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Abstract

Purpose: De-implementation of low-value services among patients with limited life expectancy 

is challenging. Robust mortality prediction models using routinely collected healthcare data can 

enhance healthcare stakeholders’ ability to identify populations with limited life expectancy. We 

developed and validated a claims-based prediction model for five-year mortality using regularized 

regression methods.

Methods: Medicare beneficiaries age ≥66 with an office visit and at least 12-months of pre-visit 

continuous Medicare A/B enrollment were identified in 2008. Five-year mortality was assessed 

through 2013. Secondary outcomes included 30-, 90-, 180-day and one-year mortality. Claims-

based predictors, including comorbidities and indicators of disability, frailty, and functional 

impairment, were selected using regularized logistic regression, applying the least absolute 

shrinkage and selection operator (LASSO) in a random 80% training sample. Model performance 

was assessed and compared with the Gagne comorbidity score in the 20% validation sample.

Results: Overall, 183,204 (24%) individuals died. In addition to demographics, 161 indicators of 

comorbidity and function were included in the final model. In the validation sample, the c-statistic 

was 0.825 (0.823, 0.828). Median predicted probability of five-year mortality was 14%; almost 4% 

of the cohort had a predicted probability >80%. Compared to the Gagne score, the LASSO model 

led to improved five-year mortality classification (net reclassification index=9.9%; integrated 

discrimination index=5.2%).

Conclusions: Our claims-based model predicting five-year mortality showed excellent 

discrimination and calibration, similar to the Gagne score model, but resulted in improved 
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mortality classification. Regularized regression is a feasible approach for developing prediction 

tools that could enhance healthcare research and evaluation of care quality.
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Introduction

Efficient use of limited healthcare resources is key to controlling healthcare costs. 

Healthcare cost control includes de-implementation of unnecessary services that do not 

enhance patient outcomes.1 One approach to achieve efficient healthcare utilization is to 

decrease the use of low-value services, such as those identified by Choosing Wisely.2 

Another approach is to decrease overuse of high-value services among patients who are 

unlikely to benefit. For example, individuals with limited life expectancy may not live long 

enough to benefit from an intervention and may experience net-harm.3–6 Services for which 

the benefits accrue over long periods of time (e.g., colonoscopy,7–9 cancer screening,10–12 

statin therapy for primary prevention,13 cancer treatment14–17) are typically considered low-

value in people with limited life expectancy.

Addressing overuse of low-value healthcare services in people with limited life expectancy 

is challenging. There is significant uncertainty when estimating life expectancies and the 

net-benefit of services for individual patients. In clinical practice, physicians support the 

exclusion of frail older adults from colorectal cancer screening and do not want to screen 

someone who would not be able to tolerate treatment, but also do not want to miss a 

treatable cancer.18,19 Researchers and payers are also interested in quantifying and 

evaluating utilization of low-value services and their impacts on population-level costs and 

health outcomes.20,21 Therefore, standardized, quantitative, robust risk prediction tools are 

needed to assist a variety of healthcare stakeholders in the identification and potential de-

implementation of low-value services in subpopulations with limited life expectancy.

Several clinical mortality prediction models have been developed that require active 

collection of information about clinical (e.g., comorbid diseases) and functional (e.g., 

activities of daily living) health directly from patients or providers.22–24 Given the busy 

clinical environment, adoption of these models has been low.25 An alternative approach for 

risk prediction focuses on the use of existing data sources such as electronic health records 

(EHRs) or administrative claims data, which draw upon passive data generation processes. 

Several claims-based mortality prediction models exist and have demonstrated good 

predictive performance;26 however, these models include only comorbid conditions as 

potential predictors. Thus, more refined claims-based mortality prediction models that 

include additional dimensions of health including disability, frailty, and functional 

impairment may enhance predictive performance.

The purpose of this study was to develop and internally validate a claims-based risk 

prediction model for five-year mortality among North Carolina Medicare beneficiaries. The 

long-term goal of this work is to improve the performance of risk prediction models to better 

inform and guide research, quality improvement, and de-implementation efforts. We used 
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regularized regression to build a five-year mortality prediction model in Medicare claims, 

incorporating indicators of comorbidity, disability, frailty, and functional impairment. We 

also sought to compare the performance of this model with an existing claims-based 

comorbidity score24 shown to improve upon two standard comorbidity measures.27,28

Methods

Data Source

This study utilized Medicare enrollment and claims data from North Carolina from 2007–

2013. Medicare enrollment files contain information about individuals’ demographics, 

eligibility, coverage, and vital status (through December 31, 2013). Medicare Part A 

(hospital insurance) and Part B (medical insurance) claims are recorded for the purposes of 

reimbursement and contain information about diagnoses and procedures performed during a 

healthcare encounter.

Study Population

We identified a cohort of adults age 66 years or older who had an office visit in 2008 (index 

date), allowing for a full five years of mortality follow-up (through 2013) and at least 12-

months of continuous Medicare Parts A/B enrollment prior to their index date. This cohort 

was anchored to an office visit to ensure the capture of a minimum amount of healthcare 

information. The 12-month period prior to the index date was used to capture all potential 

claims-based predictor variables. Individuals with a hospice claim during the 12-month 

baseline period or the index month were excluded, as these individuals had a determination 

of limited life expectancy.

Measures

Outcome Variables—The primary outcome was five-year all-cause mortality, defined 

using vital status ascertained from Medicare enrollment files as of December 31, 2013. 

Secondary outcomes included 30-, 90-, and 180-day and 1-year all-cause mortality.

Potential Predictor Variables—Potential predictor variables included demographics and 

benefit eligibility, comorbidities, or indicators of frailty, disability, and functional 

impairment as described below.

Demographics and beneficiary information—Age at the index date, sex, race (black, 

white, other), dual-eligibility (ever enrolled in NC Medicaid in the 12-months prior to the 

index date), and benefit eligibility due to end-stage renal disease were assessed from 

enrollment files. Age was modeled continuously, including a squared and cubic term.

Comorbidities—We considered the 17 comorbid conditions included in the Romano 

adaptation of the Charlson comorbidity index,27,29,30 and the 30 conditions from the 

Elixhauser comorbidity classification system.28 When overlap between the two comorbidity 

groupings occurred, the more inclusive definition was used, as in Gagne et al.24 In total, 37 

comorbid conditions were included. Comorbid conditions were defined by observing at least 

one International Classification of Diseases, Clinical Modification, 9th Edition (ICD-9) code 
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on any claim occurring within the 13 months prior to the index date (including the index 

month).

Indicators of frailty, disability, or functional impairment—Since comorbid 

conditions capture only one dimension of health in older adults,31 we also considered 

Medicare claims-based predictors of frailty, disability, and functional impairment.32–34 

Faurot and colleagues identified 41 potential indicators of frailty, based on theory, to develop 

a claims-based model of frailty.32 Davidoff and colleagues identified 112 potential indicators 

to develop a claims-based model of poor performance or disability status.33 Finally, 

Chrischilles and colleagues identified 24 function-related indicators related to poor 

prognosis in older adults that were distinct from comorbid conditions included in the 

common indices.34 We assessed overlap between these potential predictors and merged 

indicators that were largely overlapping, resulting in 151 unique indicators. Each of these 

indicators was defined as present or absent, requiring at least 1 ICD-9 diagnosis or 

procedure code or CPT/HCPCS code within the 12 months prior to the index date. These 

codes could appear on any inpatient, outpatient, skilled nursing, home health, or durable 

medical equipment claim, except indicators from Davidoff, which were derived only from 

physician, and durable medical equipment claims.

We further assessed overlap between the frailty, disability, and functional impairment 

indicators and the 37 comorbidities above, resulting in a total of 176 predictors. Including 

demographic and beneficiary characteristics above, 184 unique candidate predictors were 

considered for inclusion in the model building phase.

Statistical analysis

The total eligible cohort was randomly split into training (80%) and validation (20%) 

samples. Descriptive statistics for all predictors were reported by cohort. The training 

sample was used for model selection, and the validation sample was used to determine 

model performance and avoid overfitting.

Model selection—To build the predictive model, we used regularized regression based on 

the least absolute shrinkage and selection operator (LASSO).35 This approach performs both 

variable selection and regularization and avoids issues of multicollinearity and overfitting. 

LASSO regression specifically penalizes parameter estimates generated using L1 

penalization that has the effect of shrinking the estimates towards zero, introducing some 

bias in order to decrease prediction variance. This penalization results in a reduction of the 

mean squared prediction error. We applied the LASSO algorithm (using the glmnet R 

package)36 to a logistic regression model predicting five-year mortality and used ten-fold 

cross-validation to select the optimal value for regularization. Model intercept and parameter 

estimates from the final selected model are reported in the Appendix.

Model validation—We applied the LASSO model selected in the training cohort to the 

validation cohort. Predicted probabilities of five-year mortality were generated for each 

individual. The distribution of predicted probabilities was described in the validation sample. 

We also report the area under the receiver operating characteristic (ROC) curve or the c-
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statistic and 95% confidence intervals (CIs). Calibration of the final model was visually 

assessed by comparing the observed and predicted probabilities of five-year mortality.

Comparison with the Gagne score model—We further compared the performance of 

the LASSO model with the Gagne score (including age and sex).24 The Gagne score was 

selected as a comparison model, as it has been shown to be superior to both the Charlson 

comorbidity index27,30 and the Elixhauser comorbidity classification system28 when 

predicting one-year mortality. We plotted the ROC curves and reported c-statistics for each 

model when predicting 30-, 90-, and 180-day and one-year all-cause mortality. For 

reference, we also reported the ROC curve and c-statistics for a base model including age 

and sex alone. To highlight the clinical impact of these c-statistics, we also report the 

number needed to treat (NNT) using established thresholds.37

Because even small changes in the c-statistic of a new model can result in benefits in terms 

of both confounding control38 and improved classification,39,40 we also computed 

reclassification statistics comparing the LASSO model with the Gagne score. We used two 

metrics, the net reclassification index (NRI) and the integrated discrimination improvement 

(IDI), to determine classification improvement attributable to the LASSO model.41 The NRI 

indicates the proportion of patients correctly reclassified by a new model compared with an 

existing or standard model, while the IDI indicates the change in difference in average 

predicted probabilities between those who died and those who did not in a new and existing 

model. For our analysis, positive numbers for both the NRI and the IDI indicate that the 

LASSO model performed better than the Gagne model in discriminating five-year mortality. 

These measures (NRI and IDI) provide complimentary information to the c-statistic, 

indicating the marginal strength of the new model to the existing model and the 

discrimination slope, respectively.41,42 Calibration of the Gagne score was also plotted.

In sensitivity analyses, we re-estimated the weights for the Gagne score in the training 

sample data and used this re-estimated model for comparison.

All statistical analyses were conducted using SAS version 9.4 (SAS Institute, Inc., Cary, 

NC) and R (R Core Team, 2016).43 This study was approved by the Institutional Review 

Board at the University of North Carolina at Chapel Hill.

Results

The study population consisted of 773,748 North Carolina Medicare beneficiaries age 66 

years or older who met all inclusion criteria (see Figure 1, Appendix). Characteristics of the 

training and validation samples were nearly identical (Table 1) with an average age at office 

visit of 75 years, 60% female, predominantly white, and 14% with dual Medicare/Medicaid 

eligibility. The median Gagne combined comorbidity score was 0. In total, 24% of the 

training (n=146,701) and validation (n=36,503) samples died within the five-year study 

period.
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Model development and validation

The prevalence of all 184 potential predictor variables are presented along with the 

parameter estimates for the 166 predictor variables selected via LASSO for the final model 

(see Appendix, Table 1) based on the training cohort. In addition to older age and male sex, 

the most influential variables positively associated with five-year mortality included: 

metastatic cancer (OR=4.16), end stage renal disease beneficiary status (OR=4.11), 

Parkinson’s disease (OR=1.95), dementia/delirium (OR=1.71), heart failure (OR=1.59), liver 

disease (OR=1.55), and home oxygen (OR=1.54). The most influential variables inversely 

associated with five-year mortality included: major breast surgery (e.g., mastectomy, 

OR=0.52), orthopedic surgery (e.g., knee replacement, OR=0.55), and lithotripsy (a surgical 

procedure to destroy kidney stones, OR=0.67).

The c-statistic for the LASSO model estimated using the validation sample was 0.825 (95% 

CI: 0.823, 0.828). Using the parameter estimates from the LASSO model, we computed 

predicted probabilities of five-year mortality for everyone in the validation sample; the 

distribution of these probabilities is presented in Figure 1 (median=0.14; interquartile range: 

0.08–0.32). More than 36% of the study population had a predicted probability of dying 

within five years of <10%, whereas more than 4% had a predicted probability of dying 

within five years of >80%. The proportion of individuals who died within five years closely 

corresponded to the proportion predicted to die within five-years based on the LASSO 

model (Figure 1). Predictions among the highest-risk individuals were slightly 

overestimated.

Comparison with the Gagne score and base model

ROC curves for predicted five-year mortality demonstrate that compared to the base (c-

statistic=0.722) and Gagne (c-statistic=0.797) models, the LASSO model resulted in 

improved five-year mortality prediction (Figure 2) and at each of the secondary time-points 

(Table 2). The Gagne model also showed good calibration, but with slight overestimation 

among the highest risk individuals (Appendix, Figures 2A– B). Overall, the c-statistics for 

both the LASSO model and the Gagne score model translate into a number needed to treat 

of <2, indicating both models have excellent discriminative performance, according to 

established thresholds.37

For reclassification analyses, we first selected cut-points based on previously used 

methods24 selecting the average predicted probability of five-year mortality in: (1) those 

who died and (2) those who survived using the Gagne score model, which were 0.42 and 

0.18, respectively. Using these cut-points, we cross-classified people according to the Gagne 

model and the LASSO model, and further stratified by vital status at five-years (Table 3).

Among those who died within five years, 2543 individuals (7.0%) had improvement in their 

classification using the LASSO model compared to the Gagne model. Among those who 

survived the five-year period, 3488 individuals (2.9%) had improvement in their 

classification using the LASSO model compared with the Gagne model. Taken together, the 

LASSO model resulted in an NRI for five-year mortality of 9.9% reclassified, which 

translates into 6031 individuals or 4.0% of the validation cohort. For the integrated 
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discrimination index (IDI), or the discrimination slope, the average predicted probability of 

dying among those who died was higher for the LASSO model (45.3%) compared with the 

Gagne model (41.3%). Similarly, the predicted probability of dying among those who did 

not die was lower for the LASSO model (16.9%) compared with the Gagne model (18.1%). 

This resulted in an overall IDI of 5.2%, further confirming improvement in classification 

with the LASSO model. Sensitivity analyses using the re-calibrated Gagne score generated 

similar results with an NRI of 9.0% and IDI of 4.7% (Appendix, Table 3).

A reference list of codes for the final predictors is available in the Appendix (see Table 4). 

Additional documentation and SAS and R code for the final predictive model is available 

upon request.

Discussion

Using regularized regression methods, we developed and validated a claims-based model to 

predict five-year mortality among older Medicare beneficiaries with excellent discrimination 

and calibration. Compared to the Gagne score, our Medicare claims-based prediction model 

had similar discriminative performance, as measured by the c-statistic; however, it also 

resulted in improved classification of mortality, which can be important for further 

separating high- and low-risk patients.39

Regularized regression can be useful for generating accurate predictions in big data settings, 

where the number of potential predictors is large. These methods avoid overfitting, which 

can hamper performance when applied to external data.35,44 Given the increasing use of 

Medicare claims data to study the effects of medical interventions on health outcomes in 

older adults, healthcare stakeholders can leverage this model to better control for 

confounding by an individuals’ predicted risk of death, but also understand whether 

intervention effects are modified by this underlying mortality risk.

Healthcare payers, including the Center for Medicare and Medicaid Services (CMS), could 

use our model to develop or augment existing quality metrics benchmarking the use of low-

value services. Our model identified almost 5% of the Medicare sample with an 80% chance 

or higher of dying within five years. This population would be unlikely to benefit from 

certain services that require extended (e.g., > five years) life expectancy.45 Thus, health 

plans that report high utilization rates for these services in subgroups with high predicted-

mortality may be flagged for targeted quality improvement. On the other hand, more than 

36% of the study population had a very low predicted probability of dying within five years 

(i.e., <10%). These people are likely to be healthy with substantial life expectancies and 

would thus benefit from interventions requiring substantial lag-time.

Our model may also be useful for characterizing the population at high-risk of receiving 

low-value care. Currently, there is no uniform approach for defining low-value care, which 

has impeded de-implementation efforts. For example, in colon cancer screening, low-value 

care has been defined as screening among individuals with advanced cancer,46 those in the 

top tertile of comorbidities among veterans,47 and average-risk individuals undergoing too-

frequent repeat colonoscopies.8 Our model showed that metastatic cancer and end-stage 

Lund et al. Page 7

Pharmacoepidemiol Drug Saf. Author manuscript; available in PMC 2020 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



renal disease were the strongest drivers of five-year mortality; populations with these 

conditions may be particularly at-risk of receiving potentially low-value care.

The performance of our claims-based model opens the door to future opportunities to 

improve clinical care using EHR data. We and others have proposed individualized decision-

making in clinical practice for older adults to maximize benefits and minimize harms from 

healthcare interventions.3,48,49 Unfortunately, the uptake of these prognostic models22,23,50 

and decision support tools has been limited.51 Another approach to de-implementing low-

value care would be excluding patients who are unlikely to live long enough to benefit from 

interventions, providing an opportunity to systematically address net-harm for patients with 

limited life expectancy. This approach is consistent with a threshold approach to clinical 

decision-making, where clinicians no longer pursue interventions likely to cause net harm.
18,19,52–54 Further work extending these methods to EHR data, determining relevant 

threshold cut-points,55 and integrating informatics tools within the EHR system directly may 

provide opportunities to enhance targeted de-implementation efforts.

Limitations to our study should be noted. Medicare claims data are generated for 

reimbursement purposes, and lack clinical detail which limits their utility to inform patient-

level decision-making. However, claims are often used by healthcare stakeholders to 

evaluate overall quality and benefits and harms of services among beneficiaries. Thus, this 

claims-based model provides an additional tool to augment and develop new quality 

measures to monitor the use of potentially low-values services in populations with limited 

predicted life expectancy. Although automated methods including regularized regression can 

generate prediction models with excellent discrimination and calibration, this performance 

often comes at a cost.44 Our five-year mortality prediction model included >160 variables, 

rendering routine calculation of individuals’ predicted risk by a physician infeasible. Instead, 

embedding such a model on the backend of an EHR system and pre-populating data prior to 

a patient visit is likely the best way to encourage uptake. Furthermore, the reclassification 

statistics in this analysis used empirically-defined cut-points rather than those based on 

clinical relevance, which may influence their ultimate utility for decision-making. Finally, 

our study is limited to North Carolina residents insured by Medicare who had an office visit. 

Future efforts will evaluate model performance in a nationwide Medicare sample using more 

contemporary data to assure broad generalizability.

Conclusion

We demonstrated improvement in the predictive performance of a new Medicare claims-

based model over an existing model when predicting five-year mortality among beneficiaries 

≥66 years old. This model also improved classification of death within five years, an 

important step toward developing de-implementation strategies for low-value services 

among people with limited life expectancy. In the future, CMS could use this five-year 

mortality prediction model to inform quality measures identifying potential overuse of 

specific health services and to guide quality improvement projects. However, we also 

anticipate that extensions of this method and our approach can be developed for use in 

clinical care settings using EHR data.
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Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Key points:

1) Regularized regression methods can be used to improve the prediction of mortality 

among older adults, 2) Medicare claims data contain information about comorbidities and 

other indicators of disability, frailty, and functional impairment that be used to develop 

prediction models, and 3) A new Medicare claims-based five-year mortality prediction 

model, selected using regularized logistic regression, demonstrated improved 

classification of mortality at five years compared with a widely used claims-based 

comorbidity score, the Gagne combined index.
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Figure 1. Observed and predicted 5-year mortality in validation sample (n=154,750).
The left vertical axis reports the proportion of the validation sample included in each of the 

categories of predicted probability of 5-year mortality (horizontal axis). The right vertical 

axis reports both the observed and predicted probabilities of 5-year mortality.
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Figure 2. Receiver operating curves comparing three predictive models of 5-year mortality in the 
validation sample (n=154,750).
All models are adjusted for age (using polynomials) and sex. C-statistics for the age-sex 

model (red), Gagne model (blue), and LASSO model (black) were 0.722, 0.797, and 0.825, 

respectively.
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Table 1.

Characteristics of the training (n=618,998) and validation (n=155,750) cohorts

Training (N= 618,998) Validation (N= 154,750)

n % n %

Died within 5 years 146,701 24 36,503 24

Age, years (mean, SD)

 Age Categories 75.26 7.24 75.26 7.23

 66–69 167,007 27 41,886 27

 70–74 154,148 25 38,224 25

 75–79 126,396 20 31,814 21

 80–84 94,101 15 23,514 15

 85+ 77,346 13 19,312 12

Sex

 Male 249,390 40 62,100 40

 Female 369,608 60 92,650 60

Race

 White 526,374 85 131,804 85

 Black 82,382 13 20,416 13

 Other 10,242 2 2,530 2

Medicare/Medicaid dual eligibility
a 86,672 14 21,556 14

Gagne combined score
a
 (median IQR)

0 (0, 2.0) 0 (0, 2.0)

Healthcare utilization
a

 Nursing home visit 30,103 5 7,506 5

 Hospital visit 99,967 16 24,867 16

 Emergency room visit 139,291 23 34,910 23

 Home visit 1,428 0.2 339 0.2

Abbreviations: SD=standard deviation; IQR=interquartile range

a
Measured in the 12-months prior to the month of the qualifying office visit.
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Table 3.

Reclassification table indicating improvement
a
 in five-year mortality prediction for the LASSO model 

compared with the Gagne model in the validation sample (n=155,412)

Beneficiaries who died within 5-years

LASSO Model

Gagne Model

Predicted 5-year mortality <18% 18%−42% >=42% Total

<18% 5758 2281 288 8327

18%−42% 1794 6523 3819 12136

>=42% 120 1931 13989 16040

Total 7672 10735 18096 36503

Beneficiaries who survived >5-years

LASSO Model

Gagne Model

Predicted 5-year mortality <18% 18%−42% >=42% Total

<18% 72567 6814 259 79640

18%−42% 9870 15599 3031 28500

>=42% 386 3336 6385 10107

Total 82823 25749 9675 118247

All beneficiaries

LASSO Model

Gagne Model

Predicted 5-year mortality <18% 18%−42% >=42% Total

<18% 78325 9095 547 87967

18%−42% 11664 22122 6850 40636

>=42% 506 5267 20374 26147

Total 90495 36484 27771 154750

a
For people who died (top section of table), improvement in classification was defined as: the number of people who moved upwards (i.e., to a 

higher predicted probability group) from the Gagne model to the LASSO model (grey cells) subtracted from the number of people who moved 
downwards (i.e., to a lower predicted probability group) from Gagne model to LASSO model (peach cells) divided by all patients who died 
[((2281+288+3819)−(1794+120+1931))/36503 = 2543/36503 = 7.0%]. For people who survived (top section of table), improvement in 
classification was defined as: the number of people who moved downwards (i.e., to a lower predicted probability group) from Gagne model to 
LASSO model (peach cells) subtracted from the number of people who moved upwards (i.e., to a higher predicted probability group) from Gagne 
model to LASSO model (grey cells) [((9870+386+3336)−(6814+259+3031))/118247 = 3488/118247 = 2.9%]. The net reclassification index (NRI) 
is the net improvement in classification of people who died and survived, which was 7.0%+2.9%=9.9%.
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