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Abstract

Background: The accumulation of deficits model for frailty has been used to develop an electronic health record (EHR) frailty index (eFI) that 
has been incorporated into British guidelines for frailty management. However, there have been limited applications of EHR-based approaches 
in the United States.
Methods: We constructed an adapted eFI for patients in our Medicare Accountable Care Organization (ACO, N = 12,798) using encounter, 
diagnosis code, laboratory, medication, and Medicare Annual Wellness Visit (AWV) data from the EHR. We examined the association of the 
eFI with mortality, health care utilization, and injurious falls.
Results: The overall cohort was 55.7% female, 85.7% white, with a mean age of 74.9 (SD = 7.3) years. In the prior 2 years, 32.1% had AWV 
data. The eFI could be calculated for 9,013 (70.4%) ACO patients. Of these, 46.5% were classified as prefrail (0.10 < eFI ≤ 0.21) and 40.1% 
frail (eFI > 0.21). Accounting for age, comorbidity, and prior health care utilization, the eFI independently predicted all-cause mortality, inpatient 
hospitalizations, emergency department visits, and injurious falls (all p < .001). Having at least one functional deficit captured from the AWV 
was independently associated with an increased risk of hospitalizations and injurious falls, controlling for other components of the eFI.
Conclusions: Construction of an eFI from the EHR, within the context of a managed care population, is feasible and can help to identify 
vulnerable older adults. Future work is needed to integrate the eFI with claims-based approaches and test whether it can be used to effectively 
target interventions tailored to the health needs of frail patients.
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Frailty is commonly defined as a biological process resulting in de-
creased reserve, producing an increased vulnerability to acute stress-
ors (1). Numerous studies have proposed instruments to quantify 
frailty; either via the frailty phenotype (2), functional measures (3), 
or frailty indices (FIs) based on the theoretical model of deficit ac-
cumulation (4). Regardless of the measurement modality, frailty pre-
dicts a myriad of negative health outcomes (5), including disability 
(6), health care utilization (7), long-term care admission (8), and 
mortality (1,9). Increasingly, the literature also suggests that frailty 
itself may be reversible—perhaps more so than disability (10,11). 
Frailty should be an appealing focus for screening in primary care 
due to its predictive ability and potential as a therapeutic target for 

the prevention of falls, disability, and unnecessary or burdensome 
hospitalizations (12). However, in the United States, frailty assess-
ment has not been broadly implemented; barriers include not only a 
lack of consensus among prevalent frailty instruments, but time and 
resource constraints in busy clinicians’ offices (13).

In England, the accumulated-deficit model of frailty has facili-
tated the development of an electronic health record (EHR) based 
frailty index (eFI) utilizing primary care data (14). The appeal of the 
eFI is that its’ automatic calculation could ameliorate clinician time 
concerns in screening for frailty. In fact, the eFI has already been in-
corporated into guidelines for frailty management by The British 
Geriatrics Society and the National Health Service (NHS) (10,14). 
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While the proliferation of EHR systems should permit the adoption 
of a similar approach in the United States, implementation is more 
complex outside of unified health systems like the NHS. While there 
are exceptions such as the Veterans Affairs (VA) system, EHRs in 
the United States will often reflect an open cohort of patients, one 
in which patients may enter or exit from observation over time, at 
least partially driven by utilization of multiple health systems (15). 
It is unclear to what extent an EHR-based FI could be calculated for 
a fixed population of older individuals in the United States, for ex-
ample, patients within a Medicare Accountable Care Organization 
(ACO). The magnitude of incomplete data also has important im-
plications for frailty screening as part of population health manage-
ment. While frailty indices derived from administrative claims can 
alleviate some concerns with incomplete ascertainment (16–18), they 
would be difficult to use at the point of care given time lags inherent 
with claims data. Finally, an additional limitation of the NHS eFI 
and work in the VA (18) is that they primarily incorporate deficits 
through diagnosis codes. Such an approach may capture advanced 
disease, but tends toward under-reporting of subclinical contributors 
to frailty (19); perhaps missing subtler deficits and functional impair-
ments that may still impact risk or may benefit from focused interven-
tion (20). Medicare’s recent implementation of Annual Wellness Visits 
(AWVs), which require cognitive and functional screening as well as 
falls risk assessment, provides an opportunity to include more subtle 
functional status changes in building a FI (21).

The goal of the present work was to adapt the eFI adopted by 
the NHS to a U.S. health care system, applying it to a population 
of older adults enrolled in a Medicare ACO. Our primary research 
question was to estimate the frequency with which individuals in 
our Medicare ACO would have sufficient data captured in the EHR 
to estimate a FI. In addition, we assessed the predictive performance 
of our adapted eFI, including and excluding functional data from 
Medicare AWVs, with respect to incident outcomes including injuri-
ous falls, health care utilization, and all-cause mortality.

Methods

Population
We identified patients in our EHR (Epic, Verona, WI) attributed to 
our Medicare Shared Savings Plan Accountable Care Organization 
(MSSP-ACO). Patients included were at least 65 years of age as of 
July 1, 2016. We used a 2-year lookback period in order to define 
our adapted eFI, using data from July 1, 2014 to July 1, 2016.

Composition of the Adapted EMR-Based Frailty 
Index (eFI)
As shown in Supplementary Tables 1A–C, we modeled our adapted 
eFI after the deficits included in the eFI of Clegg and colleagues. For 
deficits based on diagnosis codes, we utilized diagnosis codes from 
all sources (outpatient, inpatient, emergency department, etc.) and 
employed ICD-9-CM and ICD-10-CM code definitions largely based 
on previous validated algorithms (22,23) or the Clinical Classification 
Software for ICD-9-CM (https://www.hcup-us.ahrq.gov/toolssoft-
ware/ccs/ccs.jsp). As our data covers the time period where our health 
system switched to coding using ICD-10-CM, we mapped deficit defi-
nitions based on ICD-9-CM that lacked an analog for ICD-10-CM 
using the 2017 CMS General Equivalence Mapping Files (https://
www.cms.gov/Medicare/Coding/ICD10/2017-ICD-10-CM-and-
GEMs.html). For individuals with no observed diagnosis codes dur-
ing the 2-year look back period, we assumed this implied little to no 
prior interaction with the health system, and so we set all diagnosis 

code based deficits to missing for such individuals. Finally, as a meas-
ure of multimorbidity, we used the algorithm of Quan and colleagues 
(22) to estimate the weighted Charlson Comorbidity Index.

We included laboratory measures and vital signs from outpa-
tient encounters in the eFI from the lab-based FI of Howlett and 
colleagues [(24); Supplementary Table 1B]. If multiple measure-
ments were available during the look-back period, each meas-
urement was individually scored as a deficit, with the individual 
deficit scores then averaged to obtain an overall deficit score. We 
also included functional data from the Medicare Annual Wellness 
Visits (AWVs, https://www.cms.gov/Outreach-and-Education/
Medicare-Learning-Network-MLN/MLNProducts/downloads/
AWV_chart_ICN905706.pdf; Supplementary Table 1C). We used 
the latest AWV for individuals with multiple AWVs during the look-
back period. The eFI included 54 total deficits and was calculated as 
the unweighted sum of the score for each deficit, divided by the total 
number of nonmissing items. Consistent with recommendations for 
constructing frailty indices, we required ≥30 nonmissing items (25). 
Because we had 33 deficits involving diagnosis codes, we did not 
want an absence of diagnosis codes and other data (for individuals 
with ≥1 code in the past 2 years) to necessarily imply robust health 
status. We additionally excluded individuals that did not have at 
least 9 of the 20 items based on laboratory measurements, smok-
ing status, body mass index, and blood pressure measured in the 
past 2 years. As a sensitivity analysis, we also considered a different 
requirement based on having sufficient contact with the health care 
system in the past 2 years, which we defined as having at least two 
outpatient encounters with a measured blood pressure. The primary 
difference with this approach is that implicitly assumes that a lack of 
diagnosis codes implies robust health status, and it does not require 
the presence of any of the nondiagnosis code based-items in calculat-
ing the eFI (with the exception of blood pressure).

Incident Outcomes
We extracted encounter information on the incidence of emergency 
department (ED) visits, inpatient hospitalizations, and outpatient 
encounters in the year following our index date (July 1, 2016) for 
defining the eFI. Injurious falls were identified based on ICD-10 
diagnosis codes (Supplementary Table 1A). We additionally required 
that diagnosis codes for an injurious fall were linked to an encoun-
ter that entailed an ED visit or inpatient encounter. We similarly 
extracted dates of death from the EHR for the same follow-up time 
period. Mortality information in our EHR is supplemented through 
a monthly deterministic linkage (based on name, age, gender, date 
of birth, and race/ethnicity) to the North Carolina State Center for 
Health Statistics death index, which captures any individuals that die 
within North Carolina.

Statistical Analysis
We examined the association between the eFI and all-cause mortality 
using Cox proportional hazards regression. We examined discrimi-
natory ability by calculating c-statistics (using 10-fold cross-vali-
dation) and the estimated explained relative risk measure of Heller 
(26). We estimated the incidence of health care encounters, emer-
gency department (ED) visits, inpatient hospitalizations, and injuri-
ous falls using the mean cumulative count (MCC) estimator (27), 
which allows for recurrent events and the competing risk of death. 
Standard errors for the MCC were estimated using bootstrap resa-
mpling (N = 1,000). While regression methods have been proposed 
to handle recurrent events and a competing terminal event (28), we 
have found that current software implementations are not suited to 
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large data sets. Therefore, to address potential confounding effects 
with respect to utilization and injurious falls, we reverted to a Cox 
proportional hazards framework allowing for recurrent events, but 
not a competing terminal event. In all models, we included age, sex, 
race/ethnicity, and the Charlson Comorbidity Index as covariates. 
To attempt to control for informed presence bias, we also adjusted 
for the number of health care encounters in the past 2 years (29). We 
adjusted for both the number of past outpatient encounters (<5, 5 to 
<10, and 10 or more) and the number of past emergency department 
visits or inpatient hospitalizations (0, 1, or ≥2). All analyses were 
performed using the R Statistical Computing Environment (R Core 
Team, Vienna, Austria) or SAS v9.4 (SAS, Cary, NC).

Results

There were 12,798 individuals attributed to our health system’s ACO 
population as of July 1, 2016. There was sufficient data in the EHR 
to calculate the eFI in 9,013 (70.4%) individuals (Table 1). The me-
dian and maximum eFI scores were 0.19 and 0.61, respectively, with 
the majority of ACO enrollees categorized as prefrail (0.10 < eFI ≤ 
0.21, 46.5%) or frail (eFI > 0.21, 40.1%) (30). We did observe a 

slightly higher burden of frailty in women, as 40.6% of women 
were categorized as frail (eFI > 0.21) compared with 39.4% in men 
(Supplementary Table 2). Conversely, men exhibited a slightly higher 
burden of comorbidity, with a median Charlson Comorbidity Index of 
3 versus a median of 2 in women (p < .001). For ACO patients deemed 
to have insufficient data to calculate the eFI, 809 (21.3%) had no diag-
nosis codes recorded in the past 2 years, with the remaining individ-
uals tending only to have data recorded for blood pressure, body mass 
index, and smoking status, above and beyond at least one diagnosis 
code (Supplementary Table 3). As expected, these individuals exhib-
ited a lower rate of contact with the health care system (Table 1), as 
they had a lower number of healthcare encounters in the past 2 years 
(median of 2 encounters vs 12 encounters for those where eFI could 
be defined) and were less likely to have completed a Medicare AWV in 
the past 2 years (8.2% vs 42.1%, p < .001).

Associations with all-cause mortality
Figure 1 shows Kaplan–Meier estimates of all-cause mortality stratified 
by eFI score. As expected, we observed increased mortality risk with 
increasing eFI score. Table 2 examines the association of the eFI with 
all-cause mortality based on a multivariable Cox regression model. The 

Table 1. Characteristics of Medicare Shared Savings Program Accountable Care Organization Population Stratified by whether or not the 
Electronic Frailty Index (eFI) could be Calculated From the Electronic Health Record

Characteristic

Sufficient Data to
Calculate eFI
N = 9,013

Insufficient Data
to Calculate eFI
N = 3,785 p Value

Age, years, mean ± SD 75.0 ± 7.3 74.9 ± 7.1 .612
Age, no. (%)   .211
 65 to <75 years 4,895 (54.3) 2,118 (56.0)  
 75 to <85 years 2,953 (32.8) 1,205 (31.8)  
 85 years or more 1,165 (12.9) 462 (12.2)  
Female sex, no. (%) 5,194 (57.6) 1,930 (51.0) <.001
Race/ethnicity, no. (%)   <.001
 White 7,554 (83.8) 3,411 (90.1)  
 Black 1,178 (13.1) 259 (6.8)  
 Hispanic 124 (1.4) 62 (1.6)  
 Other 153 (1.7) 49 (1.3)  
 Unknown 4 (0.0) 4 (0.1)  
Median household income based on zip code >$53,657, 

no. (%)a

2,921 (36.9) 806 (32.4) <.001

No. of health care encounters, median (IQR) 12 (7–19) 2 (1–4) <.001
No. of outpatient encounters in past 2 years, no. (%)   <.001
 <5 1,219 (13.5) 2,917 (77.1)  
 5 to <10 2,566 (28.5) 545 (14.4)  
 10 or more 5,228 (58.0) 323 (8.5)  
No. of ED visits or inpatient encounters in past 2 years, 

no. (%)
  <.001

 0 5,682 (63.0) 3,199 (84.5)  
 1 1,602 (17.8) 362 (9.6)  
 2 or more 1,729 (19.2) 224 (5.9)  
Medicare Annual Wellness Visit in past 2 years, no. (%) 3,791 (42.1) 312 (8.2) <.001
eFI, median (IQR) 0.19 (0.13–0.26) — —
eFI, no. (%)   —
 eFI ≤ 0.10 1,210 (13.4) —  
 0.10 < eFI ≤ 0.20 3,858 (42.8) —  
 0.20<eFI ≤ 0.30 2,581 (28.6) —  
 0.30 < eFI ≤ 0.40 1,018 (11.3) —  
 eFI > 0.40 346 (3.8) —  

Notes: Participants were required to be at least 65 years of age as of July 1, 2014, and to be ≤95 years of age on July 1, 2016. Electronic frailty index (eFI) based 
on 2-year look back period from July 1, 2014 to July 1, 2016. SD = standard deviation; IQR = interquartile range; ED = emergency department.

aMedian household income = $53,657 in 2014. U.S. Bureau of the Census, Median Household Income in the United States [MEHOINUSA646N], retrieved from 
FRED, Federal Reserve Bank of St. Louis; https://fred.stlouisfed.org/series/MEHOINUSA646N, February 4, 2018.
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strongest predictors of mortality were the Charlson Comorbidity Index 
(estimated explained relative risk (eeRR) = 11.2%) and number of ED or 
inpatient encounters in the past 2 years (eeRR = 6.2%). However, even 
when accounting for these factors and age, the eFI was independently 
associated with mortality (eeRR = 3.5%). Based on 10-fold cross-vali-
dation, the c-statistic for a model based only on the eFI was 0.740 and 
0.790 for the full multivariable model given in Table 2. Using a threshold 
of eFI >0.19 (31), the sensitivity for 90-day mortality was 83.1%, with 
a specificity of 52.3% (Supplementary Table 4). We also observed 
that ACO patients where the eFI could not be calculated exhibited a 
higher mortality rate than patients with eFI >0.10 but ≤0.20 (Figure 1).  
When we investigated what factors might explain this level of mor-
tality risk (data not shown), one of the strongest correlates appeared 
to be the number of ED or inpatient encounters in the past 2 years 
(Supplementary Figure 1), recognizing that comorbidity burden and 
the eFI were not calculated for these individuals.

Associations with incident health care utilization and 
injurious falls
Supplementary Figure 2 shows unadjusted mean cumulative count 
(MCC) estimates for incident health care utilization and injurious falls, 
accounting for recurrent events and the competing risk of death. For all 
outcomes, we observed increasing event rates with increasing frailty. As 
an example, the MCC estimate for injurious falls was 24.28 (95% con-
fidence interval [CI]: 18.49 to 30.92) falls per 100 individuals with eFI 
>0.40 over 365 days, as compared with 0.66 (95% CI: 0.24 to 1.16) 
falls for individuals with eFI ≤0.10. As with mortality, individuals in the 
subgroup where the eFI could not be calculated exhibited similar rates of 
inpatient encounters, ED encounters injurious falls to those individuals 

categorized as prefrail. Table 3 displays adjusted estimates of the associ-
ation between the eFI and utilization or falls, adjusting for age, comor-
bidity, and past health care utilization. The eFI was a strong predictor of 
all outcomes we examined (p < .001). While comorbidity based on the 
Charlson Index was also a significant predictor of overall health care util-
ization and inpatient encounters, it was not a significant predictor of ED 
visits (hazard ratio [HR] = 1.00, 95% CI: 0.98 to 1.02) or injurious falls 
(HR = 0.99, 95% CI: 0.95 to 1.04). Finally, we examined discriminatory 
ability by modeling time to the first event for each outcome except overall 
healthcare encounters (data not shown). For these models, which do not 
consider recurrent events, the c-statistics were 0.724 (inpatient), 0.691 
(ED), and 0.749 (injurious falls) based on the eFI, and 0.741 (inpatient), 
0.739 (ED), 0.791 (injurious falls) based on a full model additionally 
including age, sex, race/ethnicity, past utilization, and comorbidity.

Contribution of functional data from Annual Wellness Visits
Table 4 displays the results of sensitivity analyses where we removed 
the eight AWV functional items from the eFI calculation and modeled 
those items separately to see if they were an independent predictor of 
utilization and injurious falls after accounting for age, comorbidity, 
past health care utilization, and the remaining elements in the eFI. For 
these analyses, we classified individuals as functionally intact (average 
AWV item score < 0.125) versus some functional impairment (average 
AWV item score ≥ 0.125), which mathematically corresponds to hav-
ing at least one full deficit across the eight functional items. Having 
some functional deficit was not associated with overall health care 
utilization, ED encounters, or mortality (HR = 1.34, 95% CI: 0.73 to 
2.44). However, having some functional deficit was associated with an 
increased rate of inpatient encounters (HR = 1.44, 95% CI: 1.13 to 
1.84) and injurious falls (HR = 1.85, 95% CI: 1.07 to 3.21).

Sensitivity Analyses for Data Requirements to Calculate eFI
Finally, we investigated the impact of the requirement of ≥30 non-
missing items and 9 out of 20 items based on laboratory meas-
urements, smoking status, body mass index, and blood pressure 
measured to calculate the eFI. If we instead require a minimum of 
two outpatient encounters (with measured blood pressure) in the 
past 2 years, this reduced the number of ACO patients for which the 
eFI could not be calculated from 3,785 (29.6%) to 1,967 (15.4%, 
Supplementary Table 5). The majority of patients that were re-
classified from missing to a calculable eFI score had an eFI ≤0.20 
(1,594/1,912, 83.4%), thereby reducing the proportion of the popu-
lation classified as frail (eFI > 0.21) from 40.1% to 35.9%. Despite 
this shift toward including presumably healthier individuals, the 
association of the eFI with all-cause mortality did not appreciably 
change (Supplementary Table 6), with the eeRR being only slightly 
attenuated from 3.5% to 2.8%.

Discussion

Despite consensus recommendations for the importance of routine 
screening for frailty in older adults (10,32), widespread implemen-
tation in the United States has been slow (12,33). Previous research 
has demonstrated the potential to integrate the EHR with the deficit 
accumulation approach to frailty (5,14,18), although this work has 
been based in health systems with more closed patient populations. 
Our study demonstrates that it is feasible to adapt an EHR-based FI 
within the context of a Medicare ACO population, albeit with some 
important caveats which we will discuss below. Within our Medicare 
ACO population, the adapted eFI exhibited distributional character-
istics consistent with expectation, that is, higher levels of frailty for 

Figure 1. Frailty status based on the electronic health record frailty index (eFI) 
and incidence of all-cause mortality. Shaded areas denote 95% point-wise 
confidence intervals.
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women compared with men, and a maximal observed value less than 
0.7 (34). In addition, the eFI was independently associated with in-
cident injurious falls, inpatient hospitalizations, ED encounters, and 
all-cause mortality. The eFI demonstrated reasonable discriminative 
ability (c-statistics > 0.70), comparable to previous studies (5,14).

A concern with risk indices built from the EHR is missing data, 
loss to follow-up, and other potential sources of bias (35). Our 
analyses highlight these concerns as we were not able to calculate 
the eFI for ~15% or ~30% of the adults attributed to our ACO, 
depending on the data requirement applied in calculating the eFI. 
Missing data likely partially explains why the prevalence of frailty 
in our population was considerably higher than that observed in 
community-dwelling populations (36). Presumably healthier individ-
uals would be more likely to have minimal contact with the health 
system and thus be excluded in calculating the eFI. While patients 

with insufficient data to calculate the eFI may generally be healthier, 
this group is not without risk, as its rate of health care utilization and 
mortality was similar to patients categorized as prefrail in our pri-
mary analyses. However, it is important to recognize that insufficient 
data to calculate the eFI is not necessarily indicative of a complete 
lack of data from which to assess risk for future outcomes. For ex-
ample, laboratory results and vital signs from inpatient hospitaliza-
tions and ED visits are excluded in calculating the eFI, so as not to 
count acute exacerbations as chronic deficits. Our analyses indicated 
that EHR data from prior ED visits and inpatient hospitalizations 
could be used to identify a higher risk subgroup among patients with 
insufficient outpatient data to estimate the eFI. In addition, an im-
mediate future research direction would be to examine the extent 
to which frailty information derived from administrative claims can 
complement that derived from the EHR (16,17). At a minimum, one 

Table 2. Association Between the Electronic Frailty Index (eFI) and All-Cause Mortality

Variable Hazard Ratio (95% CI) p Value
Explained
Relative Risk

Age (per 5 year increase) 1.23 (1.15–1.32) <.001 4.3%
Sex (male)   1.6%
 Female 0.68 (0.55–0.84) <.001  
Race (white)   0.1%
 Nonwhite 0.85 (0.64–1.14) .285  
No. of outpatient encounters in past 2 years (<5)   1.0%
 5 to <10 1.04 (0.64–1.67) .881  
 10 or more 0.76 (0.48–1.20) .240  
No. of ED visits or inpatient encounters in past 2 years (0)   6.2%
 1 1.69 (1.24–2.32) .001  
 2 or more 2.43 (1.79–3.31) <.001  
Weighted Charlson Comorbidity Index 1.17 (1.13–1.21) <.001 11.2%
eFI (per 0.1 increase) 1.33 (1.15–1.53) <.001 3.5%

eFI denotes electronic Frailty Index, CI Confidence Interval, and ED Emergency Department. Hazard Ratios based on multivariable Cox regression model. 
Explained Relative Risk is the estimated explained relative risk measure of Heller (26).

Table 3. Association Between the Electronic Frailty Index (eFI), Health Care Utilization, and Injurious Falls

Variable

Health Care Encounters Emergency Department Visits

Hazard Ratio (95% CI) p Value Hazard Ratio (95% CI) p Value

No. of outpatient encounters in past 2 years (<5)
 5 to <10 1.24 (1.16–1.33) <.001 1.17 (0.89–1.53) .255
 10 or more 1.97 (1.84–2.12) <.001 1.42 (1.11–1.83) .006
No. of ED visits or inpatient encounters in past 2 years (0)     
 1 1.07 (1.04–1.11) <.001 1.97 (1.66–2.33) <.001
 2 or more 1.15 (1.10–1.20) <.001 3.75 (3.16–4.44) <.001
Weighted Charlson Comorbidity Index 1.02 (1.01–1.02) <.001 1.00 (0.98–1.02) .952
eFI (per 0.1 increase) 1.20 (1.17–1.22) <.001 1.36 (1.26–1.46) <.001

Variable

Inpatient Encounters Injurious Falls

Hazard Ratio (95% CI) p Value Hazard Ratio (95% CI) p Value

No. of outpatient encounters in past 2 years (<5)     
 5 to <10 1.14 (0.85–1.51) .383 1.22 (0.60–2.46) .583
 10 or more 1.14 (0.87–1.50) .352 1.04 (0.53–2.05) .914
No. of ED visits or inpatient encounters in past 2 years (0)     
 1 1.75 (1.48–2.08) <.001 1.99 (1.38–2.86) <.001
 2 or more 2.32 (1.95–2.76) <.001 3.16 (2.23–4.50) <.001
Weighted Charlson Comorbidity Index 1.05 (1.02–1.07) <.001 0.99 (0.95–1.04) .749
eFI (per 0.1 increase) 1.62 (1.50–1.76) <.001 1.66 (1.42–1.93) <.001

Note: Hazard ratios based on multivariable Cox regression model accounting for recurrent events, additionally adjusting for age, sex, and race/ethnicity. 
CI = confidence interval; ED = emergency department.
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would expect claims data to contribute information about patients 
that received primary care or outpatient care in different health sys-
tems in the past.

We found that the additional functional deficits assessed dur-
ing the Medicare AWVs were associated with the risk of incident 
injurious falls and ED visits after controlling for an eFI calcu-
lated excluding these functional items. While functional limita-
tions were not associated with other health care utilization or 
all-cause mortality, statistical power for these analyses was likely 
limited given that follow-up was limited to 1 year, and analyses 
were limited to the subgroup of patients with an AWV in the past 
2 years. While we believe future work should continue to evalu-
ate the prognostic value of functional information, it is impor-
tant to acknowledge that the uptake of AWVs is currently low, as 
only 18.2% of Medicare beneficiaries had an AWV in 2015 (37). 
However, utilization of the AWVs appears to be higher for ACOs 
and is increasing over time (37). Within our ACO, the proportion 
of patients with an AWV was 32.2% and 42.1% in fiscal years 
2015 and 2016, respectively.

Several limitations of our results should be considered. We evalu-
ated the eFI within the context of an ACO population within a single 
health system, and so a future need is examining the eFI’s prognostic 
performance in additional health care systems, and with respect to 
a broader spectrum of actionable outcomes, such as the use of the 
eFI for automated frailty screening in the preoperative setting (38). 
Second, while the discriminatory ability of the eFI was on par with 
previous studies (5,14), this level of discrimination may be “poor 
to adequate” (34), and its accuracy to target frailty interventions in 
clinical practice remains uncertain. Finally, we were also not able to 
compare the eFI to a clinically based assessment of frailty, such as the 
frailty phenotype or the Clinical Frailty Scale (2,39).

Our focus on leveraging the EHR to generate a measure of 
frailty is similar to using a laboratory test to measure a specific 
physiologic function, where specificity is lower and once detected, 
a clinical exam is necessary to determine a more specific cause 
and treatment. This approach is based on the desire to identify 
at-risk older adults while simultaneously avoiding excess work 
for already-busy front line clinicians. The eFI could help to dis-
cern which older adults may most benefit from targeted evaluation 
and interventions that preserve mobility, reduce falls, or avoid 

high-burden, high-cost hospital-based healthcare. Conversely, the 
eFI could also be used at the end-of-life to target resources such as 
palliative care, although a recent study in England illustrated that 
the NHS eFI was likely not currently accurate enough to action-
ably predict 3-month mortality at the individual level (31). In the 
future, testing a tool like the eFI to target population health man-
agement strategies for frail and prefrail older adults may help to 
move toward a function-based, rather than disease-based, model 
of medical care (40).

Supplementary Material

Supplementary data are available at The Journals of Gerontology, 
Series A: Biological Sciences and Medical Sciences online.

Funding
The project described was supported by the National Center for 
Advancing Translational Sciences (NCATS), National Institutes of Health 
(UL1TR001420). The content is solely the responsibility of the authors 
and does not necessarily represent the official views of the NIH. Additional 
funding support was also provided by the Wake Forest University Claude 
D. Pepper Older Americans Independence Center (P30-AG21332), the J. Paul 
Sticht Center for Healthy Aging and Alzheimer’s Disease, and the Center for 
Health Care Innovation at Wake Forest School of Medicine.

Acknowledgments
The authors gratefully acknowledge the data extraction and analyses per-
formed by members of the Biomedical Informatics Program within the Clinical 
and Translational Science Institute at Wake Forest School of Medicine.

Author Contributions
N.M.P., J.D.W., and K.E.C.  contributed to study design. N.M.P., K.L., and 
B.J.W. performed data extraction and statistical analyses. All authors partici-
pated in drafting the article, editing, and approved the final version of the article.

Conflict of interest statement
None reported.

Table 4. Incremental Contribution of Medicare Annual Wellness Visit Data to Association Between the eFI, Health Care Utilization, and 
Injurious Falls

Variable

Healthcare Encounters Emergency Department Visits

Hazard Ratio (95% CI) p Value Hazard Ratio (95% CI) p Value

eFI (per 0.1 increase)a 1.24 (1.20–1.28) <.001 1.29 (1.13–1.46) <.001
≥1 Deficit from Medicare AWVb 1.03 (0.98–1.07) .275 1.17 (0.93–1.48) .172

Variable

Inpatient Encounters Injurious Falls

Hazard Ratio (95% CI) p Value Hazard Ratio (95% CI) p Value

eFI (per 0.1 increase)a 1.78 (1.52–2.07) <.001 1.45 (1.11–1.89) .007
≥1 Deficit from Medicare AWVb 1.44 (1.13–1.84) .003 1.85 (1.07–3.21) .028

Note: Analyses based on subgroup of 3,791 individuals that completed a Medicare Annual Wellness Visit (AWV) between July 1, 2014 and July 1, 2016.
aeFI calculated removing eight functional items from the AWV.
bBecause some functional items from the AWV are not scored as yes or no deficits, actual threshold is an average deficit score ≥0.125, which mathematically 

corresponds to having at least one full deficit among the eight AWV items. Hazard ratios based on multivariable Cox regression model accounting for recurrent 
events, adjusting for age, sex, race/ethnicity, number of outpatient encounters in the past 2 years, number of emergency department or inpatient encounters in the 
past 2 years, and the Charlson Comorbidity Index. CI = confidence interval.
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