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BACKGROUND: Frailty—a multidimensional syndrome related to age- and disease-related defi-
cits—is a key risk factor for older surgical patients. However, it is unknown which frailty instru-
ment most accurately predicts postoperative outcomes. Our objectives were to quantify the 
probability of association and relative predictive performance of 2 frailty instruments (ie, the risk 
analysis index-administrative [RAI-A] and 5-item modified frailty index [mFI-5]) with postoperative 
outcomes in National Surgical Quality Improvement Program (NSQIP) data.
METHODS: Retrospective cohort study using Bayesian analysis of NSQIP hospitals. Adults having 
inpatient small or large bowel surgery 2010–2015 (derivation cohort) or intermediate to high risk 
mixed noncardiac surgery in 2016 (validation cohort) had preoperative frailty assigned using 2 
unique approaches (RAI-A and mFI-5). Probabilities of association were calculated based on posterior 
distributions and relative predictive performance using posterior predictive distributions and Bayes 
factors for 30-day mortality (primary outcome) and serious complications (secondary outcome).
RESULTS: Of 50,630 participants, 7630 (14.0%) died and 19,545 (38.6%) had a serious com-
plication. Without adjustment, the RAI-A and mFI-5 had >99% probability being associated with 
mortality with a ≥2.0 odds ratio (ie, large effect size). After adjustment for NSQIP risk calculator 
variables, only the RAI-A had ≥95% probability of a nonzero association with mortality. Similar 
results arose when predicting postoperative complications. The RAI-A provided better predictive 
accuracy for mortality than the mFI-5 (minimum Bayes factor 3.25 × 1014), and only the RAI-A 
improved predictive accuracy beyond that of the NSQIP risk calculator (minimum Bayes factor = 
4.27 × 1013). Results were consistent in leave-one-out cross-validation.
CONCLUSIONS: Translation of frailty-related findings from research and quality improvement 
studies to clinical care and surgical planning will be aided by a consistent approach to measuring 
frailty with a multidimensional instrument like RAI-A, which appears to be superior to the mFI-5 
when predicting outcomes for inpatient noncardiac surgery. (Anesth Analg XXX;XXX:00–00)

KEY POINTS
• Question: What frailty instrument that is routinely used in surgical registry, data is most 

strongly associated with, and predictive of, postoperative morbidity and mortality?
• Finding: In this cohort study of noncardiac surgery patients, the risk analysis index had a higher 

probability of association and was more predictive of outcomes than the 5-item modified frailty 
index.

• Meaning: A multidimensional frailty instrument should be preferred over a comorbidity based 
instrument when assessing frailty before surgery.

GLOSSARY
ASA = American Society of Anesthesiologists; ASD = absolute standardized difference; BF = 
Bayes factor; CI = credible interval; COPD = chronic obstructive pulmonary disease; CPT = current 
procedural terminology; mFI-5 = 5-item modified frailty index; NSQIP = National Surgical Quality 
Improvement Program; OR = odds ratio; PUF = participant use file; RAI-A = risk analysis index-
administrative; SD = standard deviation; SIRS = systemic inflammatory response syndrome; SSI =  
surgical site infection; TRIPOD = transparent reporting of a multivariable prediction model for indi-
vidual prognosis or diagnosis
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Frailty is a syndrome related to accumulation of 
age- and disease-related deficits and increases 
the risk of adverse health outcomes.1,2 In surgi-

cal populations, frailty is associated with a ≥2-fold 
increase in the risk of morbidity and mortality3–5 and 
a ≥5-fold increase in the odds of nonhome discharge.6,7

Despite the strong and consistent associations 
reported between frailty and adverse outcomes, meth-
ods used to measure frailty are heterogeneous, which 
impedes the translation of frailty research in older 
surgical patients. Much of the surgical epidemiology 
relating to frailty uses data from the American College 
of Surgeons National Surgical Quality Improvement 
Program (NSQIP). Such studies typically quantify 
frailty using the 5-item modified frailty index (mFI-
5),8 which is based on the 70-item Canadian Study of 
Health and Ageing Study Frailty Index.9 However, 
despite showing a dose-response association with 
morbidity and mortality,9 the mFI-5 has significant 
limitations as a frailty index. Accumulating-deficit 
frailty indices require at least 30 variables10 reflect-
ing multiple domains understood to contribute to 
frailty11; in contrast, the mFI-5 has only 5 variables, 
with 4 of them indicating comorbidity status. As such, 
the mFI-5 is closer to a reduced comorbidity index 
rather than a frailty measure.12

The risk analysis index-administrative (RAI-A) is 
another frailty instrument measurable in NSQIP data 
(adapted from the minimum data set mortality risk 
index–revised). The RAI-A captures granular and 
multidimensional constructs reflecting frailty and, 
compared to the mFI-5, has many more possible val-
ues with which to quantify frailty.13 We, therefore, 
used NSQIP data to directly compare the mFI-5 and 
RAI-A to predict the risk of mortality and complica-
tions following noncardiac surgery. We used Bayesian 
methods to directly quantify the probability that (1) 
the RAI-A has a stronger association with postop-
erative outcomes than the mFI-5, (2) the RAI-A more 
accurately predicts outcomes than the mFI-5, and (3) 
the RAI-A increases the accuracy of outcome predic-
tion beyond the NSQIP risk calculator more than the 
mFI-5.14

METHODS
Design and Data Source
Ethical approval was granted (Ottawa Health 
Sciences Network Research Ethics Board 20160439-
01H), including a waiver for the need for written 
informed consent. We conducted a retrospective 
cohort study using prospectively collected data from 
the NSQIP participant use file. These data were col-
lected by trained nurse assessors at participating hos-
pitals using standardized definitions, techniques, and 
both local and central quality checks.15 A protocol was 
prespecified and registered (https://osf.io/n8xmg/), 

informed by methodological guidelines for prognos-
tic research16 and Bayesian analysis.17 Transparent 
reporting of a multivariable prediction model for 
individual prognosis or diagnosis (TRIPOD) guide-
lines informed reporting.18

Cohorts
Our primary cohort included adults having inpatient 
small or large bowel surgery (2010–2015). Although 
we were not developing novel prediction models, 
we wanted to test whether our findings generalized 
beyond our initial cohort. Therefore, we undertook 
an analysis similar to the internal–external valida-
tion procedure described by Steyerberg and Harrell19 
as an intermediary between internal validation  
(ie, split-sample or resampling methods) and true 
external validation. The validation cohort included all 
intermediate- and high-risk noncardiac procedures 
in 2016.20 Both cohorts were defined using current 
procedural terminology (CPT) codes (Supplemental 
Digital Content, Appendix 1, http://links.lww.com/
AA/D264).

Exposures
Preoperative frailty was measured using 2 methods. 
The mFI-5 was calculated as the sum of binomial indi-
cators for preoperative heart failure, diabetes, hyper-
tension requiring medication, chronic obstructive 
pulmonary disease or pneumonia, or nonindepen-
dent functional status (range 0–5).8 The RAI-A is the 
sum of points assigned for a combination of age and 
malignancy status, sex, weight loss, renal failure, heart 
failure, shortness of breath, prehospital nursing home 
residence, and degree of functional dependence (range 
0–81; Supplemental Digital Content, Appendix 2,  
http://links.lww.com/AA/D264).13 For both instru-
ments, a higher score indicated greater frailty.

The mFI-5 and RAI-A have both been analyzed in 
many formats (eg, continuous, categorical, and binary). 
Since we were interested in the performance of the 
overall frailty construct (as opposed to a specific cut-
off), and because of the extensive drawbacks from cat-
egorizing continuous predictors,21–23 primary analyses 
expressed the instruments in a continuous form.

Following recommendations for Bayesian model-
ing,24 all variables were standardized by centering 
them at the mean and dividing by twice their stan-
dard deviation (SD) to give each variable a mean of 
0 and an SD of 0.5. Standardizing permitted prior 
distributions to be appropriately scaled for all pre-
dictors. It also allowed measurement of effect sizes 
on a common scale, as the raw values of the mFI-5 
and the RAI-A differ substantially. However, we 
also expressed each frailty score as categorical vari-
ables with 0 as reference for the mFI-5 (6 levels) and 
the lowest RAI-A quintile as the reference (5 levels). 
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These transformations tested the impact of frailty 
instrument parameterization on our results.

Outcomes
The primary outcome was all-cause mortality within 
30 days of surgery. The secondary outcome was the 
occurrence of a serious complication within 30 days 
of surgery. Serious complications included cardiac 
arrest, myocardial infarction, pneumonia, progressive 
renal insufficiency, acute renal failure, pulmonary 
embolism, deep vein thrombosis, return to the operat-
ing room, deep incisional surgical site infection (SSI), 
organ space SSI, systemic sepsis, unplanned intuba-
tion, urinary tract infection, and wound disruption.

Statistical Analyses
Descriptive statistics were performed using SAS 9.4 
for Windows (SAS Institute, Cary NC). They com-
pared characteristics between people with a dichoto-
mized frailty status (0–15 vs ≥16 for the RAI-A, 0–1 vs 
2–5 for the mFI-5). Absolute standardized differences 
were computed for each variable with values exceed-
ing 0.10, indicating a substantial difference.25

Bayesian analyses were conducted using the 
R package “brms” (R Foundation for Statistical 
Computing, Vienna, Austria).26 A Bayesian analysis 
was used instead of a frequentist approach because it 
more closely aligned with our objectives. Frequentist 
analyses return P values, which quantify the like-
lihood that the study data (or more extreme data) 
would be observed over multiple study repetitions 
if the true difference between frailty instruments was 
exactly 0. In contrast, Bayesian analyses produce a 
posterior probability distribution reflecting the com-
bination of prior beliefs and the measured data to 
directly estimate the probability of observed associa-
tions given the data collected. These methods also 
allow the calculation of 95% credible intervals (CI), 
which describe an interval where there is 95% prob-
ability that the true parameter would be found, given 
the data and prior knowledge.

Bayesian logistic regression models were used. As 
recommended, prior distributions for the primary 
analyses were weakly informative to decrease the 
likelihood of estimating unrealistically large or small 
effects without having a substantive effect on regres-
sion parameters.27 Sensitivity analyses were conducted 
using prior distributions that were noninformative 
(ie, flat) or strongly informative (centered at an effect 
size equal to an odds ratio (OR) of 1.5; Supplemental 
Digital Content, Appendix 3, http://links.lww.com/
AA/D264). Adequate mixing of chains and autocorre-
lation were evaluated using visual plots and Geweke 
diagnostics for chain convergence.17,28 Specifically, we 
wanted to see that plots of the posterior distributions 
overlapped, that results within- and between-chains 

were similar, and that autocorrelation plots were 
relatively flat after several time lags. These ensured 
that the different chains estimating our models were 
estimating similar quantities but that the individual 
chains were not overly similar to chains originating at 
a similar time in the estimation process.

To estimate the probability that each frailty instru-
ment was associated with each outcome, we calculated 
the probability that its exponentiated regression coef-
ficient (ie, its OR) exceeded 1 (the null value), 1.5 (a 
moderate effect size), or 2 (a large effect size). Because 
Bayesian analyses produce a posterior distribution (ie, 
a distribution of values for each parameter that are 
plausible based on the prior distribution and the data 
analyzed), we were able to calculate the proportion of 
the posterior distribution that exceeded each of these 
threshold effect sizes. This reflected the probability that 
the effect was as large or larger than the threshold. For 
each outcome, we constructed models that included 
only the frailty instrument (unadjusted model), as well 
as the frailty instrument plus the NSQIP risk calcula-
tor variables (adjusted model; Supplemental Digital 
Content, Appendix 4, http://links.lww.com/AA/
D264). These models adjusted for procedure using a 
random intercept for each CPT code.

In addition to a posterior distribution for each 
model parameter, Bayesian models also generate 
posterior predictive distributions, which function as 
predictions of possible values for future data.24 To 
compare the relative predictive performance of each 
instrument, we used posterior predictive distribu-
tions to calculate Bayes factors (BF), which quantify 
the ratio of data probability given 1 model to data 
probability given a second model:

BF =
P M D
P M D
( | )
( | )

1
2

where P = probability, M1 = comparator model,  
M2 = reference model, and D = data.29 Therefore, BFs 
measure the relative predictive accuracy of 2 models 
based on how well the posterior predictive distribu-
tion matched the observed data. A BF = 1 suggests no 
difference between models, <1 suggests better predic-
tive performance in model 2 (the reference model), 
and >1 suggests better predictive performance in 
model 1 (the comparator model). Supplemental 
Digital Content, Appendix 5, http://links.lww.com/
AA/D264, provides a guide for BF interpretation.

BF were calculated for models predicting the out-
come based exclusively on the RAI-A versus exclu-
sively on the mFI-5. Marginal likelihoods across 
posterior predictive distributions were used to com-
pute BF using the bridge sampling method. These 
calculations were repeated after adjusting for NSQIP 
risk calculator variables to compare whether frailty 
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instruments improved the performance of existing 
approaches to risk stratification.

Sensitivity Analyses
Additional analyses were conducted to test the impact 
of varying the (1) frailty instrument parameteriza-
tion (ie, rerunning primary analyses using categori-
cal frailty scores); (2) prior distributions (ie, rerunning 
primary analyses with noninformative and strongly 
informative prior distributions); (3) surgical popula-
tions and years (ie, validating primary analyses in a 
mixed intermediate to high cardiac risk procedures); 
and (4) model comparison framework (ie, using BFs 
versus Pareto-smoothed importance sampling with 
leave-one-out cross-validation).30 Post hoc, we per-
formed a fractional polynomial analysis to determine 
the best fitting form of each instrument using the 
“mfp” package in R.

Sample Size and Missing Data
Our population included all available cases and was 
not based on a prespecified power calculation. No 
adjustment for multiplicity was required as a prespec-
ified Bayesian analysis is not subject to the concerns 
of multiplicity encountered with frequentist analysis. 

All exposure and outcome data were complete. We 
used single mean imputation in 3700 observations 
(7.3%) that were missing body mass index values to 
calculate the RAI-A (the mean value inputed was 30).

RESULTS
In the NSQIP dataset, we identified 50,630 individu-
als undergoing bowel surgery between 2010 and 2016. 
Mean (SD) values for the mFI-5 and the RAI-A were 
1.0 (1.0) and 8.7 (7.5), respectively; the Pearson cor-
relation coefficient between instruments was 0.387. 
Patient characteristics as a function of frailty varied 
by the instrument (Table 1).

Thirty-Day Mortality
All models converged had adequate, effective sam-
ple size (ie, there were adequate data available from 
the Markov chains to estimate the distributions), 
and did not suffer from substantive autocorrelation 
(Supplemental Digital Content, Appendix 6, http://
links.lww.com/AA/D264). Within 30 days of surgery, 
7066 (14.0%) of the cohort died. Both the mFI-5 and 
RAI-A were associated with mortality. As sole predic-
tors in the model, the probability of a nonzero asso-
ciation exceeded 99% for both frailty instruments. 

Table 1. Demographics Grouped by High and Low Frailty Scores

Characteristic
mFI-5 <2  

n = 37,311
mFI-5 ≥2  

n = 13,319 ASD
RAI-A <16  
n = 42,605

RAI-A ≥16  
n = 8025 ASD

Female 53.9 55 0.02 55.9 44.9 0.22
Elective surgery 14.7 19.3 0.12 14.9 21.3 0.17
Large bowel surgery versus small bowel 72.6 73.3 0.02 71.9 77.8 0.14
Diabetes mellitus 2.9 53.7 1.37 15.1 22.3 0.19
Hypertension 40.2 94.1 1.40 52.8 62.4 0.20
Heart failure 0.3 12 0.50 2.1 10.4 0.35
Dyspnea at rest 1.6 8.9 0.33 1.2 15.7 0.54
Moderate dyspnea 4.3 14.2 0.35 6.3 10.1 0.14
Smoker 20.6 20.2 0.01 21.1 17.6 0.09
COPD 2.6 34 0.89 9.6 25.8 0.43
Dialysis 2.2 8.3 0.28 2.6 9.9 0.31
Acute kidney injury 2.5 7.8 0.24 2.5 11.1 0.35
Metastatic cancer 7.4 6.3 0.04 0.4 43 1.21
Preoperative ventilation 4.3 13.25 0.32 4.6 17.5 0.42
SIRS 12.3 11.7 0.02 12.3 11.2 0.03
Sepsis 26.8 28.5 0.04 27.6 26.6 0.02
Septic shock 9.6 22.8 0.36 10.4 27.2 0.44
Ascites 3.9 5.6 0.08 3.5 9.5 0.25
Steroid 9.3 14.6 0.16 9.8 15 0.16
Independent functional status 95.5 62.6 0.88 94 48.8 1.16
Partially dependent 2.3 24.9 0.70 4.9 25.9 0.61
Totally dependent 1.2 11.3 0.43 0 24.4 0.80
ASA physical status ≤II 31.8 4 0.78 28.1 5.9 0.62
ASA physical status III 43.8 38.8 0.10 43.8 35.4 0.17
ASA physical status IV 21.9 50.1 0.61 25.3 50.4 0.54
ASA physical status V 2.5 6.7 0.20 2.8 8.3 0.24
Age <65 56.5 32.3 0.50 52.3 38.9 0.27
Age 65–74 20.4 28.4 0.19 22.4 23.3 0.02
Age 75–84 16.8 29.1 0.30 18.6 28 0.22
Age 85+ 6.2 10.2 0.15 6.7 10.1 0.12

All values represent % with characteristic.
Abbreviations: ASA, American Society of Anesthesiologists; ASD, absolute standardized difference; COPD, chronic obstructive pulmonary disease; mFI-5, 5-item 
modified frailty index; RAI-A, risk analysis index-administrative; SIRS, systemic inflammatory response syndrome.
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For the RAI-A, an increase of 2 SDs (eg, from 0 to 15 
points) was associated with a 2.61-fold increase in the 
odds of mortality (95% CI, 2.53-2.69). For the mFI-5, 
an increase of 2 SDs (eg, from 0 to 2 points) was asso-
ciated with a 3.00-fold increase in the odds of mortal-
ity (95% CI, 2.89-3.16).

Table  2 presents the probability of different 
strengths of association for both frailty instruments 
with 30-day death risk as a function of adjustment 
for NSQIP risk calculator and prior distribution. The 
probability that both mFI-5 and RAI-A (estimated 
separately) were associated with an OR exceeding 2.0 
(ie, a large effect size) was more than 99% regardless 
of whether a weakly informative, strongly informa-
tive, or noninformative prior distribution was used. 
After adjusting for the NSQIP risk calculator, how-
ever, there was a higher probability of association 
with 30-day death for the RAI-A than the mFI-5. The 
BF comparing unadjusted models having RAI-A ver-
sus mFI-5 (Table 3) was 1.85 × 10102. After adjusting 
for NSQIP risk calculator variables, the BF comparing 
models with RAI-A versus mFI-5 was 4.65 × 1014.

Only the RAI-A improved mortality risk prediction 
when added to the NSQIP risk calculation (Table 2). 
Compared to a model solely containing the NSQIP risk 
calculation, the NSQIP plus RAI-A greatly improved 
mortality risk prediction (BF = 4.27 × 1013). In contrast, 
a model with NSQIP + mFI-5 actually worsened mor-
tality risk prediction (BF = 0.10). Sensitivity analyses 
returned similar results, although categorized mFI-5 
provided weak evidence of improved fit compared to 
the NSQIP alone (BF = 2.29). The categorical RAI-A 
showed a superior fit than the mFI-5 categorical  
(BF = 7.64 × 105). Changes in prior distributions made 
no substantive difference in point or probability 

estimates (Tables 2 and 3); the proportion who died by cat-
egory of each instrument are provided in Supplemental 
Digital Content, Appendix 7, http://links.lww.com/
AA/D264. Results were entirely consistent when using 
leave-one-out cross-validation (Supplemental Digital 
Content, Appendix 8, http://links.lww.com/AA/
D264). For both frailty instruments, a linear form was 
identified as the best fitting polynomial.

Complications
A serious complication occurred in 19,545 individu-
als (38.6%). Models for complications required 4000 
additional iterations to achieve adequate conver-
gence and effective sample size. Before adjustment 
for NSQIP calculator variables, the RAI-A was asso-
ciated with complications (OR, 1.55, 95% CI, 1.52-
1.60), as was the mFI-5 (OR, 1.79, 95% CI, 1.73-1.84). 
The BF strongly suggested superior prediction in the 
unadjusted models by mFI-5 (Supplemental Digital 
Content, Appendix 7 and 8, http://links.lww.com/
AA/D264). After adjustment, however, effect sizes 
for both instruments were notably attenuated. Only 
the RAI-A had <95% probability of a nonzero associa-
tion with postoperative complications (Supplemental 
Digital Content, Appendix 9 and 10, http://links.
lww.com/AA/D264). While the BF for the RAI-A 
plus NSQIP decisively favored addition of the RAI-A, 
addition of the mFI-5 worsened predictions compared 
to the NSQIP alone.

Validation
In the validation cohort (Table 4, Supplemental Digital 
Content, Appendix 11, http://links.lww.com/AA/
D264), effect sizes were increased for the RAI-A and 
mFI-5, although the probability of association was 
unchanged for the RAI-A. BF favored the NSQIP plus 

Table 2. Mortality Effect Sizes and Probabilities of 
Association
   Probability of effect size

Model ORa 95% CI OR >1.0 OR >1.5 OR >2.0
Weakly informative prior
 RAI-A 2.61 2.53-2.69 >.99 >.99 >.99
 mFI-5 3.00 2.89-3.16 >.99 >.99 >.99
 RAI-A + NSQIP 1.63 1.46-1.82 >.99 .93 0
 mFI-5 + NSQIP 1.14 0.73-1.79 .73 .11 .01
Strongly informative prior
 RAI-A 2.61 2.53-2.72 >.99 >.99 >.99
 mFI-5 3.00 2.89-3.13 >.99 >.99 >.99
 RAI-A + NSQIP 1.63 1.46-1.84 >.99 .93 0
 mFI-5 + NSQIP 1.15 0.74-1.82 .72 .11 .01
Noninformative prior
 RAI-A 2.61 2.53-2.69 >.99 >.99 >.99
 mFI-5 3.00 2.89-3.16 >.99 >.99 >.99
 RAI-A + NSQIP 1.63 1.46-1.84 >.99 .94 0
 mFI-5 + NSQIP 1.13 0.75-1.75 .69 .1 0

Abbreviations: CI, credible interval; mFI-5; 5-item modified frailty index; NSQIP, 
National Surgical Quality Improvement; OR, odds ratio; RAI-A, risk analysis 
index-administrative.
aFor each change of 2 standard deviations (15 points for RAI-A, 2 points for 
mFI-5).

Table 3. Bayes Factors for Mortality
Comparator model Reference model Bayes factora

Weakly informative prior  
 RAI-A mFI-5 1.85 × 10102

 RAI-A + NSQIP NSQIP 4.27 × 1013

 mFI-5 + NSQIP NSQIP 0.1
 RAI-A + NSQIP mFI-5 + NSQIP 4.65 × 1014

Strongly informative priors  
 RAI-A mFI-5 1.82 × 10102

 RAI-A + NSQIP NSQIP 3.79 × 1037

 mFI-5 + NSQIP NSQIP 0.1
 RAI-A + NSQIP mFI-5 + NSQIP 3.70 × 1038

Noninformative priors
 RAI-A mFI-5 1.82 × 10102

 RAI-A + NSQIP NSQIP 1.96 × 1014

 mFI-5 + NSQIP NSQIP 0.66
 RAI-A + NSQIP mFI-5 + NSQIP 3.25 × 1014

Abbreviations: mFI-5, 5-item modified frailty index; NSQIP, National Surgical 
Quality Improvement Program; RAI-A, risk analysis index-administrative.
aA Bayes factor is the ratio of the probability of the data for the comparator 
model to the probability of the data given in the reference model; therefore, a 
result >1 signifies that the comparator model provides a better fit, results <1 
signify that the reference model provides a better fit.
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RAI-A over the NSQIP alone, but the NSQIP alone 
over the NSQIP plus mFI-5.

DISCUSSION
In this retrospective cohort study using prospectively 
collected surgical data, we found convincing evidence 
that the RAI-A is superior to the mFI-5 for predict-
ing mortality and serious complications in bowel 
and mixed noncardiac surgeries. Using Bayesian 
methods, we consistently found that with or without 
adjustment for a robust set of preoperative variables, 
the probability that models containing the RAI-A 
provided a better fit to the data than the mFI-5 was 
at least thousands of times higher. Furthermore, the 
RAI-A, but not the mFI-5, consistently improved out-
come prediction when added to the NSQIP calcula-
tor. Therefore, together with the fact that the construct 
underlying the RAI-A is more consistent with consen-
sus definitions of frailty,31 we strongly suggest that 
future research and quality improvement initiatives 
using the NSQIP employ the RAI-A and not the mFI-5 
when analyses regarding frailty are conducted.

Frailty is a key risk factor when considering sur-
gery for older people, with most studies reporting 
associations in excess of a 1.5-fold increase in the risk 
of morbidity and mortality,4,32,33 and 5-fold increases 
in the odds of losing independence.6,7 Data from our 
study are consistent with these findings; we estimated 
a >99% probability that on their own, the RAI-A and 
mFI-5 are associated with an increased risk of mortal-
ity and complications. However, our data suggest that 
the RAI-A is more likely to provide unique informa-
tion for risk prediction. Independent of other variables 
known to be strong predictors of mortality, we found 
a 99% probability of a nonzero association between 
the RAI-A and 30-day death risk. In contrast, the prob-
ability that the mFI-5 was associated with mortality 
was only 73% after adjustment for other predictors. 
The fact that the components of the RAI-I reflect the 

multidimensional nature of frailty,31 in contrast to the 
comorbidity-oriented mFI-5, may explain this finding.

In addition to evidence that the RAI-A was more 
strongly associated with mortality and complica-
tions, we also found that the RAI-A more accurately 
predicted outcomes than the mFI-5. This is a novel 
finding that addresses an important knowledge gap. 
Unfortunately, few studies directly compare different 
frailty instruments.34 Most pertinent to the current 
study, Hall et al13 compared the mFI-11 to the RAI-A 
and found minimal differences in discrimination (ie, 
area under the curve [the probability that someone 
with a higher predicted risk actually experiences the 
outcome]) when predicting death or complications. 
However, among other limitations, as a measure of 
predictive accuracy, discrimination is insensitive 
to changes in model performance.35,36 Furthermore, 
calibration (agreement between observed and pre-
dicted outcome rates) and gold-standard model fit 
comparisons for frequentist analysis (such as the log-
likelihood test) were not computed.35,37,38 In our study, 
using a Bayesian approach to model assessment 
(which compares the posterior predictive distribution 
[ie, the expected outcomes given the model and asso-
ciated uncertainty] to the actual outcomes [and there-
fore has similarities to calibration or a proper scoring 
rule]),24,37,39 strong and consistent evidence suggests 
that the RAI-A has thousands of times higher prob-
ability of accurately predicting outcomes than the 
mFI-5. This finding was consistent across procedure 
groups and after adjustment for known predictors.

That the RAI-A substantially increased the prob-
ability of a better model fit when added to NSQIP 
risk calculator, whereas the mFI-5 provided a worse 
fit than the NSQIP calculator alone, further supports 
the assertion that the construct of the RAI-A more 
accurately reflects multidimensional frailty than does 
the mFI-5. As the computation of the posterior predic-
tive probabilities used to calculate BFs penalizes more 
complex models that do not provide information 
more valuable than the complexity incurred, this sug-
gests that the mFI-5 simply did not provide important 
new data to support accurate outcome prediction. In 
other words, making a model more complex through 
adding variables largely already incorporated in the 
baseline model (as most components of the mFI-5 are 
in the NSQIP risk calculator) is unlikely to improve 
performance. Translated into the clinical context, 
these data suggest that added value from guideline-
recommended frailty assessment is likely only to be 
realized using instruments that capture the multidi-
mensional nature of frailty. Familiarity and ease of 
computation may currently explain the preferential 
use of the mFI-5 over the RAI-A in studies of NSQIP 
data (75% greater use according to our structured 
review40); therefore, knowledge translation strategies 

Table 4.  Validation Effect Sizes and Probabilities of 
Association
   Probability of effect size

Model ORa 95% CI OR >1.0 OR >1.5 OR >2.0

30-d mortality
 RAI-A 3.63 3.39-3.90 >.99 >.99 >.99
 mFI-5 3.06 2.77-3.39 >.99 >.99 >.99
 RAI-A + NSQIP 1.85 1.42-2.44 >.99 .94 .3
 mFI-5 + NSQIP 2.1 0.14-31.19 .72 .61 .52
Serious complications
 RAI-A 1.68 1.63-1.73 >.99 >.99 0
 mFI-5 1.63 1.58-1.68 >.99 >.99 0
 RAI-A + NSQIP 1.32 1.19-1.48 >.99 .01 0
 mFI-5 + NSQIP 1.39 0.10-21.98 .6 .47 .39

Abbreviations: CI, credible interval; mFI-5, 5-item modified frailty index; NSQIP, 
National Surgical Quality Improvement Program; OR, odds ratio; RAI-A, risk 
analysis index-administrative.
aFor each change of 2 standard deviations (15 points for RAI-A, 2 points for 
mfi-5).
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may include active dissemination and confirmation 
of our findings, as well as consideration of calcula-
tion and inclusion of the RAI-A in future releases of 
NSQIP participant use file data.

Strengths and Limitations
The strengths and limitations of our study should be 
considered. Our analyses were prespecified in a regis-
tered protocol that specified outcomes, analyses, and 
choice of prior distributions; all of which can both influ-
ence BF estimation and are often said to make Bayesian 
analyses too subjective. Furthermore, we conducted 
extensive sensitivity analyses, including varied prior 
distributions, and found consistency in our results. 
This included an “internal–external” validation step,19 
where analyses were rerun in a temporally and proce-
durally distinct cohort to confirm generalizability.

However, limitations also exist. We cannot esti-
mate the generalizability of our results to non-NSQIP 
hospitals, and the RAI-A and mFI-5 were specifically 
derived for NSQIP data. Our analyses were limited 
to inpatient noncardiac surgeries; generalization 
to cardiac and ambulatory surgical populations is 
required. Although we prespecified parameterizing 
both frailty instruments continuously, in keeping with 
recommendations for reducing bias and overfitting in 
prediction models, our data suggest that the mFI-5 
provides a better model fit as a categorical variable. 
That said, even categorically expressed, the RAI-A 
had a 300,000-fold higher probability of fitting our 
data than did the categorical mFI-5. Furthermore, our 
analyses could compare only the relative performance 
of the RAI-A and mFI-5; we are unable to provide 
further insights into comparisons with other frailty 
instruments. As the RAI-A may not be easily used in 
clinical practice, users could consider other clinically 
oriented tools shown to be as, or more accurate than, 
complex instruments (eg, the clinical frailty scale).34

CONCLUSIONS
Frailty is a key prognostic factor in older surgical 
patients that must be addressed to improve outcomes 
in our aging surgical population. When operational-
izing frailty in research and quality improvement set-
tings, our data suggest that the RAI-A substantially 
out-performs the mFI-5 and provides unique prog-
nostic data beyond that captured by the NSQIP uni-
versal risk calculator. E
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