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Abstract 

Background: Readmission after a hospitalization is a quality metric because it represents a potentially preventable event. For patients 

with heart failure (HF), all cause readmission (ACR) rates at 30 days are high in the Medicare population (24.4%) as well as in the 

Veterans Health Administration (VA)(24.5%).  Risk prediction tools have been developed for the general patient population as well as 

for HF but their ability to predict readmission is generally poor with C-statistic .in the .60-.70 range. 

Methods. Medical records for patients with an index HF hospitalization between September 2007 and October 2010 were reviewed 

for the presence of 15demographic and clinical risk predictors, the majority of which were from a VA Readmission Risk Calculator. 

Additional variables specific to HF population were added to the risk calculator and included ejection fraction, substance abuse, and 

Black race. Binary and multiple logistic regression models were used to predict 30-day ACR. C-statistic was calculated to assess how 

good the model is in predicting who will be readmitted.  

Results. The patients studied were mostly male (98%), black (73.1%), and averaged 68 years old (SD 13.2). Of the 271 patients, 79 

(29%) had at least 1 readmission; 8.1% had >1 readmission within 30 days of discharge. In bivariate logistic regression, patients with 

Creatinine > 2 were more than two times more likely to be readmitted (OR=2.35: 95% CI 1.32, 4.19). Patients with COPD had a 

similar likelihood of readmission (OR=2.36; 95% CI 1.25, 4.47), as did patients with renal failure (OR=2.41; 95% CI 1.25, 4.62). 

Black race, an added HF specific variable, had a significant influence on the likelihood of readmission (2.60; 95% CI 1.31, 5.16).  In 

multivariate logistic regression with all of the predictors, only COPD (OR=2.70; 95% CI 1.32-5.52) and Black race (OR=2.07; 95% 
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CI .97, 4.37) significantly predicted readmission. The C-statistic for the original model was .52, and improved only to .61 with the 

additional variables. 

Conclusion. The VA IPEC Readmission Risk Calculator derived in a medical-surgical population does not predict all-cause 30-day 

ACR after an index heart failure hospitalization. The addition of HF specific variables also did not improve the model. The study was 

limited by small sample size and use of a non-heart failure specific model. A future implication is that a heart-failure specific model 

with better C statistics could be tested and potentially be integrated into an electronic medical record so that an alert with an automated 

risk score could be developed and implemented. The impact of interventions based on risk assessment an open field of investigation. 
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Background 

 Heart failure (HF) is a common, chronic, progressive disease which is associated with significant morbidity and mortality. Its 

prevalence is estimated at 5.7 million cases in the United States with the incidence of HF of 10 in 1000 in  people over the age of 65 

(Roger, 2011). Heart failure is the number one Diagnosis Related Group (DRG) for hospitalization in adults over the age of 65 both in 

the Medicare population and amongst veterans (Heidenreich, 2010). The rate of rehospitalization continues to be high despite 

improved evidence-based medical treatment options including angiotensin converting enzyme inhibitors, beta adrenergic blockers, 

aldosterone inhibitors, hydralizine and isosorbide dinitrate (Heidenreich, 2010) The rate of readmission for patients admitted with 

heart failure has become an important focus of quality improvement initiatives internationally, as it is thought to represent a 

preventable event (Krumholtz, 2009).  

 Analysis of the Center for Medicare and Medicaid Services administrative claims and enrollment data has revealed that risk 

stratified rates of readmission have increased from 17.2% in 1993, (Bueno, 2010) to 24.4% in 2008 (Krumholtz, 2009; Ross, 2009; 

Bernheim, 2010; Hummel, 2010). Readmission rates at 6 months post admission with CHF approach 60% (Aranda, Johnson, & Conti, 

2009).  There is also regional variation in readmission of CHF patients in the U.S., demonstrating higher rates in the eastern states and 

lower rates in the western states (Ross, 2009; Krumholtz, 2009). Blacks have a greater risk of developing heart failure (Rogers, 2011) 

and have higher rates of readmissions in the Medicare population (Joynt, 2011), with up to 13% higher odds as compared to whites. 

Older adults are at higher risk as well, with rates up to  39% for ages 75-84 as compared to 11% for those under the age of 65 (Aranda, 

Johnson, & Conti,2009).  
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 The Veteran’s Health Administration (VHA) has also experienced similar trends of readmission for heart failure patients.  It is 

estimated that there are 211,170 veterans with a heart failure diagnosis who demonstrated a readmission rate of 24.5% within 30 days 

after discharge (VSSC, 2011).  Heidenreich et al. (2010) in an analysis of longitudinal readmission and mortality rates within the 

VHA, reported that mean all cause readmission rates have not improved over time (16.5% in 2002 and 16.7% in 2006, p=0.71 

  Heart failure (HF) readmissions are common and are costly (Jenks, 2011).  In the United States, the cost of heart failure was 

over 34 billion dollars in 2008 with hospitalizations accounting for a great majority of this cost (Dunlay et al., 2011). Heart failure 

rehospitalization has become a quality metric and since 2009, readmission and mortality rates have been publicly reported on the CMS 

Hospital Compare website (U.S. Department of Health & Human Service, 2012). As part of the Patient Protection and Affordable 

Care Act (ACA), several changes are being made to Medicare. One of the most essential provisions of ACA is the Hospital 

Readmission Reduction Program (HRRP). The HRRP is anticipated to reduce readmission rates by aligning readmission to 

reimbursement for three key diagnoses, acute myocardial infarction, heart failure and pneumonia. Beginning in October 2013, 

hospitals that have readmission rates higher than expected will be penalized 1% of the Medicare reimbursement for these diagnoses. 

The penalties are scheduled to increase yearly for the next three years (Kocher & Adashi, 2011).  

 The final reason that heart failure readmissions are important to prevent is that readmissions are often associated with poor 

outcomes.  Heart failure hospitalizations adversely impact survival. In a study of over 14,000 patients in British Columbia between 

2000 and 2004 the number of heart failure hospitalizations was a strong predictor of mortality.  Setoguchi and colleagues (2009) 

reported progressively worsening in median survival after the first, second, third and fourth hospitalization from 2.4, to 0.6 years. 
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Several models have been developed to attempt to predict the risk for readmission in the medical population.  In general, models can 

be categorized into two types, those that are used for risk adjustment and hospital comparison and those that have clinical utility (Ross 

et al., 2008). These models have used heterogeneous approaches, the predictors varied amongst the models and that no consistent 

predictors emerged from the review. In a recent, systematic review Kansagara et al. (2011) models of risk prevention for hospital 

readmission were reported. Four models were specific to the heart failure population. None of the models performed particularly well, 

though the authors encouraged continued use and testing of models in appropriate settings. Recently, the VA Inpatient Evaluation 

Center (IPEC) has derived a model for readmission risk in medical-surgical patients.  IPEC is a national VA office whose mission is to 

improve patient outcomes from acute hospitalizations through analysis of outcomes and processes of care (United States Department 

of Veterans Affairs, 2011). This office of the VA is responsible for public reporting of VA 30 day readmission and mortality rates 

within the VA for heart failure, pneumonia and myocardial infarction ( www.hospitalcompare.va.gov).  A 30-day Readmission Risk 

Calculator has been posted on the VA IPEC intranet website (http://vhacinsql1.v10med.va.gov/readmin); however it has not been 

validated in the general medical patient in the VA nor in a heart failure specific VA population. Moreover, the model may be 

improved for the HF population with the addition of relevant clinical indicators. 

The VA IPEC model of interest for this study used retrospective clinical data (Almenoff, 2012) from over six million veteran 

hospitalizations for general medical-surgical conditions over a period of three years. It is based on the model tested by Philbin et al 

(1999). It is a true clinical prediction model that is thought to be potentially helpful for clinicians to determine risk of adverse events 

after hospitalizations. It has not yet been validated and has not been tested in a heart failure population. The model has 16 

http://www.hospitalcompare.va.gov/�
http://vhacinsql1.v10med.va.gov/readmin�
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demographic and clinical predictors, all of which were significant in the VA IPEC studies. It has a c-statistic of 0.6 (Xuefei 

Jennewein, personal communication 11/8/2012). Inclusion criteria included a medical or surgical admission. Exclusion criteria 

included transfer to another acute care facility, a mental health admission, admission to skilled nursing or acute or long term 

rehabilitation, or observation stays less than 24 hours.   

Theoretical Model 

Risk assessment, or prediction tools are a type of clinical prediction rule (CPR) for a particular outcome in a disease. They are 

mathematical tools that predict the likelihood of events and allow clinicians to make choices about care for patients. Despins et al. 

(2010) describe a theoretical framework of how nurses detect and respond to risk signals related to adverse events. This model was 

derived by synthesizing two models described in the organizational science and the cognitive psychology literature, the signal 

detection theory and the high reliability theory. The model, illustrated in Figure A, attempts to relate how well nurses are able to detect 

risk signals from background noise and to develop appropriate responses to the signals. The compilation of these two theories helps to 

explain how and why providers detect risk signals and how organizational factors impact the provider’s sensitivity to these signals. 

This model has been used by Stevenson and Nilson (2012) to relate the importance of early detection and perception of adverse patient 

outcomes in a study evaluating nurse’s perception of the use of electronic medical records in a general hospital patient population. 

Although this model has been used to describe nursing practice specifically, it can be used to describe risk detection by other providers 

as well. For purposes of this project, the issue of signal sensitivity is of most concern as these are reflected by the variables in the risk 
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models.  If a good HF readmission risk tool could be developed, the signal sensitivity would be increased relative to the noise, 

allowing providers to better detect signals and to better respond.  

Methods 

Project Aims 

 Given the fact that heart failure is a common chronic disease associated with high rates of rehospitalization, researchers 

have tested many models of care that are intended to prevent PPR’s when applied to U.S. CHF readmission statistics. Within the VA, 

many of these interventions to address PPR’s have been tested and implemented. A validated risk predication tool may help clinicians 

target the highest risk patients to improve outcomes for individual patients and improve quality measures for institutions.     

The aim of this project was to test the recently developed VA Readmission Risk Calculator in a heart failure sample of 

veterans at a large urban medical center in terms of its ability to predict all-cause readmission in veterans with heart failure.  In 

addition, the relative importance of the predictor variables in the calculator will be assessed. Lastly, HF specific demographic and 

clinical indicators will be added to the models to assess their ability to improve the prediction of readmission.  Testing the tool in this 

veteran population may increase confidence that this tool will be useful in predicting patients with PPR’s and thus allow for 

interventions to be used in the highest risk patients. The study received approval from the Institutional Review Board at the VAMC in 

order to ensure privacy and protection of human subjects.  

Design, Setting and Sampling 

 Design. This study was a non-experimental, descriptive study using a retrospective, chart review of characteristics of veterans 
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admitted for heart failure. It was hypothesized that the VA IPEC readmission risk calculator will have an area under the ROC 

(Receiver Operating Characteristic) curve similar to those reported in the literature.  

 Setting.  The site for this study was a 170 bed urban VA Medical Center located in the mid-Atlantic region. This medical 

center has approximately 1300 medical admissions per year with heart failure accounting for approximately 30% of admissions in the 

last fiscal year.  

 Sample. The total population for this study included 271 consecutive patients with at least 1 heart failure admission between 

September 30, 2007 and October 1, 2010. Each patient was considered one case. Each of the cases (patients) was analyzed to assess if 

any readmissions occurred during the study period. Inclusion criteria included a confirmed diagnosis of heart failure, based on 

discharge diagnosis, or a readmission for the same patient for any diagnosis. Figure 2 lists the ICD-9-CM codes used to identify 

patients with heart failure.  Exclusion criteria included an index admission to the same hospital with any other non-heart failure 

diagnosis, admission for short stay procedures including device implants or generator changes or lead revisions, outpatient procedures 

including esophagogastroduoedenoscopy, colonoscopy or cystoscopy, or other same day surgery procedures.  

Data Sources and Measures 

 Data Sources. All continuous and dichotomous variables comprising the risk calculator to be tested were extracted from the 

VA electronic medical record (by chart review by a single reviewer).  For this analysis, only the first readmission during the study 

period had the variables in the model collected; one index and one 30-day readmission were placed into the model on the advice of 

experienced heart failure clinicians.  
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 Measures. The outcome variable of interest for this study was all-cause readmission within 30 days after an index heart failure 

hospitalization. The demographic predictor variables in the model included age at admission, previous admission in the last 180 days, 

the number of medications, and length of stay. Clinical variables included key lab results, including albumin, creatinine, blood glucose 

and creatinine. Additional data were collected regarding the total number of index hospitalizations and the total number of 30-day 

readmissions during the study period.  

Data analysis 

 Data collected were analyzed using SPSS 20.0 (IBM, Inc, Chicago, IL) software with statistical significance set at p< .05. The 

nominal-level data were analyzed from a frequency perspective while the ordinal and interval-level data were analyzed using 

measures of central tendency.  Analysis of associations between categorical variables was done by conducting Chi-squared test for 

independence and for continuous variables by conducting Pearson product-moment correlations.  

 Simple logistic regression models were used to assess associations between individual predictor variables and the outcome 

variable of readmission for any cause within 30 days of discharge from an index heart failure hospitalization. Multivariable logistic 

regression models were used to determine the likelihood of 30-day readmission by the sets of risk factors. The C statistic was 

calculated which relates to the model's ability to discriminate high risk patients from low risk patients. It is quantified by a measure of 

concordance, hence the name C statistic. For the dichotomous outcomes in this study, C is identical to the area under the receiver 

operating characteristic (ROC) curve (Hanley & McNeil, 1982).  
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 Results 

 A total of 644 admissions with a primary or secondary diagnosis of heart failure occurred from September 30, 2007 to October 

1, 2010. Of those 271 patients had at least one admission with a principle diagnosis of heart failure with one heart failure diagnosis 

code, without any of the exclusions for same day procedures.  Of the 271 cases studied, there were 79 cases that had at least one 

readmission within 30 days (29%) during the study period. Twenty-two out of the 79 (28%) experienced multiple readmissions 

ranging from 2 to 11 readmissions. The mean number of readmissions was 3.32 ±2.15 and the median was 2.5.  The rate of 

readmission over time was not analyzed for this study. The most common reason for readmission was CHF (58.2%). 

Assumptions of parametric tests were tested. The variables were continuous and independent of each other. However, the 

random sampling assumption was not met as this study evaluated all admissions occurring within a specific time period. These 

continuous variables were not normally distributed, but given the sample size of 271 the violation of this assumption should not be 

problematic. Homogeneity of variance was met by Levene’s Test for Equality of Variances for both continuous variables of age and 

EF, and therefore, results from the “Equal variances assumed” row were reported. However, homogeneity of variance was not met by 

Levene’s Test for mean number of index hospitalizations and mean number of readmissions in patients who were active substance 

abusers, so results from “Equal Variances not assumed” row were reported.   

Baseline Characteristics 

Demographic characteristics of the study sample as measured at the index admission are summarized in Table 3. The mean age 

of this sample was 67.7 years (±13.2). An independent- samples t-test was conducted to compare the mean age of those readmitted and 
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those not readmitted.  There was no difference in age in those readmitted (M=66.4, SD 12.49) and those not readmitted (M=68.24, SD 

13.43; t (191) = 1.02, p=.31).  The mean ejection fraction was low, 31.1 % (±18.7) in this sample. Patients who were readmitted had 

lower mean EF (M=28.3%, SD 18.2) than those who were not (M=32.3%, SD 18.8) but this was not statistically significant by 

independent-samples t-test (t(271) = 1.65, p=.10).  A greater number of the patients in the sample as a whole had systolic dysfunction 

(79.3%), with only 20.1% having EF ≥ 45%.  

Most patients were males (98.2%), with no difference in the proportion of female patients who were readmitted versus the 

males with 20% readmitted in both groups. Blacks had a significantly greater proportion readmitted with one in three being readmitted 

at 30 days versus other races where approximately one in five were readmitted (X2(2, n=271) =9.162, p=.006). The number of patients 

who had active substance abuse (SA) was low (8.1%). There was no significant increase in readmission for active substance abusers, 

as was seen in an earlier study (Gannuscio, 2011). Those without SA had greater incidence of not being readmitted, though this was 

not statistically significant. For patients who did experience a readmission within 30 days after discharge from a heart failure 

hospitalization, recurrent or worsening heart failure was the admission diagnosis in 46 out of the 79 readmitted patients (58%). 

Predictors of 30 day readmission  

 Bivariate associations among interval level predictors was assessed with Pearson product moment correlations. As summarized 

in Table 5, there were no relationships between the variables and 30 day all-cause readmission. Simple, bivariate logistic regression 

was performed to assess the predictors for 30 day readmission in the IPEC model. Assumptions of logistic regression were tested. 

Sample size was adequate and there were no extreme outliers. Multicollinearity was tested with multicollinearity diagnostics and there 
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were no significant highly correlated predictor variable. As seen in the unadjusted odds ratios summarized in Table 6, the only 

significant predictors for readmission were creatinine > 2.0 (unadjusted OR 2.35; 95% CI 1.32, 4.19), COPD (unadjusted OR 2.36; 

95% CI 1.25, 4.47), and renal failure, (unadjusted OR 2.41; 95% CI 1.25, 4.62).  

 Multiple logistic regression was conducted to determine the independent contribution of predictors of readmission The model 

containing the 15 predictors was not statistically significant X2(12, n=79) = 21.24, p=.047 (indicating the model does not predict well). 

The model as a whole predicted between 7.6% (Cox & Snell R square) and 10.8% (Nagelkerke R Squared) of the variance in 

readmission and correctly classified 73% of cases. As shown in Table 6, only a diagnosis of COPD was a statistically significant 

contributor to the model. The adjusted odds ratio was 2.70; 95% CI 1.35, 5.36. The C-statistic for the model containing all of the 

variables was .52.  

Given the poor predictive ability of the VA IPEC model, predictor variables that were HF specific and were significant in a 

previous study (Gannuscio, 2011) were added to the model. These included ejection fraction (EF), Black race, and active substance 

abuse. As illustrated in Table 7, the additional variables did improve the model in terms of the Hosmer Lemeshow statistic X2= 9.148, 

p=.33. COPD remained the only significant predictor (OR 2.70; 95% CI 1.32, 5.52). However, the C-statistic did improve to .61 from 

.52, though still overall a poor predictive model.  

Discussion 

 This sample of 271 cases describes characteristics of veterans with heart failure who have at least one index hospitalization, 

and further describes those who were readmitted within 30 days of discharge from this index hospitalization. In general, the sample 
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was mostly male, had a mean age of 67.7% and was mostly black. In a recently published retrospective review of heart failure patients 

within the VA, Heidenreich (2010) reported that the mean age was higher (69.5 +/- 12), and only 24% were black. This suggests that 

the population at the DC VAMC is slightly younger and comprised of more blacks than in the VA as a whole.  

All-cause readmission rates in this sample were higher than in the VA as a whole, as were the readmission rates for heart 

failure. In the Heidenreich study (2010) all cause readmission at 30 days was 22.5% and for heart failure was 6.1%.  The investigators 

did not assess predictors of readmission and mortality however. The current study included patients with reduced EF and preserved 

EF, but most had significantly impaired ventricular function. Those who were readmitted had lower EF than those who were not, 

however it was not statistically significant; although very few studies describing patterns and predictors of readmission discuss EF as a 

potential risk factor.  

In most recent studies (Heidenreich, 2010; Muzarelli et al., 2010; Allen , 2012; Hallerbach et al., 2008), heart failure is not 

often the primary diagnosis of readmission, but in the current study more than one-half of the repeat admissions were for heart failure. 

This would suggest that possibly not enough emphasis is put on adequate decongestion and use of evidence based therapy including 

beta blockers, angiotensin converting enzyme inhibitors, aldosterone inhibitors, hydralizine and isosorbide dinitrate and potentially 

points to inadequate management as a factor for return to the hospital. This is why researchers have relied heavily on clinical 

predictors in readmission risk prediction models.  

The use of clinical prediction tools is growing in clinical practice (Adams & Levenson, 2012). They can help clinicians in 

making appropriate decisions for patient-centered care. However, their derivation and validation must be done in a systematic fashion. 
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Derivation of a tool is only the first step in a series. Validation is the second step but requires a cohort study or a controlled study 

which is suitably powered. However, there is usefulness for pilot studies to test tools in a variety of settings and subpopulations.    

The model tested in this pilot study was derived by analyzing 3 years of medical-surgical admissions in all VA hospitals across 

the United States. Data were extracted from national VA admission databases. The VA IPEC model however has not been validated in 

a VA medical-surgical population and has not been tested in a heart failure-specific population. It is freely available for use on the VA 

intranet and is downloadable as an Excel spreadsheet that can be used on any computing platform including desktops, laptops, and 

handheld devices such as IPads. It was chosen for this study because it is specific to a VA population. The predictors in the model 

were based on a model developed by Philbin and colleagues (1999) in one of the first heart failure readmission prediction models 

according to Xuefei Jennewein, an IPEC statistician (Personal communication, November 8, 2012). The predictor variables are easily 

extracted from the electronic medical record and the tools is very easy to use with check-box interface; no data needs to be directly 

entered as all the variables are categorical. In a recent conversation with Geraldine Adams, RN, Director Quality Improvement at the 

Washington DC VA, there was discussion with VA Quality Improvement that there is consideration to link the tool directly to the 

electronic record or embed it directly so there is immediate access to the tool for clinicians at the bedside (Personal communication 

August 6, 2012).  

There is great interest currently in the heart failure arena because of escalating penalties for Medicare reimbursement for 

excessive readmissions for heart failure, myocardial infarction and pneumonia as part of the Affordable Care Act. Risk assessment is 

considered a key component in the strategy to reduce readmission and interest in risk prediction tools has exploded. However, there is 
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no literature on how providers should use the information obtained from risk prediction tools. Many clinicians are questioning what to 

do with a risk score. Does the patient’s treatment change? Should they stay in the hospital longer?   

One criticism of these tools is they generally have non-modifiable risk predictors.  It is difficult to anticipate the effect of 

interventions such as care transition programs, pharmacist intervention, home care services or home Telehealth would have in the face 

of a “high” risk score. Other tools, such as the Society for Hospital Medicine 8P’s tool, a component of Project BOOST (Better 

Outcomes for Older adults through Safe Transitions), evaluates transitions  based on 8 risk predictors, and target modifiable predictors. 

The 8P's tool includes assessment of problem medications, psychiatric diagnoses, high risk principle diagnoses, polypharmacy, poor 

health literacy, poor patient support, prior hospitalization and need for palliative care and prompts providers to intervene with 

additional services in the appropriate patients (Society of Hospital Medicine, 2012). The tool is easy to use and prompts clinicians to 

order appropriate services such as pharmacist intervention, home health service, and early discharge follow-up for example. However, 

the tool has not been validated in any population and its predictive value for readmission has not been tested in large populations. So, 

there are tools that can predict readmission at least modestly, but clinicians are unsure what action to take on a particular risk score, 

and tools that guide interventions which have not been tested for predictive ability in a rigorous manner.  

Limitations 

 There are multiple limitations of this study which must be acknowledged.  The first relates to the data source, a retrospective 

chart review. The sample was derived from an electronic clinical report generated in the VA based on principle diagnosis. This is 

defined in “the Uniform Hospital Discharge Data Set (UHDDS) as “that condition established after study to be chiefly responsible for 
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occasioning the admission of the patient to the hospital for care.” (ICD-9-CM Official Guidelines for Coding and Reporting, effective 

October 1, 2010, pp. 87).  It is possible that some cases could have been coded incorrectly and some heart failure index hospitalizations 

could be missed. In addition, the risk factors in the model were also from the existing electronic data and there may have been 

miscoding errors here too.  This may be a particular problem if secondary diagnoses like substance abuse were not coded consistently.  

On the other hand, the demographic characteristics laboratory values, medications, and ejection fraction should be recorded reliably. 

Another limitation relates to the specific sample studied and the generalizability of the findings.  As noted in the findings, the 

study sample was slightly younger and more minority than the VA characteristics at large.  This is a single-center study which limits 

generalizability to the VA population as a whole. However, the study serves as a good pilot in a subpopulation.  

Considering that the VA IPEC model was developed for a generic medical-surgical population and heart failure is one of the 

most common causes for readmission, it was expected that the model would perform better than it did.  Recognizing that the sample 

was from the VA and a single institution, the risk calculator performed poorly in a heart failure population with a C statistic of .50. 

There are potential reasons why the tool may have performed so poorly in this heart failure sample. In general, there were very few 

significant associations between the predictor variables and the outcome variable in Chi-square analysis in this sample. In the original 

model and original VA medical-surgical sample, all of the predictors had significant associations with readmission and all of the 

predictors were significant in multivariate modeling (Personal communication, Xuefei Jennewein, November 8, 2012). The design of 

this study is different from the original derivation study. In this study, only one index heart failure hospitalization and one 30-day 

readmission was entered into the model. In the derivation sample, all index hospitalizations and all 30-day readmissions were entered 
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into the model.  It could be that the risk of readmission increased with repeated admissions and this strengthened the predictive ability 

in the original derivation sample. The data from the derivation sample are not published and this information is not known. . Another 

difference between the derivation study and the current pilot study is that data for the derivation of the model were obtained from 

extraction of data from administrative databases. This is a limitation in that HF events and comorbidities were ascertained on the basis 

of administrative codes and were not confirmed clinically, as they were in this pilot study.  

Implications 

This project has significant implications for providers caring for hospitalized heart failure patients. The VA IPEC 

Readmission Risk Calculator derived in a general medical-surgical population does not predict all-cause readmission at 30 days 

after a heart failure hospitalization. It is readily available for use within the VA intranet and discussions to link the tool into the 

electronic medical record are said to be occurring. At this time however, it should not be routinely used to guide clinical decisions 

for patients with heart failure. Further study of the calculator using larger heart failure populations within the VA should be 

conducted if there will be widespread use within the VA. In the least, it should be validated in a larger VA population.  

At this VA medical center, other models could be tested in a heart failure population that have higher C statistics, such as 

the model described by Amarasingham et al. (2010). This model uses predictors extracted from electronic medical records and 

incorporates clinical, demographic, health care utilization and psychosocial predictors, though currently it would be cumbersome 

for providers at the bedside to extract the predictors. Future study of this model could be conducted to see if it predicted 

readmission as well in this VA population as it did in the single-center derivation and validation studies. If it proved to be useful in 
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predicting readmission, collaboration with information technology specialists within the VA to generate a tool where data 

elements are automatically extracted and place in an alert for the clinician describing the patient's risk for readmission could be 

undertaken. Currently, there is discussion about designing an alert regarding HF mortality based on the Seattle Heart Failure 

Model in the local VA electronic medical record. If this is successfully implemented, it would be much easier to implement an 

alert related to a tested heart failure readmission model as well.   

Further study on the impact of risk prediction tools to reduce readmissions need to be done. Care models to reduce 

readmission, such as Care Transitions (Coleman et al., 2004) and Project BOOST (Society of Hospital Medicine, 2012), and others 

utilize some form of risk assessment, or determination of high risk care needs  prior to planning and providing more intensive 

interventions for patients. The studies of these programs have shown improvement in readmission rates, however to date, no 

evidence exists that use of clinical risk prediction tools impacts hospital length of stay (to optimize volume for instance), increase 

utilization of more intensive outpatient services, or improve rates of readmission or mortality.  
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Table 1. Study characteristics of heart failure-specific risk prediction models 

Author Date Population Method Outcome Derivation 
or validation 

C Statistic Type of model 

Chin and 
Goldman 

1997 257 patients from a 
single, large urban 
academic medical 
center 

Prospective 
cohort design 

All-cause 
mortality and 
readmission  

Derivation Not reported Clinical model 

Philbin and 
DiSalvo 

1999 43,731 patients 
from New York 
state SPARKS 
claims data 

Retrospective 
cohort design 

HF-specific 
readmission 

Derivation 
and 
validation 

0.60 Hospital 
comparison 
model 

Krumholtz, 
et al.  

2000 1129 in derivation 
cohort, 1047 in 
validation cohort. 
Data obtained from 
MEDPAR claim 
files and chart 
review from 
Connecticut 

Retrospective 
cohort design 

All-cause 
readmission 

Derivation 
and 
validation 

Not reported Hospital 
comparison 
model 

Krumholtz 
et al.  

2008 283919 in 
derivation cohort  
and 283528 in 
validation cohort 
 

Retrospective 
cohort design  

All-cause 
readmission 

Derivation 
and 
validation 

0.60 Hospital 
comparison 
model 

Amarasingh
am et al.  

2010 1029 in derivation 
cohort and 343 in 
validation cohort 
from a large single 
urban medical 
center 

Prospective 
cohort design 

All-cause 
mortality and 
readmission  

Derivation 
and 
validation 

0.72 Clinical model 

Hammill, et 
al. 

2011 24,163 patients 
from large CHF 
registry 

Retrospective 
cohort design 

All-cause 
mortality and 
readmission 

Derivation 0.60 when 
clinical data 
added to 
claims data 

 

Adapted from Ross, et al.(2008) and Kansagara, et al. (2011).  
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Table 2.  
Categorical variables in VA Readmission Risk Calculator 
At admission At discharge 
Age (only one selected) 
   70-80 years 
   >80 years 

Medications (only one selected) 
   1-5 medications 
   6-17 medications 
   >17 medications 

Previous admission in last 180 days LOS ≥ 7 days 
Lab assessment 
   Albumin <3.2 mg/dl 
   Creatinine <1.5mg/dl &≤ 2.0mg/dl 
   Creatinine > 2.0mg/dl 
   Glucose <60mg/dl or >180mg/dl 
   HCT % <25 or HCT% >55 

 

Primary or comorbid diagnoses 
   Anemia 
   Cancer 
   CHF 
   COPD 
   Diabetes 
   Renal failure 
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Table 3.  
Demographic and Clinical Characteristics of Veterans With Heart Failure Admitted to the Hospital 
Characteristic All Readmitted all 

cause within 30 
days 
N=79 

Not readmitted 
 

N=192 

p 

Ejection fraction - %  31.1± 18.7 28.3±18.2 32.3 ±18.7 .100 
Age – yr 67.7 ± 13.2 66 ± 12.5 68 ± 13.4 .307 
Male - no. (%) 
Female – no. (%)                

266 (98.2) 
5 (1.8) 

78 (20) 
1 (20) 

189 (80) 
4 (80) 

.649 

Race – no.  (%) 
    Black 
    Not Black 

 
198 (73.1) 
73 (26.9) 

 

 
67 (33.7) 
12 (16.4) 

 

 
132 (66.3) 
61 (83.6) 

 

 
.006 

 

Substance Abuse – Yes 
                                No 

22 (8.1) 
249 (91.9) 

10 (45.5) 
69 (27.7) 

12 (55.5) 
180 (72.3) 

.079 

Note. Differences between groups for continuous variables assessed with Student's T-tests.  

Differences between groups for categorical variables assessed with Chi-square. 
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Table 4. 

Bivariate relationships between risk predictors in the VA IPEC model and 30 day all cause readmission  
Predictor All 

 
 

N=272 

Readmitted 
all cause 
within 30 

days 
N=79 

Not readmitted 
 

N=193 

p 

Age at admit 
  < 70 years 
   70-80 years 
   > 80 years 

 
153(56.5) 
60 (22.1) 
58 (21.4) 

 
50 (33.3) 
16 (26.6) 
13 (22.4) 

 
103 (66.7) 
44 (73.4) 
45 (77.6) 

.305 

LOS ≥ 7 days 
         < 7 days 

74 (27.3) 
198 (72.7) 

19 (25.6) 
60(30.5) 

55 (74.4) 
137(69.5) 

.440 

Medications at discharge 
   1-5 
   6-17 
   >17 

 
16 (5.9) 
225 (83) 
30 (11.1) 

 
4 (25) 

66 (29.3) 
8 (26.6) 

 
13 (75) 

159 (70.7) 
21 (73.4) 

 
.929 

Admitted prior 6 month 
  Yes 
  No 

 
92 (33.9) 
179(66.1) 

 
27 (29.3) 

52(29) 

 
66 (72.7) 

127 (70.9) 

.959 

Lab at admission 
   Albumin < 3.2 
   Albumin > 3.2 
   Creatinine 1.5-2.0 
   Creatinine >2.0 
   Glucose <60 or >180 
   Glucose >60 or <180 
   Hematocrit >5.0 or <25 
   Hematocrit >25 

 
104 (38.4) 
167(61.6) 
204 (75.3) 
67 (24.7) 
33 (12.2) 

238 (87.8) 
3 (1.1) 

268 (98.9) 

 
36 (34.6) 
43 (25.7) 
50 (24.5) 
29 (43.3) 
10 (30.3) 

69 (29) 
1 (33.3) 

78 (29.1) 

 
69 (66.3) 

124 (74.3) 
154 (75.5) 
38 (56.7) 
23 (69.6) 
169 (71) 
2 (66.7) 

190 (70.9) 

 
.118 

 
.003 

 
.877 

 
.873 

Diagnoses at admission 
   Anemia         Yes 
                         No 

 
89 (32.8) 

182 (67.2) 

 
28 (31.4) 

51(28) 

 
61 (68.5) 
131(72) 

 
.559 
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Predictor All 
 
 

N=272 

Readmitted 
all cause 
within 30 

days 
N=79 

Not readmitted 
 

N=193 

p 

   Cancer          Yes 
                         No 
   CHF 
   COPD           Yes 
                         No 
   Diabetes        Yes 
                         No 
   Renal failure Yes 
                         No 

20 (7.4)  
251 (92.6) 
271 (100) 
49 (18.1) 

222 (81.9) 
115 (42.4) 
156 (57.6) 

46 (17) 
224 (82.7) 

6 (30) 
73(29.1) 
79 (100) 
22 (44.9) 
57 (25.7) 
34 (29.5) 
45 (28.8) 
21 (45.7) 
58 (25.9) 

14 (70) 
178 (70.9) 

93 (100) 
27(55.1) 

165 (74.3) 
81 (70.4) 

111 (71.2) 
25 (54.3) 

166 (74.1) 

.931 
 
 

.007 
 

.898 
 

.007 

Note. Differences between groups for categorical variables assessed with Chi-square. 
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Table 5. 
Assessment of correlation among 30 Day Readmission and continuous predictor variables 
Scale Score Readmit 

30 days 
Age EF INDEX RA SA 

Readmit 30   * -.062 -.100 .342** .672** .107 
Age   * .268** -.165** -.131* .268** 
Ejection Fraction    * -.175** -.146* -.095 
Index hospitalizations     * .747** .418** 
Readmissions      * .309** 
Substance abuse       * 

Note. *Correlation is significant at the 0.05 level (2-tailed). 
** Correlation is significant at the 0.01 level (2-tailed). 
EF= ejection fraction; INDEXHF= # of index HF hospitalizations during study period; RA = # 30-day readmissions during study period; SA= 
active substance abuse  
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Table 6.  
Relationship between predictors in the VA IPEC Readmission Risk Model and likelihood of readmission within 30 days after heart 
failure admission 
Characteristics Sample % 

Readmit 
Unadjusted 

OR 
95% CI Adjuste

d OR 
95% CI 

 N %      
Age at admit 
  < 70 years 
   70-80 years 
   > 80 years 

 
153 

60 
58 

 
56.5 
22.1 
21.4 

 
32.6 
26.6 
22.4 

 
1.00 

.39 

.15 

 
 

.39-1.46 

.29-1.21 

 
 

.68 

.58 

 
 

.31-1.31 

.27-1.24 
LOS ≥ 7 days vs. <7 74 27.3 29.3 .79  .43-1.44 .69 .36-1.32 
Medications at discharge 
   1-5 
   6-17 
   >17 

 
16 

225 
30 

 
5.9 
83 

11.1 

 
25 

29.3 
30 

 
1.00 
1.25 
1.29 

 
 

.39-4.02 

.33-5.08 

 
 

1.04 
1.03 

 
 

.31-3.53 

.24-4.45 
Admit prior 6 mo. vs. not 92 33.9 29.3 1.01      .58-1.76 1.07 .58-1.95 
Labs at index admission 
   Albumin <3.2 vs >=3.2 
   Creatinine 1.5-2.0 
   Creatinine >2.0 
   Glucose <60 or >180 vs nl 
   Hematocrit >5 or <25vs nl 

 
104 
204 

67 
  33 

3 

 
38.4 
75.3 
24.7 
12.2 

1.1 

 
34.6 
24.5 
43.3 
30.3 
33.3 

 
1.53 

.43 
2.35* 

1.07 
1.22 

 
.90-2.60 

.29-.76 
1.32-4.20 
.48-2.36 

.11-13.63 

 
1.46 

.23 
1.94 
1.00 

.73 

 
.82-2.61 
.27-1.18 
.85-4.42 
.41-2.46 
.06-9.40 

Diagnoses at admission 
   Anemia                 
   Cancer                  
   CHF 
   COPD                   
   Diabetes                
   Renal failure                                  

 
89 
20 

271 
49 

115 
46 

 
32.8 

7.4 
100 

18.1 
42.4 

17 

 
31.5 

30 
29 

44.9 
29.6 
45.7 

 
1.18 
1.05 

 
2.36* 

1.04 
2.41* 

 
.68-2.05 
.39-2.83 

 
1.25-4.47 
.61-1.76 

1.25-4.62 

 
.92 

1.02 
 

2.70* 
1.02 
1.62 

 
.48-1.75 

.341-3.02 
 

1.35-5.36 
.55-1.88 
.63-4.12 

Note. Cox & Snell R2 =.076, Hosmer Lemeshow X2(12, n=79) = 21.24, p=.047  
* P<.05 
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Table 7.  
Relationship between predictors in the VA IPEC Readmission Risk Calculator with additional predictors of age, race, EF and 
substance abuse and likelihood of readmission within 30 days after heart failure admission 
Characteristics Sample % 

Readmit 
Unadjusted 

OR 
95% CI Adjusted 

OR 
95% CI 

 N %      
Male 257 98.2 20 1.66 .18-15.09 1.14 .11-11.62 
Black 199 73.1 33.7 2.60* 1.31-5.16 2.07* .97-4.37 
Active SA 22 8.1 45.5 2.17 .90-5.26 1.76 .637-4.84 
EF    .99 .97-1.00 .99 .97-1.01 
Age at admit 
  < 70 years 
   70-80 years 
   > 80 years 

 
153 

60 
58 

 
56.5 
22.1 
21.4 

 
32.6 
26.6 
22.4 

 
1.00 
.39 
.15 

 
 

.39-1.46 

.29-1.20 

 
1.00 
.53 
.42 

 
 

.17-1.63 

.08-2.04 
LOS ≥ 7 days 74 27.3 29.3 .79  .43-1.44 .67 .34-1.30 
Medications 
   1-5 
   6-17 
   >17 

 
16 

225 
30 

 
5.9 
83 

11.1 

 
25 

29.3 
30 

 
1.00 
1.25 
1.29 

 
 

.39-4.00 

.33-5.08 

 
1.00 
.93 
.82 

 
 

.27-3.27 

.18-3.70 
Admit prior 6 mo  92 33.9 29.3 1.01 .58-1.76 1.06 .57-1.98 
Lab at admission 
   Albumin <3.2 
   Creatinine 1.5-2.0 
   Creatinine >2.0 
   Glucose <60 or >180 
   Hematocrit >5 or <25 

 
104 
204 

67 
33 

3 

 
38.4 
75.3 
24.7 
12.2 
1.1 

 
34.6 
24.5 
43.3 
30.3 
33.3 

 
1.53 
.43 

2.35* 
1.07 
1.22 

 
.90-2.60 

.24-.76 
1.32-4.19 
.48-2.36 

.11-13.63 

 
1.45 
.54 

1.98 
.89 
.94 

 
.79-2.7 

.23-1.27 

.85-4.63 

.34-2.29 
.07-12.15 

Diagnoses 
   Anemia           
   Cancer               
   CHF 
   COPD                
   Diabetes               
   Renal failure         

 
89 
20 

271 
49 

115 
46 

 
32.8 
7.4 

100 
18.1 
42.4 

17 

 
31.5 

30 
29 

44.9 
29.6 
45.7 

 
1.18 
1.05 

 
2.36* 
1.04 

2.41* 

 
.679-2.05 
.39-2.83 

 
1.25-4.47 
.61-1.76 

1.25-4.62 

 
.90 

1.060 
 

2.70* 
1.11 
1.56 

 
.46-1.74 
.36-3.16 

 
1.32-5.52 
.59-2.09 
.61-4.04 

Note.  Cox & Snell R2 =.124, Hosmer Lemeshow X2=9.148, p=.330  
* P<.05 
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Figure 1.  Theoretical model of risk detection by nurses. 
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Source.  Adapted from Despins (2010) and Scott-Cawiezell & Rouder  (2010) 

  



Running Head: CAPSTONE PROPOSAL, JACQUELINE GANNUSCIO 

 

Figure 2.  ICD-9-CM Diagnosis Codes Used to Identify Heart Failure Cases 

 

401.01 HYP HEAR DISEASE MALIG WITH FAIL 
402.11 HYP HEART DISEASE BENIGN WITH FAIL 
402.91 HYP HEART DIS UNSP WITH FAIL 
404.01 HYP HRT & REN DIS MAL W/HEART 
404.03 HYP HRT & REN MAL W/HRT & RENL 
404.11 HYP HRT & REN BENIGN W/HEART 
404.13 HYP HRT & REN BEN W/HRT & RENL 
404.91 HYP HRT & REN UNSP W/HEART 
404.93 HYP HRT & REN UNS W/HRT & RENL 
428.0 CONGEST HEART FAIL UNSPECIFIED 
428.1 LEFT HEART FAILURE 
428.20 UNSPEC SYSTOLIC HEART FAILURE 
428.21 ACUTE SYSTOLIC HEART FAILURE 
428.22 CHRONIC SYSTOLIC HEART FAILURE 
428.23 ACUTE ON CHRONIC SYSTOLIC HEART FAILURE 
428.30 UNSPEC DIASTOL HEART FAILURE 
428.31 ACUTE DIASTOL HEART FAILURE 
428.32 CHRONIC DIASTOL HEART FAILURE 
428.33 ACUTE ON CHRONIC DIAST HEART 
428.40 UNSP COM SYS & DIST HEART 
428.41 ACUTE COM SYS & DIST HEART 
428.42 CHRONIC COM SYS & DIST HEART 
428.43 ACUTE CHR COM SYS & DIST HEART 
428.9 HEART FAILURE NOS 
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	Figure 2.  ICD-9-CM Diagnosis Codes Used to Identify Heart Failure Cases
	HYP HEAR DISEASE MALIG WITH FAIL
	401.01
	HYP HEART DISEASE BENIGN WITH FAIL
	402.11
	HYP HEART DIS UNSP WITH FAIL
	402.91
	HYP HRT & REN DIS MAL W/HEART
	404.01
	HYP HRT & REN MAL W/HRT & RENL
	404.03
	HYP HRT & REN BENIGN W/HEART
	404.11
	HYP HRT & REN BEN W/HRT & RENL
	404.13
	HYP HRT & REN UNSP W/HEART
	404.91
	HYP HRT & REN UNS W/HRT & RENL
	404.93
	CONGEST HEART FAIL UNSPECIFIED
	428.0
	LEFT HEART FAILURE
	428.1
	UNSPEC SYSTOLIC HEART FAILURE
	428.20
	ACUTE SYSTOLIC HEART FAILURE
	428.21
	CHRONIC SYSTOLIC HEART FAILURE
	428.22
	ACUTE ON CHRONIC SYSTOLIC HEART FAILURE
	428.23
	UNSPEC DIASTOL HEART FAILURE
	428.30
	ACUTE DIASTOL HEART FAILURE
	428.31
	CHRONIC DIASTOL HEART FAILURE
	428.32
	ACUTE ON CHRONIC DIAST HEART
	428.33
	UNSP COM SYS & DIST HEART
	428.40
	ACUTE COM SYS & DIST HEART
	428.41
	CHRONIC COM SYS & DIST HEART
	428.42
	ACUTE CHR COM SYS & DIST HEART
	428.43
	HEART FAILURE NOS
	428.9

