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Abstract

Background: Sarcopenia, cachexia and frailty have overlapping features and clinical consequences, but often go
unrecognized. The objective was to detect patients described by clinicians as having sarcopenia, cachexia or frailty
within electronic health records (EHR) and compare clinical variables between cases and matched controls.

Methods: We conducted a case-control study using retrospective data from the Indiana Network for Patient Care
multi-health system database from 2016 to 2017. The computable phenotype combined ICD codes for sarcopenia,
cachexia and frailty, with clinical note text terms for sarcopenia, cachexia and frailty detected using natural
language processing. Cases with these codes or text terms were matched to controls without these codes or text
terms matched on birth year, sex and race. Two physicians reviewed EHR for all cases and a subset of controls.
Comorbidity codes, laboratory values, and other coded clinical variables were compared between groups using
Wilcoxon matched-pair sign-rank test for continuous variables and conditional logistic regression for binary
variables.

Results: Cohorts of 9594 cases and 9594 matched controls were generated. Cases were 59% female, 69% white,
and a median (1st, 3rd quartiles) age 74.9 (62.2, 84.8) years. Most cases were detected by text terms without ICD
codes n = 8285 (86.4%). All cases detected by ICD codes (total n = 1309) also had supportive text terms. Overall
1496 (15.6%) had concurrent terms or codes for two or more of the three conditions (sarcopenia, cachexia or
frailty). Of text term occurrence, 97% were used positively for sarcopenia, 90% for cachexia, and 95% for frailty. The
remaining occurrences were negative uses of the terms or applied to someone other than the patient. Cases had
lower body mass index, albumin and prealbumin, and significantly higher odds ratios for diabetes, hypertension,
cardiovascular and peripheral vascular diseases, chronic kidney disease, liver disease, malignancy, osteoporosis and
fractures (all p < 0.05). Cases were more likely to be prescribed appetite stimulants and caloric supplements.

Conclusions: Patients detected with a computable phenotype for sarcopenia, cachexia and frailty differed from
controls in several important clinical variables. Potential uses include detection among clinical cohorts for targeting
recruitment for research and interventions.
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Background
Skeletal muscle weakness and poor physical performance
develop with aging, complicating many chronic clinical
conditions and influencing outcomes and decisions re-
garding the modality and aggressiveness of treatments.
Terms used to describe this overall skeletal muscle de-
cline include sarcopenia, cachexia and frailty. The terms
used in clinical practice are influenced by the medical
subspecialty and the location of medical care [1], though
these terms may be used interchangeably despite unique
mechanisms and operational definitions [2]. Sarcopenia
is a condition of generalized low muscle mass and
strength, resulting in poor physical performance compli-
cating aging and many chronic diseases [3, 4]. Cachexia
involves catabolism and is tied to nutritional status with
resulting extreme weight loss [2]. Most patients with
cachexia will have loss of muscle mass and strength con-
sistent with sarcopenia, while patients with sarcopenia
may not have cachexia, such as those with sarcopenic
obesity [5]. Frailty is the result of aggregate deficits
impairing overall functional reserve [6, 7], leading to
falls, functional dependence, hospitalizations and other
adverse outcomes. Although also tied to musculoskeletal
function, frailty is a heterogenous syndrome involving
multiple factors including balance, neuropathy, cognitive
function, joint dysfunction, cardiovascular function, co-
morbidities, psychosocial and other factors [8]. Thus,
these concepts of frailty, sarcopenia and cachexia are in-
terrelated. Those with cachexia develop sarcopenia; sar-
copenia decreases mobility resulting in frailty; and the
frail state exacerbates muscular declines [5, 9]. In
addition sarcopenia, cachexia and frailty each contribute
to functional dependence, dysmobility, disability, hospi-
talizations, high healthcare costs and death [10–17].
In 2000, disability due to sarcopenia cost the US

healthcare system an estimated 18.5 billion dollars [18].
With increasing life expectancy, the public health costs
of disability are expected to increase. Studies suggest su-
pervised exercise, dietary supplements and pharmaco-
logic interventions may benefit individuals with
sarcopenia [19, 20], frailty [21] and cachexia [22]. How-
ever, it is critically important from individual and public
health perspectives to identify patients with sarcopenia,
frailty and cachexia early for intervention. However these
conditions are often not recognized due to lack of know-
ledge among providers and of equipment for objective
measures (e.g. grip strength), as well as time pressures in
clinical encounters [23].
Large electronic health record (EHR) datasets combin-

ing clinical text notes with coded data provide an oppor-
tunity to identify patients having specific conditions
from clinical encounters. Natural language processing of
text using computers can enhance capture of informa-
tion by accessing unstructured data from the robust

clinical note repository making up the majority of the
data within EHR. A computable phenotype is a clinical
condition, characteristic, or set of features that can be
determined using a computer algorithm to assess its
presence or absence solely from data in EHRs and ancil-
lary data sources. Computable phenotypes may include
structured data (diagnosis codes, recorded measure-
ments, laboratory values, and medications), unstructured
data (text fields or notes), or combinations of such
variables.
We hypothesized that patients diagnosed or described

by providers in the clinical record as having sarcopenia,
cachexia or frailty could be detected using an EHR based
computable phenotype combining coded and text data.
As evidence of detecting a clinically important pheno-
type, we hypothesized patients identified based on our
computable phenotype would differ regarding clinical
features from randomly selected matched controls.

Methods
Study design
This was a retrospective case-control study performed
using the Indiana Network for Patient Care (INPC), a
large statewide clinical data exchange warehouse includ-
ing over 100 separate healthcare entities including major
hospitals, health networks, and insurance providers
(Fig. 1). The INPC contains data on over 18 million pa-
tients in the form of 7 billion clinical data elements, 1.1
billion encounter records, over 290 million mineable text
reports, and data on drug prescription and dispensing.
Approximately two thirds of Indiana’s population con-
tribute data to INPC during clinical encounters. This
study was conducted in accordance with the Declaration
of Helsinki, and prior to the study the protocol was ap-
proved by the Indiana University Institutional Review
Board. Patients were not contacted during this retro-
spective study in a large EHR database, and the Indiana
University Institutional Review Board approved waiver
of consent.
We generated a computable phenotype based on the

combination of ICD codes for sarcopenia, cachexia and
frailty, and text variants of the words sarcopenia, cach-
exia and frailty. Both ICD9 and 10 codes for frailty (797,
R54) and cachexia (799.4, R64) were assessed. Sarcope-
nia only has an ICD10 code (M62.84), introduced in
2016. Notes were searched for text terms using locally
generated natural language processing software, nDepth.
Text searches included detection of variants such as mis-
spellings and grammatical variants. Software also
assessed term negation (such as “not sarcopenic”).

Eligible patients
Included adult patients (18 years of age and older) hav-
ing encounters and clinical notes within the Indiana
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University Health System and Eskenazi Health Systems
during 2016–2017. The computable phenotyping algo-
rithm was applied to these patients’ records including
additional INPC participating institutions during the
study period. Patients having one or more positive oc-
currences during the study period of either the text
terms or codes were considered as cases having the
computable phenotype. Controls were chosen from the
portion of the population assessed that had no occur-
rences of either the ICD codes or text terms for sarcope-
nia, cachexia or frailty, matched 1:1 to cases on year of
birth (to control for age), sex (male, female) and on race
(black, white, other), as recorded in INPC. The index
date was the earliest occurrence within the study period
of the computable phenotype for cases, or the earliest
encounter within the study period for controls.

Manual validation of computable phenotype
Two clinician investigators reviewed the EHR text
around the detected occurrences to confirm whether the
computable phenotype algorithm was detecting that the
author of the clinical note was attributing the condition
to the patient as “present” or “absent”. The two clini-
cians manually validated all cases detected by the com-
putable phenotype and assigned a value of positive
occurrence indicating the condition is present in the pa-
tient, negative occurrence indicating the patient does
not have the condition (e.g. “not frail” or the description
refers to someone else: “she is caring for her sick, frail
mother”) or uncertain. Occurrences were rated as posi-
tive if both reviewers rated as positive, or if one rated as
positive and the other as uncertain. Occurrences were
rated as negative if both reviewers rated as negative or if
one rated as negative and the other as uncertain. Occur-
rences were rated as uncertain if both reviewers rated as
uncertain or if one reviewer rated as positive and the

other as negative. For feasibility, only a smaller subset of
50 randomly selected patients from among the matched
controls were manually reviewed. Because controls were
based on absence of the computable phenotype terms or
codes, manual review of the controls’ entire clinical text
notes during the study period was necessary rather than
just the text notes near the occurrence of terms or codes
as in cases.

Variables
We extracted additional structured data from INPC on
cases and controls, including demographics (used for
matching and cohort description), height, weight, body
mass index (BMI), diagnosis codes for comorbidities, la-
boratory values (albumin, prealbumin, and hemoglobin
A1C using the closest value to the index date) and hos-
pitalizations. Charlson comorbidity index was calculated
to quantify a patient’s overall disease burden [24]. We
also assessed records for dispensing of glucocorticoids,
dronabinol, megestrol, testosterone and caloric formula
supplements (protein shakes, etc.) through Surescripts.
Formalized assessments of muscle strength, muscle
mass, gait, function, etc. were not accessible and thus
could not be detected or analyzed. In EHR data it is not
generally possible to distinguish whether absence of a
datapoint indicates missing versus absent data.

Statistical analysis
Continuous variables were summarized by median (1st
quartile, 3rd quartile), and categorical variables were
summarized by frequency (percentage). For the compari-
sons between the cases and the controls (total cases and
subgroups of cases from the diagnostic categories of sar-
copenia, cachexia or frailty), Wilcoxon matched-pair
sign-rank test was used for continuous variables, and
conditional logistic regression was used for binary

Fig. 1 Electronic health record data sources. The Indiana Network for Patient Care (INPC) incorporates data from over 100 health care entities
across the state of Indiana. Individual patients may receive care through multiple systems during the study period. To be eligible for this study,
patients were required to have clinical data including text notes from the largest contributors to the INPC, IU Health and Eskenazi Health.
However, full data collection included available records from these institutions and the INPC as a whole
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variables. For comparisons between cases with and with-
out ICD codes, Wilcoxon rank sum test was used for
continuous variables, and Pearson’s chi-square test or
Fisher’s exact test was used for categorical variables as
appropriate. Two-sided p-values < 0.05 were considered
statistically significant.

Results
The computable phenotype detected 10,288 presumptive
cases from 2016 to 2017. After manual review, 9594
(93.3%) were considered confirmed positive cases of a
clinician identifying the patient as sarcopenic, cachectic
or frail. The remaining 694 (6.7%) involved text term use
indicating negation or referring to its presence in a sep-
arate person (e.g. relative). Most cases were detected by
text terms without ICD codes n = 8285 (86.4%). All cases
detected by ICD codes (total n = 1309 (13.6%); sarcope-
nia n = 10, cachexia n = 1011, frailty n = 329, more than
one code n = 41) also had supportive text terms. All text
term occurrences were manually reviewed as described
in the methods, for whether the occurrence indicated a
statement regarding presence or absence for the condi-
tion. When present, sarcopenia terms indicated presence
of the condition 97% of the time (310/318), cachexia
terms 90% of the time (3921/4364), and frailty terms
95% of the time (6821/7144). The rest of the occur-
rences described absence of the conditions. A subset of
50 out of 9594 matched controls were manually
reviewed. None had evidence for missed detection of the
terms or codes for sarcopenia, cachexia or frailty, and
none had other terms sufficient to determine the pres-
ence of these phenotypes.
Table 1A is a cross-tabulation indicating the number

of cases with each of the individual terms/codes for sar-
copenia, cachexia and frailty among the cases. Patients
having either the appropriate text term or the ICD code
were considered as having the medical condition (i.e.

sarcopenia, cachexia and frailty). Patients with an indi-
vidual text term (or code) for one of the three conditions
also frequently had text terms (or codes) for the other
conditions. Overall 1496 (15.6%) cases had terms or
codes for two or more of the three conditions (sarcope-
nia, cachexia or frailty) concurrently in their record (n =
133 had all three conditions; sarcopenia plus cachexia
n = 33; sarcopenia plus frailty n = 57; cachexia plus
frailty n = 1273).
The median (1st, 3rd quartiles) age of cases was

74.9 (62.2, 84.8) years, with 59% being female. Most
were white (69%), 10% black and 21% listed other
race. Cases with sarcopenia, cachexia or frailty dif-
fered from controls in several clinical aspects (Table 2).
The BMI was lower in cases [median 22.1 (18.9, 26.2) kg/
m2] than controls [28.1 (24.6, 32.5) kg/m2]. Cases also had
lower serum albumin (p < 0.0001) and prealbumin (p =
0.0215). Cases had a high odds ratio for diabetes with or
without complications compared to controls. Similarly,
cases had high odds ratio for hypertension, cardiovascular
and peripheral vascular diseases, chronic kidney diseases,
liver disease, malignancy, depression, AIDS and neuro-
logic conditions (all p < 0.0001). Regarding skeletal health,
cases had OR > 3 for osteoporosis and fractures (p <
0.0001). Cases also had higher Charlson comorbidity
index scores and were more frequently hospitalized. Cases
had more prescribing of dronabinol, megestrol, and nutri-
tional caloric supplements (protein shakes, etc.) but less
prescriptions for glucocorticoids and testosterone.
Cases having ICD codes for sarcopenia, cachexia or

frailty were younger [median (1st, 3rd quartiles) of 68.8
(58.3, 82.1) years] compared to those cases detected by
text terms alone (without ICD codes) [75.7 (63.2, 85.1)
years] (Supplemental Table 1). Cases with ICD codes
also had lower BMI than cases without ICD codes. Dia-
betes, hypertension, and chronic kidney disease stages
3–5 associated negatively with having ICD codes among

Table 1 Presence of individual ICD and text terms among the cases (Total N = 9594)

A. Cross-tabulation of ICD codes and text terms. The diagonal shaded cells indicate the total number of patients with each individual ICD code
or text term, while the off-diagonal (unshaded cells) indicate presence of combinations of individual text terms or codes according to row and col-
umn of the cell. The numbers in parentheses indicate the percent out of the total N of 9594.

n (% of Total N) Text sarcopenia Text cachexia Text frailty Code sarcopenia Code cachexia Code frailty

Text sarcopenia 310 (3.2) 160 (1.7) 188 (2.0) 8 (0.1) 41 (0.4) 14 (0.2)

Text cachexia 3921 (40.1) 1239 (12.9) 6 (0.1) 886 (9.2) 108 (1.1)

Text frailty 6821 (71.1) 3 (0.0) 451 (4.7) 285 (3.0)

Code sarcopenia 10 (0.1) 2 (0.0) 1 (0.0)

Code cachexia 1011 (10.5) 38 (0.4)

Code frailty 329 (3.4)

B. Additional information on the presence of ICD codes and text terms.

Any text term All three text terms No text term Any ICD code All three ICD codes No ICD Codes

n (%) 9594 (100) 129 (1.3) 0 (0) 1309 (13.6) 0 (0) 8285 (86.4)
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cases. However, malignancies, AIDS, osteoporosis, and
higher Charlson comorbidity index associated positively
with having ICD codes among cases, possibly reflecting
greater recognition and priority of coding in these sce-
narios. Having ICD codes among cases also associated
positively with treatments directed at sarcopenia such as
use of dronabinol or megestrol.

To determine if the clinical difference from controls
was similar in the groups diagnosed with sarcopenia,
cachexia or frailty, we conducted a sub-analysis of each
group separately and their matched controls, excluding
patients with overlapping codes or text terms for more
than one of these three conditions. In general, the differ-
ences in clinical variables between cases and their

Table 2 Clinical variables for cases and controls. Continuous variables are listed as median (1st, 3rd quartiles) with p value by
Wilcoxon signed rank test. Categorical variables are listed as n (%) with odds ratio, its 95% CI and p value by conditional logistic
regression

Cases Controls Odds Ratio (95% CI) P value

n 9594 9594

Age 74.9 (62.2, 84.8) 74.3 (61.6, 84.2)

Female 5663 (59%) 5663 (59%)

Race

African American 981 (10%) 981 (10%)

White 6599 (69%) 6599 (69%)

Other 2014 (21%) 2014 (21%)

BMI, kg/m2 (n = 7952 cases and 4897 controls) 22.1 (18.9, 26.2) 28.1 (24.6, 32.5) < 0.0001

Weight, kg (n = 8638 cases and 6006 controls) 60.7 (50.5, 73.8) 79.5 (65.9, 94.8) < 0.0001

Albumin, mg/dl (n = 8686 cases and 5409 controls) 3.6 (3.1, 4.0) 4.1 (3.8, 4.3) < 0.0001

Prealbumin, mg/dl (n = 1336 cases and 105 controls) 14 (9, 20) 20 (12, 25) 0.0215

Diabetes with complication 1247 (13) 337 (3.5) 4.33 (3.80, 4.94) < 0.0001

Diabetes without complications 2412 (25.1) 1547 (16.1) 1.80 (1.67, 1.94) < 0.0001

HgbA1C, % (n = 3379 cases and 1624 controls) 5.9 (5.5, 6.7) 6.0 (5.6, 6.7) 0.9205

Hypertension 6009 (62.6) 3621 (37.7) 3.26 (3.04, 3.49) < 0.0001

Cardiovascular disease 6769 (70.6) 3862 (40.3) 4.49 (4.17, 4.85) < 0.0001

Peripheral vascular disease 1809 (18.9) 590 (6.1) 3.76 (3.38, 4.17) < 0.0001

Chronic kidney disease stages 3–5 2142 (22.3) 690 (7.2) 3.96 (3.59, 4.38) < 0.0001

Chronic kidney disease stage 4 636 (6.6) 151 (1.6) 4.51 (3.75, 5.43) < 0.0001

Chronic kidney disease stage 5 or end stage kidney disease 462 (4.8) 63 (0.7) 8.39 (6.33, 11.12) < 0.0001

Any malignancy 2923 (30.5) 949 (9.9) 4.08 (3.75, 4.45) < 0.0001

Liver disease 1011 (10.5) 252 (2.6) 4.41 (3.82, 5.11) < 0.0001

Depression 1396 (14.6) 173 (1.8) 9.32 (7.86, 11.05) < 0.0001

AIDS 102 (1.1) 15 (0.2) 7.69 (4.32, 13.71) < 0.0001

Neurologic conditions 6205 (64.7) 2061 (21.5) 7.47 (6.87, 8.11) < 0.0001

Fractures (excludes fingers, toes, craniofacial fractures) 1094 (11.4) 321 (3.3) 3.78 (3.21, 4.32) < 0.0001

Osteoporosis 1501 (15.6) 604 (6.3) 3.03 (2.72, 3.37) < 0.0001

Charlson comorbidity index value 3 (1,6) 0 (0, 2) < 0.0001

Charlson comorbidity index > 2 5700 (59) 1519 (16) 8.99 (8.22, 9.85) < 0.0001

Number of hospitalizations during 2016 ~ 2017 2 (0, 4) 0 (0, 0) < 0.0001

Selected Medications post-index

Glucocorticoids 1200 (12.5) 1488 (15.5) 0.77 (0.71, 0.84) < 0.0001

Dronabinol 69 (0.7) 5 (0.1) 13.8 (5.57, 34.21) < 0.0001

Megestrol 93 (1.0) 19 (0.2) 4.90 (2.99, 8.02) < 0.0001

Caloric Supplement 30 (0.3) 12 (0.1) 2.50 (1.28, 4.88) 0.0073

Testosterone 14 (0.2) 36 (0.4) 0.39 (0.21, 0.72) 0.0027
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matched controls were similar in magnitude and direc-
tion when analyzing patient with sarcopenia, cachexia or
frailty separately (Supplemental Tables 2a, b and c) as
those seen analyzing them together (Table 2). BMI was
lowest in the cachexia group. The patients diagnosed
with frailty were generally older (median 80.2 years) than
those diagnosed with sarcopenia or cachexia (median
64.5 and 63.1 years, respectively) and thus the frailty
group had higher proportions of patients with some
chronic conditions including diabetes, hypertension, car-
diovascular disease, kidney disease, osteoporosis and
fractures. However, the proportion of patients with
Charlson comorbidity index values over 2 were similar
between those with sarcopenia, cachexia or frailty, but in
each category was higher than matched controls.

Discussion
We detected patients having the presence of sarcope-
nia, cachexia or frailty in the EHR using a comput-
able phenotype incorporating both ICD codes and
text terms. Most patients did not have an ICD code
to accompany the use of text descriptors. Of note the
sarcopenia code was rarely used, accounting for only
10 patients while text terms described sarcopenia in
310 patients in the same time period. This may repre-
sent underutilization of the code due to it only being
introduced in 2016 [25]. Of the three terms, cachexia
was the most likely to be accompanied by an ICD
code. However, all terms appeared much more often
as text terms than as ICD codes. Clinicians also fre-
quently appeared to use these terms interchangeably,
with overlap in their use in 15.6%, occasionally within
the same note, suggesting that clinicians may perceive
the clinical similarity, and consistent with the re-
search literature surrounding these constructs [5, 9].
Even when the clinicians identify sarcopenia, cach-

exia or frailty by terms in their notes, these diagnostic
codes were only applied 13.6% of the time. The rea-
sons for non-coding may include the clinician’s per-
ceived lesser importance of these medical conditions
or a tendency to code only for the primary diseases
for which they are seeing the patient. Thus, relying
on ICD codes alone for detection in the EHR is insuf-
ficient. This finding has clinical relevance because
failure to attribute sufficient importance to sarcope-
nia, cachexia and frailty in the EHR might correspond
to failing to target treatment to these conditions. The
cases were more likely to have ICD codes if they were
male, black, or had malignancy, AIDS, or osteopor-
osis, or had higher Charlson comorbidity index sug-
gesting greater recognition and coding in these
conditions or with greater burden of disease. In a
busy clinical practice, sarcopenia, cachexia and frailty
may not be diagnosed or coded during physician

encounters due to focus on other urgent issues and
addressing secondary issues such as skeletal muscle
loss may be deferred, delaying detection and
treatment.
Cases detected had evidence of systemic disease in-

cluding more frequent diabetes, hypertension, cardiovas-
cular, peripheral vascular disease, kidney disease, liver
disease and malignancy than controls. Cases also had
8.99-fold increased odds of having a Charlson comorbid-
ity index of > 2. Given their larger disease burden, it is
not surprising that cases had more hospitalizations dur-
ing the study period. Similarly, individuals with these
conditions of poor muscle health also had higher odds
of fractures. In addition, cases had a poorer nutritional
status as suggested by lower BMI, albumin and pre-
albumin.
Polypharmacy is well documented in frail adults

and thought to have a bidirectional effect with tem-
poral associative studies showing that high medication
burden may be a cause for frailty, as well as a result
[26]. We did not address overall medication burden
in this analysis, but instead focused on use of caloric
supplement and appetite stimulants, though overall
the numbers of patients prescribed these were small.
It is possible that caloric supplements (protein shakes,
etc.) were not fully captured as these do not require
a prescription. The use of megesterol and dronabinol
in cases compared to controls is consistent with clin-
ical efforts to manage this cachexia and weight loss
[27, 28]. In addition, cases having ICD codes were
more likely to receive directed pharmacological treat-
ments. Although testosterone has been used for sar-
copenia treatment [29], fewer cases were receiving
testosterone than controls. This implies that providers
were not prescribing testosterone for this purpose in
these sicker patients.
Strengths of our analysis include the large sample size,

manual validation of cases and the result that our com-
putable phenotype reliably detected patients that clini-
cians were diagnosing with sarcopenia, cachexia or
frailty. The large sample size with a range of age, gender
and race included allows generalizability of results to de-
tect sarcopenia, cachexia or frailty diagnoses within the
EHR across a wide range of ages and conditions. Our
limitations include that our methods cannot detect sar-
copenia, cachexia or frailty if the clinician has not made
the diagnosis or documented the codes or the appropri-
ate text in the notes. Additionally, objective assessments
for sarcopenia, cachexia or frailty were not performed,
therefore the occurrence of codes or terms in EHR does
not guarantee that the conditions are present, but only
implies that the provider detected or interpreted evi-
dence of these conditions. This results in a potential de-
tection bias and it is likely that our computable
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phenotype is detecting primarily the sicker patients with
these conditions or those with more severe sarcopenia,
cachexia or frailty. More mild versions of the clinical
phenotypes would thus be missed. Since we are unable
to capture scenarios where clinicians failed to detect or
mention evidence for sarcopenia, cachexia or frailty, this
results in a potentially a large number of missed cases
and could introduced a misclassification bias into our
analysis if some controls might have clinical features of
sarcopenia, cachexia or frailty without documentation.
Such misclassification would be likely to decrease the
differences between cases and controls for various com-
parisons. Despite this our groups had significant differ-
ences in multiple clinical parameters suggesting that we
are truly detecting different groups of patients.
We also found the differences in clinical variables be-

tween cases and their matched controls were similar in
magnitude and direction when analyzing patients with
sarcopenia, cachexia or frailty separately. Overall, our
findings, including the considerable overlap in applica-
tion of these diagnoses, suggest a lack of standardized
approach among the general clinicians to both reliably
detect these conditions or to differentiate between them.
Given that the computable phenotype is dependent on
what the clinician labels the patient’s condition, without
access to objective measurements we are not able to tell
which of the conditions should be most accurately ap-
plied to the patient (or if more than one is appropriate).
To overcome these biases and limitations, future studies
would require further validation of the computable
phenotype using objective physical measurements in re-
cruited subjects.

Conclusions
We validated a computable phenotype to detect diag-
nosed sarcopenia, cachexia and frailty among patients
within EHR. This computable phenotype used the text
terms and grammatical variants of the words sarcopenia,
cachexia and frailty along with and their associated ICD
codes [sarcopenia (M62.84), cachexia (799.4, R64), frailty
(797, R54)], which reliably indicated that the clinical
provider was labeling the patient as having these condi-
tions. Cases detected in the EHR differed from controls
in the frequency of several important comorbidities and
number of hospitalizations indicating a clinically mean-
ingful computable phenotype is being detected. Further
work is needed to increase electronic capture in the
EHR itself of physical measures and components of
these physical phenotypes to enable greater detection,
differentiation and intervention on a population health
level. Such a computable phenotype has wide ranging
potential uses clinically in detecting patients at risk for
disability, as well as identification for research recruit-
ment for clinical trials.
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the study.

Abbreviations
BMI: Body Mass Index; EHR: Electronic Health Record; INPC: Indiana Network
for Patient Care; ICD: International Classification of Diseases

Acknowledgements
None.

Authors’ contributions
All authors contributed to the design and conduct of the study. The study
was designed by EAI, ZL, AAB and RNM. Data collection was conducted by
SAE, LRL, MRM and AAB. Data analysis and interpretation was conducted by
EAI, ZL, RNM and AAB. The first draft of the manuscript was prepared by EAI
and RNM. All authors participated in subsequent revisions and approved the
final manuscript version. All authors agree that they are accountable for the
accuracy and integrity of the work.

Funding
This work was supported in part by funding from the NIH by NIAMS
(P30AR072581 and R01AR077273) and by NIDDK (K23DK102824). The content
is solely the responsibility of the authors and does not necessarily represent
the official views of the National Institutes of Health.

Availability of data and materials
The datasets generated during the conduct of this study consist of data
from individual electronic health records from a health information
exchange (the Indiana Network for Patient Care) and cannot be made
publicly available due to limitations including contract obligations with the
Indiana Health Information Exchange (IHIE), IRB restrictions, and existing data
agreements. De-identified versions of these datasets and code can be made
available upon request and with appropriate data governance agreements in
place.

Ethics approval and consent to participate
This study was conducted in accordance with the Declaration of Helsinki,
and prior to the study the protocol was approved by the Indiana University
Institutional Review Board. Patients were not contacted during this
retrospective study in a large EHR database, and the Indiana University
Institutional Review Board approved waiver of consent.

Consent for publication
Not applicable; there are not individual patient level data presented.

Competing interests
All authors declare that they have no conflicts of interest.

Author details
1Department of Medicine, Indiana University School of Medicine, 1120 West
Michigan Street CL 365, Indianapolis, Indiana 46202-5111, USA. 2Department
of Biostatistics, Indiana University School of Public Health, Indianapolis,
Indiana 46202, USA. 3Center for Biomedical Informatics, Data Core Services,
Regenstrief Institute, Indianapolis, Indiana 46202, USA.

Moorthi et al. BMC Musculoskeletal Disorders          (2020) 21:508 Page 7 of 8

https://doi.org/10.1186/s12891-020-03522-9
https://doi.org/10.1186/s12891-020-03522-9


Received: 7 November 2019 Accepted: 20 July 2020

References
1. Moorthi RN, Avin KG. Clinical relevance of sarcopenia in chronic kidney

disease. Curr Opin Nephrol Hypertens. 2017;26(3):219–28.
2. Evans WJ, Morley JE, Argiles J, Bales C, Baracos V, Guttridge D, et al.

Cachexia: a new definition. Clin Nutr. 2008;27(6):793–9.
3. Cruz-Jentoft AJ, Bahat G, Bauer J, Boirie Y, Bruyere O, Cederholm T, et al.

Sarcopenia: revised European consensus on definition and diagnosis. Age
Ageing. 2019;48(1):16–31.

4. Studenski SA, Peters KW, Alley DE, Cawthon PM, McLean RR, Harris TB, et al.
The FNIH sarcopenia project: rationale, study description, conference
recommendations, and final estimates. J Gerontol A Biol Sci Med Sci. 2014;
69(5):547–58.

5. Muscaritoli M, Anker SD, Argiles J, Aversa Z, Bauer JM, Biolo G, et al.
Consensus definition of sarcopenia, cachexia and pre-cachexia: joint
document elaborated by special interest groups (SIG) “cachexia-anorexia in
chronic wasting diseases" and "nutrition in geriatrics”. Clin Nutr. 2010;29(2):
154–9.

6. Rockwood K, Mitnitski A. Limits to deficit accumulation in elderly people.
Mech Ageing Dev. 2006;127(5):494–6.

7. Morley JE, Vellas B, van Kan GA, Anker SD, Bauer JM, Bernabei R, et al. Frailty
consensus: a call to action. J Am Med Dir Assoc. 2013;14(6):392–7.

8. Fried LP, Tangen CM, Walston J, Newman AB, Hirsch C, Gottdiener J, et al.
Frailty in older adults: evidence for a phenotype. J Gerontol A Biol Sci Med
Sci. 2001;56(3):M146–56.

9. Cesari M, Landi F, Vellas B, Bernabei R, Marzetti E. Sarcopenia and physical
frailty: two sides of the same coin. Front Aging Neurosci. 2014;6:192.

10. Ding YY, Kuha J, Murphy M. Multidimensional predictors of physical frailty in
older people: identifying how and for whom they exert their effects.
Biogerontology. 2017;18(2):237–52.

11. McGuigan FE, Bartosch P, Akesson KE. Musculoskeletal health and frailty.
Best Pract Res Clin Rheumatol. 2017;31(2):145–59.

12. Steffl M, Sima J, Shiells K, Holmerova I. The increase in health care costs
associated with muscle weakness in older people without long-term
illnesses in the Czech Republic: results from the survey of health, ageing
and retirement in Europe (SHARE). Clin Interv Aging. 2017;12:2003–7.

13. Antunes AC, Araujo DA, Verissimo MT, Amaral TF. Sarcopenia and
hospitalisation costs in older adults: a cross-sectional study. Nutr Diet. 2017;
74(1):46–50.

14. Arango-Lopera VE, Arroyo P, Gutierrez-Robledo LM, Perez-Zepeda MU,
Cesari M. Mortality as an adverse outcome of sarcopenia. J Nutr Health
Aging. 2013;17(3):259–62.

15. Landi F, Cruz-Jentoft AJ, Liperoti R, Russo A, Giovannini S, Tosato M, et al.
Sarcopenia and mortality risk in frail older persons aged 80 years and older:
results from ilSIRENTE study. Age Ageing. 2013;42(2):203–9.

16. Zhang X, Zhang W, Wang C, Tao W, Dou Q, Yang Y. Sarcopenia as a
predictor of hospitalization among older people: a systematic review and
meta-analysis. BMC Geriatr. 2018;18(1):188.

17. Olesen SS, Buyukuslu A, Kohler M, Rasmussen HH, Drewes AM. Sarcopenia
associates with increased hospitalization rates and reduced survival in
patients with chronic pancreatitis. Pancreatology. 2019;19(2):245–51.

18. Janssen I, Shepard DS, Katzmarzyk PT, Roubenoff R. The healthcare costs of
sarcopenia in the United States. J Am Geriatr Soc. 2004;52(1):80–5.

19. Cruz-Jentoft AJ, Landi F, Schneider SM, Zuniga C, Arai H, Boirie Y, et al.
Prevalence of and interventions for sarcopenia in ageing adults: a
systematic review. Report of the international sarcopenia initiative (EWGSOP
and IWGS). Age Ageing. 2014;43(6):748–59.

20. Vellas B, Fielding R, Bhasin S, Cerreta F, Goodpaster B, Guralnik JM, et al.
Sarcopenia trials in specific diseases: report by the international conference
on frailty and sarcopenia research task force. J Frailty Aging. 2016;5(4):194–
200.

21. Theou O, Stathokostas L, Roland KP, Jakobi JM, Patterson C, Vandervoort AA,
et al. The effectiveness of exercise interventions for the management of
frailty: a systematic review. J Aging Res. 2011;2011:569194.

22. Argiles JM, Busquets S, Stemmler B, Lopez-Soriano FJ. Cachexia and
sarcopenia: mechanisms and potential targets for intervention. Curr Opin
Pharmacol. 2015;22:100–6.

23. Reijnierse EM, de van der Schueren MAE, Trappenburg MC, Doves M,
Meskers CGM, Maier AB. Lack of knowledge and availability of diagnostic

equipment could hinder the diagnosis of sarcopenia and its management.
PLoS One. 2017;12(10):e0185837.

24. Charlson ME, Pompei P, Ales KL, MacKenzie CR. A new method of classifying
prognostic comorbidity in longitudinal studies: development and validation.
J Chronic Dis. 1987;40(5):373–83.

25. Vellas B, Fielding RA, Bens C, Bernabei R, Cawthon PM, Cederholm T, et al.
Implications of ICD-10 for sarcopenia clinical practice and clinical trials:
report by the international conference on frailty and sarcopenia research
task force. J Frailty Aging. 2018;7(1):2–9.

26. Gutierrez-Valencia M, Izquierdo M, Cesari M, Casas-Herrero A, Inzitari M,
Martinez-Velilla N. The relationship between frailty and polypharmacy in
older people: a systematic review. Br J Clin Pharmacol. 2018;84(7):1432–44.

27. Ruiz-Garcia V, Lopez-Briz E, Carbonell-Sanchis R, Bort-Marti S, Gonzalvez-
Perales JL. Megestrol acetate for cachexia-anorexia syndrome. A systematic
review. J Cachexia Sarcopenia Muscle. 2018;9(3):444–52.

28. Badowski ME, Perez SE, et al. HIV AIDS (Auckl). 2016;8:37–45.
29. Skinner JW, Otzel DM, Bowser A, Nargi D, Agarwal S, Peterson MD, et al.

Muscular responses to testosterone replacement vary by administration
route: a systematic review and meta-analysis. J Cachexia Sarcopenia Muscle.
2018;9(3):465–81.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Moorthi et al. BMC Musculoskeletal Disorders          (2020) 21:508 Page 8 of 8


	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Study design
	Eligible patients
	Manual validation of computable phenotype
	Variables
	Statistical analysis

	Results
	Discussion
	Conclusions
	Supplementary information
	Abbreviations
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

