. Therefore, combining markers, to create a 
panel, may provide more information about how they tend to cluster 
and, also, how they are associated to the risk of frailty.

To that end, we have utilized the Swedish AMORIS 
(Apolipoprotein MOrtality RISk) cohort to investigate the asso-
ciation of 18 serum biomarkers with longitudinal risk of frailty, 
assessed with the Hospital Frailty Risk Score (HFRS), as well as 
mortality. Using a data-driven approach to try to capture biological 
processes, we aimed to determine and describe patterns of baseline 
biomarkers, in concert with each other, in the population to pro-
vide more information about future risk of frailty and mortality in 
the different groups. We additionally a priori chose to conduct sex-
stratified analyses, because of the well-known gender paradox in 
frailty research (8).

Method

Study Design and Participants
AMORIS is a large cohort with extensive information on biomarkers 
from health examinations of individuals residing in the greater 
Stockholm area during the period 1985–1996. The cohort has been 
described in detail elsewhere (9,10). Participants were either healthy 
individuals referred for clinical laboratory testing as part of a rou-
tine health checkup in the occupational setting or were outpatients. 
Using the 10-digit Swedish personal identification number, the 
AMORIS cohort has been linked to multiple Swedish national re-
gisters to enable longitudinal follow-up of the participants. Among 
the linked registers are the Patient Register, the Cause of Death 
Register, the National Cancer Register, the Swedish Censuses from 
1970 to 1990, and the National Population Register. These registries 
provide national and essentially complete data on demographics, 
socioeconomic status, vital status and cause-specific mortality, emi-
gration, hospital and outpatient specialty care diagnoses, and inci-
dent cases of cancer. The current study is part of a research program 
that is performed in concordance with the Declaration of Helsinki 
and was approved by the ethics board of Karolinska Institutet.

A total of 25 080 AMORIS participants aged ≥59 (born between 
1893 and 1927) at the time of blood measurement were eligible for 
inclusion in the current study. We excluded 5394 people who did not 
have complete measurements on the included lipid biomarkers and 
345 people who experienced frailty or death within the first year 
of follow-up, leaving 19 341 participants in the analytical sample. 
Included participants had complete measurements at the baseline 
health examination for the following 18 blood-based biomarkers: 
total cholesterol, glucose, creatinine, fructosamine, CRP, alanine 
aminotransferase, aspartate aminotransferase, gamma-glutamyl 
transferase, platelets, alkaline phosphatase, iron, hemoglobin, mean 
corpuscular volume, total iron-binding capacity, lactate dehydro-
genase, B leucocytes, and uric acid. These markers can be grossly 
divided into 4 categories—metabolic, liver and kidney enzymes, 
iron status, and inflammatory markers—and have been documented 
to be associated with aging-related conditions and outcomes (7). 
Additionally, they are standard serum biomarkers available in rou-
tine health checkups. All biomarkers were measured on the same 

day, using fully automated methods with automatic calibration per-
formed on fresh blood samples at the CALAB (Central Automation 
Laboratory) (11). These blood-based biomarkers were the primary 
independent variables included in the analysis.

Frailty Index and Mortality
We measured frailty using the HFRS, which calculates the sum of 
109 International Classification of Diseases (ICD)-10 hospital codes 
weighted from 0.1 to 7.1 (12). The HFRS is an established frailty 
assessment designed for use in administrative registry data of hos-
pital admissions. We translated the codes from the international ver-
sion of the ICD-10 to the Swedish version of the ICD-9 and ICD-10 
because the baseline health examinations of the AMORIS cohort 
took place prior to the implementation of ICD-10 in Sweden (1997) 
(Supplementary Table 1). Hospitalizations were ascertained using 
the National Patient Register nationally from 1987 and regionally 
from 1964 until December 31, 2011. Specialized outpatient care was 
assessed using the same register from 2001. Individuals with a score 
of greater than 5 were considered frail (12). We summed primary 
and secondary codes for everyone annually. If an individual did not 
seek inpatient or outpatient care for a given year, they were assigned 
a score of “0” on the HFRS.

 We additionally examined all-cause death as an outcome. Death 
and date of death were determined by record linkage to the National 
Cause of Death Register until December 31, 2011 (end of follow-up).

Statistical Analysis
Participant baseline characteristics by follow-up frailty status were 
described and compared using chi-squared tests and t tests for di-
chotomous and continuous variables, respectively. Then, we exam-
ined biomarkers to create a more parsimonious model to satisfy 
the principle of local independence of latent class models. The es-
timated latent variables from the latent class analysis (LCA) meas-
ured the underlying “health profile” of individuals. We calculated 
Pearson correlation coefficients between the biomarkers included 
in the study. These analyses showed, for example, and as expected, 
strong correlations between Apolipoprotein A (Apo-A) and Apo-B 
and total cholesterol (rho 0.81–0.93). Subsequently, we used regres-
sion and the variance inflation factor in postestimation to evaluate 
multicollinearity. These methods paired with evidence from the lit-
erature drove our model-building approach.

LCA is a cluster-based model that reduces the dimension of the 
data by clustering covariates into latent classes. LCA uses meas-
ured variables (eg, blood-based biomarkers) to identify unmeas-
ured class membership (eg, underlying health status). LCA relies 
on dichotomous predictor variables. Therefore, we dichotomized 
the biomarkers based on sample-specific cut-points (Figure 1) to 
include them in the LCA models. We chose to use sample-specific 
cut-points because current clinical cut-points are not always rele-
vant for biomarker levels measured in the 1980s. For example, 
the mean lipid levels in the population are generally lower now 
than they were in the 1980s, in part because although statins were 
available in 1987, they were not widely used until the late 1990s 
(13). We determined sample-specific risk cut-points, informed by 
the current clinical cut-points, previous studies in the literature, 
and the scatterplot of each biomarker and with the frailty score 
(Supplementary Material).

Using these dichotomized variables, latent, or “unmeasured,” 
classes were created. We used PROC LCA in SAS software v9.4 
(SAS Institute Inc., Cary, NC) to fit latent classes using 18 bio-
markers. Individual participant class membership was then 
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determined based on highest, or best, class membership prob-
ability. We determined the optimal number of classes by fitting 
models using a stepwise method with different number of classes 
(ie, 3, 4, 5). We used corrected Akaike Information Criterion 
and adjusted Bayesian Information Criterion to determine the 
best fitting model and optimal number of classes, considering 
that any class should have at least 5% of the sample (14,15). We 
subsequently z-scored the biomarkers to compare them between 
classes, which allowed us to more easily interpret the patterns of 
biomarkers clustering in the classes.

We subsequently fit Cox proportional hazard models, adjusted 
for sex and baseline age, to determine the associated relative risk of 
frailty for each class compared to a Reference class. We additionally 
used Cox proportional hazard models to examine the association be-
tween latent classes and mortality, adjusted for sex and baseline age. 
We plotted survival curves using Kaplan–Meier plots. To reduce the 
risk of capturing reverse causality, we censored events (frailty and 
deaths) that occurred during the first year of follow-up. In sensitivity 
analysis, we stratified the models by sex, to determine whether it is 
an effect modifier. Cox proportional hazard models were fit using 
Stata version 16.1 (StataCorp LLC, College Station, TX).

Results

Participants included in this analysis were aged 59 years or older at 
baseline and had complete data for all biomarkers included in the 
model at the baseline health examination (N  =  19  341). Baseline 
characteristics of all included individuals, by follow-up frailty status, 
are presented in Table 1. Continuous variables are presented as mean 
and standard deviation (SD) and dichotomous variables are pre-
sented as number and percentage. By the end of the follow-up period 
(mean [SD] 12.2 [6.5]), there were 14  193 (73.3%) nonfrail and 
5148 (26.6%) frail participants. Frail and nonfrail individuals had 

statistically significant different values on several biomarker meas-
ures at baseline.

Based on corrected Akaike Information Criterion and adjusted 
Bayesian Information Criterion estimates and class proportion dis-
tribution, the best fit was found at a 4-class model. Goodness-of-fit 
statistics are presented in Supplementary Table 2. Class 2 accounted 
for 81.7% (N = 15 804) of the sample and was the Reference class, 
with z-scored biomarkers that were all near the null; thus, we 
called this class “Reference” (Figure 2). Class 1 accounted for 5.8% 
(N = 1123) of the sample and was characterized by lower levels of 
iron, hemoglobin, and albumin, which are associated with anemia, 
and higher levels of CRP and platelets, which are associated with 
an inflammatory response (16). We called Class 1 “Anemia.” Class 
3, which accounted for 6.5% (N = 1262) of the sample, was pri-
marily characterized by higher levels of glucose and fructosamine, 
biomarkers associated with prediabetes and diabetes, so we called it 
“Diabetes.” Indeed, the mean glucose level was 9.65 (Supplementary 
Table 3), indicating that type 2 diabetes is likely common among 
these individuals. Class 4, which accounted for 6.0% (N  = 1152) 
of the sample, was primarily characterized by higher levels of 
liver enzymes, including aspartate aminotransferase, alanine 
aminotransferase, gamma-glutamyl transferase, and alkaline phos-
phatase, so we called it “Liver.” Biomarker proportions and z-scored 
biomarker means, to make the biomarkers more comparable, are 
shown by class in Figures 1 and 2, respectively. The actual means of 
the biomarkers by class are show in Supplementary Table 3.

In Cox proportional hazard models, the Anemia, Diabetes, and 
Liver classes were associated with risk of frailty, as compared to 
the Reference class (Figure 3). The Diabetes class had the highest 
hazard ratio (HR = 1.59, 95% confidence interval [CI] 1.43, 1.77), 
followed by the Anemia (HR = 1.54, 95% CI 1.38, 1.73) and Liver 
(HR  =  1.15, 95% CI 1.01, 1.30) classes. Kaplan–Meier survival 
curves for these analyses are presented in Supplementary Figure 1. 

Figure 1.  Class proportions and class-specific probabilities of being within a given range for each of the biomarker from a 4-class model.

available within the online issue.

Full color version is 

Journals of Gerontology: MEDICAL SCIENCES, 2021, Vol. 76, No. 9� 1655

http://academic.oup.com/biomedgerontology/article-lookup/doi/10.1093/gerona/glab137#supplementary-data
http://academic.oup.com/biomedgerontology/article-lookup/doi/10.1093/gerona/glab137#supplementary-data
http://academic.oup.com/biomedgerontology/article-lookup/doi/10.1093/gerona/glab137#supplementary-data
http://academic.oup.com/biomedgerontology/article-lookup/doi/10.1093/gerona/glab137#supplementary-data
http://academic.oup.com/biomedgerontology/article-lookup/doi/10.1093/gerona/glab137#supplementary-data


Figure 2.  Levels of biomarkers, z-scored for easier comparison, in each class shown among all participants and for men and women, separately.

Table 1.  Participant Characteristics and Mean Values of the Biomarkers at Baseline by Follow-up Frailty Status, Mean (SD) or N (%), 
N = 20 109

All (n = 19 341) Became Frail (n = 5148) Stayed Nonfrail (n = 14 193) p Value

Female 11900 (61.5) 3359 (65.2) 8541 (60.2) <.001
Age 72.2 (6.6) 73.1 (6.7) 71.9 (6.5) <.001
Follow-up time (years) 12.2 (6.5) 11.2 (6.6) 12.6 (6.4) <.001
Total cholesterol (mmol/L) 6.1 (1.1) 6.1 (1.1) 6.1 (1.1) .905
Glucose (mmol/L) 5.5 (1.8) 5.4 (1.7) 5.5 (1.8) .464
Creatinine (µmol/L) 85.1 (22.7) 85.1 (22.2) 85.0 (22.9) .788
Fructosamine (mmol/L) 2.1 (0.3) 2.1 (0.3) 2.1 (0.3) .059
CRP (mg/L) 6.8 (15.2) 6.9 (13.1) 6.8 (15.9) .873
Alanine aminotransferase (µkat/L) 0.40 (0.39) 0.38 (0.37) 0.40 (0.40) .004
Aspartate aminotransferase (µkat/L) 0.39 (0.26) 0.38 (0.23) 0.39 (0.27) .004
Albumin (g/L) 41.3 (2.7) 41.2 (2.7) 41.3 (2.6) .155
Gamma-glutamyl transferase (µkat/L) 0.54 (0.81) 0.52 (0.73) 0.55 (0.84) .020
Platelets (109/L) 256.1 (70.1) 258.7 (73.5) 255.2 (69.2) .003
Alkaline phosphatase (µkat/L) 3.1 (1.5) 3.1 (1.3) 3.1 (1.5) .844
Iron (µmol/L) 17.3 (5.1) 17.1 (5.1) 17.3 (5.1) .019
Hemoglobin (g/L) 139.4 (12.6) 138.7 (12.6) 139.6 (12.6) <.001
MCV (fl) 92.2 (5.4) 92.2 (5.5) 92.2 (5.4) .666
TIBC (µmol/L) 58.1 (7.7) 58.3 (7.7) 58.0 (7.7) .082
Lactate dehydrogenase (µkat/L) 6.3 (1.3) 6.3 (1.2) 6.3 (1.4) .782
B leucocytes (109/L) 6.7 (2.8) 6.8 (3.3) 6.7 (2.6) .260
Uric acid (µmol/L) 307.0 (81.8) 306.2 (83.6) 307.3 (81.2) .398

Notes: CRP = C-reactive protein; MCV = mean corpuscular volume; SD = standard deviation; TIBC = total iron-binding capacity. 
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In sex-stratified analyses, men showed marginally higher associated 
risk of frailty than women. Among men, the Anemia (HR = 1.75, 
95% CI 1.44, 2.13), Diabetes (HR  =  1.61, 95% CI 1.37, 1.90), 
and Liver (HR = 1.20, 95% CI 0.99, 1.45), albeit nonsignificantly, 
classes had increased risk, compared to the Reference class. Similarly, 
among women, the Diabetes risk of frailty (HR  =  1.57, 95% CI 
1.36, 1.83) and Anemia (HR = 1.45, 95% CI 1.26, 1.67) were asso-
ciated with significantly greater risk of frailty, while the Liver class 
(HR = 1.11, 95% CI 0.94, 1.31) had a slightly lower HR.

In analyses examining mortality, the Anemia (HR = 1.76, 95% 
CI 1.65, 1.87) and Diabetes (HR = 1.74, 95% CI 1.64, 1.85) classes 
had similar HRs, and the Liver class was associated with a some-
what lower risk (HR = 1.40, 95% CI 1.35, 1.63) (Figure 4). The 
Kaplan–Meier survival curves for these analyses are presented in 

Supplementary Figure 1. In sex-stratified analyses, men had mod-
erately higher morality than women. The Anemia class was associ-
ated with double the mortality risk (HR = 1.83, 95% CI 1.64, 2.03) 
compared to the Reference class, while the Diabetes (HR=1.72, 95% 
CI 1.57, 1.87) and Liver (HR = 1.48, 95% CI 1.35, 1.63) classes 
were associated with slightly lower increased mortality risk. Among 
women, compared to the Reference class, the Anemia (HR = 1.72, 
95% CI 1.58, 1.87), Diabetes (HR = 1.76, 95% CI 1.61, 1.92), and 
Liver (HR = 1.31, 95% CI 1.19, 1.45) classes were all statistically 
significantly associated with increased morality.

Discussion

In this large cohort study, we used LCA to identify 3 classes, using 
18 biomarkers, measured at ages 59 and older, and examined the 
association with later-life frailty and all-cause mortality. This study 
used biomarkers that are commonly measured in clinic and investi-
gated them in concert with each other, thus eliminating the need to 
complete different, potentially expensive assays, but still providing 
new information about risk of frailty and mortality based on bio-
marker combinations. The Anemia class, associated with a high risk 
of mortality, as well as frailty, was characterized by higher levels of 
inflammatory markers and lower levels of iron, hemoglobin, and al-
bumin. The Diabetes class, characterized by higher levels of glucose 
and fructosamine, was associated with the highest risk of frailty, as 
well as mortality. The Liver class, characterized by higher levels of 
liver enzymes, was associated with both frailty and mortality. Each 
of these classes accounted for approximately 6% of the sample, 
while the Reference class accounted for approximately 80% of the 
sample and did not have particularly high or low levels of any of the 
biomarkers. Models examining frailty and mortality outcomes were 
similar. Although the Diabetes class was associated with highest HR 
for frailty and the Anemia class with highest mortality, the frank 
differences in HRs were small and CIs were overlapping. This sug-
gests that the classes, and the biomarkers that characterize them, are 
warning signs for both frailty and mortality.

We a priori had decided to additionally conduct sex-stratified 
analyses, because of the well-documented gender paradox observed 
in frailty research—women are more likely to live to older ages than 
men but are also more likely to become frail (8). In this study, men 
had slightly higher risk of frailty compared to women, though CIs 
overlapped. The patterns of mortality were similar among men and 
women and matched that of the overall sample. However, interest-
ingly, the statistical association between class membership and both 
frailty and mortality tended to be higher among men than women. 
Although past studies have shown sex differences in the association 
between CRP levels and muscle strength (17), it was in the opposite 
direction—being more robust in women. These findings suggest that 
more research investigating how the association between biomarkers 
and frailty differs in men and women is needed.

In this study, we defined 3 risk classes associated with frailty 
and mortality. The Anemia class was termed such because it 
was characterized by biomarker levels suggesting anemia and 
inflammation processes (16). Anemia is common among older 
adults, with prevalence estimates ranging from 20% to 30% and 
increasing with age (18,19). It is a risk factor for falls, frailty, 
and early mortality, and there is an increased prevalence of an-
emia among frail individuals (20–22). Additionally, low hemo-
globin, even within the normal range, have been associated with 
frailty. One study found that individuals with lower hemoglobin 
levels had a 6 times greater risk of frailty, compared to those with 

Figure 3.  Cox proportional hazard models for the association between 
class membership probability and frailty, adjusted for baseline age and 
sex (where appropriate). Normal class as reference group; all participants: 
n failures = 5148, years at risk = 236 371; men: n failures = 1789, years at 
risk = 87 446; women: n failures = 3359, time at risk = 148 925.

Figure 4.  Cox proportional hazard models for the association between 
class membership probability and mortality, adjusted for baseline age 
and sex (where appropriate). Normal class as reference group; all: n 
of failures = 14 447, time at risk = 250 201; men: n failures = 5844, time at 
risk = 91 563; women: n failures = 8603, time at risk = 158 638.
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higher levels (23). Similarly, inflammation, particularly chronic, 
low-grade inflammation, which is a pervasive process known as 
“inflammaging,” is associated with frailty (24). Although iron 
status indicators are associated with inflammatory markers, like 
CRP (25), it also seems that chronic inflammation may lead to a 
decrease in hemoglobin levels, thus leading to anemia. Via this 
pathway, both chronic inflammation and anemia could contribute 
to the development of frailty (26,27). Because our measurement of 
all biomarkers occurred only at baseline, it is unknown whether 
the increased risk of frailty we saw associated with this class began 
with inflammation or anemia, but this study shows that the inter-
play of the two is important for frailty development. Critically, we 
saw higher levels of inflammatory markers in this class, but not 
in the other risk classes, thus suggesting that the relationship be-
tween anemia and inflammation is more strongly associated with 
frailty than the combination of inflammatory markers with the 
biomarkers of the Diabetes or Liver classes.

For example, although diabetes is linked with inflammation 
(28), the Diabetes class was characterized by higher levels of glu-
cose and fructosamine but not inflammatory markers. Diabetes 
is highly prevalent among older adults (29), and frailty preva-
lence is higher among diabetics and diabetes is more prevalent 
among frail individuals (30,31). Among type 2 diabetics, higher 
glucose, glycated hemoglobin, and insulin levels were associated 
with lower muscle strength (32). Moreover, higher insulin levels in 
nondiabetics are associated with lower lean muscle mass and re-
duced gait speed and grip strength (33). Again, because biomarker 
levels were assessed at only one time point in this study, it is pos-
sible that higher glucose and fructosamine levels led to greater in-
flammation, muscle protein breakdown (34), and eventual frailty. 
However, diabetic markers are also linked to frailty through vas-
cular dysfunction and hormonal imbalance (35). Diabetes is asso-
ciated with cardiovascular disease and microvascular problems, 
and while the exact mechanisms are still unclear, these conditions 
are in turn associated with frailty (36,37). Diabetes is also linked 
to frailty through hormones, suggesting that the association dif-
fers by sex. Specifically, it has been shown that men with diabetes 
have lower testosterone levels, while diabetic women have higher 
levels (38,39), and lower levels of testosterone can also lead to 
a decline in muscle protein synthesis (40). These 3 hypothesized 
pathways—inflammatory, vascular, and hormonal—need to be 
further elucidated, to fully understand the risk between diabetes-
related biomarkers and risk of frailty.

The third risk class in this study, the Liver class, was charac-
terized by higher levels alanine aminotransferase and aspartate 
aminotransferase, which are well-known markers of chronic liver 
disease and liver injury and have been associated with increased 
risk of mortality (41), though not consistently (42). Elevated liver 
enzymes have been associated with use of common medications 
(eg, nonsteroidal anti-inflammatory drugs, statins) and certain 
conditions (eg, alcohol abuse, heart failure), though more recent 
data have shown that moderately high levels occur in diabetes, 
nonalcoholic fatty liver disease, obesity, and hyperlipidemia (43). 
In this study, we saw a separation between the Diabetes class and 
the Liver class. However, the Liver class also had slightly higher 
glucose levels, perhaps suggesting higher liver enzyme levels were 
driven by metabolic dysfunction. Age (44,45) and sex (46), al-
though adjusted for here, have also been shown to affect alanine 
aminotransferase levels. Though, notably, further exploration 
of the data showed that this class, as in the other classes, had 
a near equal division between men (51%) and women (49%). 

Additionally, chronological age seems not to be a contributing 
factor, because this class had the youngest mean age (71  years) 
at baseline. We may, instead, be observing a reverse association. 
Studies have shown that alanine aminotransferase levels may be 
influenced by accelerated aging and frailty, independent of its 
role in liver function (44,45). The Liver class may additionally 
be characterized by accelerated aging, or a more advanced bio-
logical age (47), increasing liver enzyme levels and risk of frailty. 
Previous work has suggested that older adults with lower hemo-
globin and liver enzyme levels should be examined regularly for 
frailty (48,49). However, overall, there may be a U-shaped, time-
dependent relationship between frailty and liver enzymes, similar 
to the relationship between liver enzymes and mortality (50).

Strengths and Limitations
This study has multiple strengths, including a large sample size, a 
longitudinal design with more or less complete follow-up in registry 
data, and the inclusion of several commonly assessed biomarkers, 
investigated in tandem, measured in one lab with consistently imple-
mented standardized methodology. However, the findings must also 
be considered within the context of the study’s limitations. First, 
although use of registry data minimizes attrition, there were some 
AMORIS participants who did not have complete baseline meas-
ures for all 18 biomarkers included in this study. This may have 
introduced some selection, though it is unlikely to have affected 
the results substantially. Indeed, in post hoc age-adjusted Cox pro-
portional hazard models specifying inclusion/exclusion as the inde-
pendent variable, we did not find a substantial difference between 
risk of frailty and morality. Second, the biomarkers were measured 
between 1985 and 1996, and at least some of the mean biomarker 
levels in the population were different than compared to current 
mean levels. This necessitated the use of sample-specific cut-points 
in a few instances, which do not necessarily exactly match current 
clinical cutoffs. However, we believe that the general patterns of 
the biomarkers that define the 3 risk classes are of interest both 
in research and the clinic, and the findings can be applied to cur-
rent biomarker measures that are commonly measured in general 
clinical practice. Third, frailty is a difficult syndrome to define and 
diagnose. We used a validated score that has good overlap with es-
tablished frailty measures and can be applied to registry data (12), 
which allowed for a larger sample size, but may have led to a mis-
estimation of frailty, because it is not as sensitive as some other 
commonly-used frailty measures. Finally, findings from this study 
may not be directly generalizable to more diverse populations, for 
which biomarker levels and associations with frailty and mortality 
may differ (42). Future research exploring any differences by eth-
nicity or race and sex would benefit this work and the findings we 
presented here.

Conclusions

Evidence from this study suggests that several commonly available 
biomarkers could be monitored in patients at risk for frailty. Our 
findings suggest extending existing recommendations to include par-
ticipants with elevated liver enzyme levels, inflammatory marker 
levels, and diabetes-related markers, respectively. More work ex-
ploring groups and patterns of biomarkers—and how demographic 
variables modify them—and risk of frailty is needed. This work 
becomes more critical as the aging population grows along with 
multimorbidity and the burden of frailty.
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