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ENHANCED HOSPITAL DISCHARGE DATA

Risk-Adjusted In-Hospital Mortality
Models for Congestive Heart Failure and
Acute Myocardial Infarction: Value of
Clinical Laboratory Data and
Race/Ethnicity
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Hyeong Jun Ahn, Deborah T. Juarez, Jill Miyamura, Todd B. Seto,
and John J. Chen

Objective. To examine the impact of key laboratory and race/ethnicity data on the
prediction of in-hospital mortality for congestive heart failure (CHF) and acute myo-
cardial infarction (AMI).

Data Sources. Hawaii adult hospitalizations database between 2009 and 2011, linked
to laboratory database.

Study Design. Cross-sectional design was employed to develop risk-adjusted in-
hospital mortality models among patients with CHF (n=5,718) and AMI
(n=5,703).

Data Collection/Extraction Methods. Results of 25 selected laboratory tests were
requested from hospitals and laboratories across the state and mapped according to
Logical Observation Identifiers Names and Codes standards. The laboratory data were
linked to administrative data for each discharge of interest from an all-payer database,
and a Master Patient Identifier was used to link patient-level encounter data across hos-
pitals statewide.

Principal Findings. Adding a simple three-level summary measure based on the
number of abnormal laboratory data observed to hospital administrative claims
data significantly improved the model prediction for inpatient mortality compared
with a baseline risk model using administrative data that adjusted only for age,
gender, and risk of mortality (determined using 3M’s All Patient Refined Diagno-
sis Related Groups classification). The addition of race/ethnicity also improved
the model.

Conclusions. The results of this study support the incorporation of a simple summary
measure of laboratory data and race/ethnicity information to improve predictions of
in-hospital mortality from CHF and AMI. Laboratory data provide objective evidence
of a patient’s condition and therefore are accurate determinants of a patient’s risk of
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mortality. Adding race/ethnicity information helps further explain the differences in
in-hospital mortality.

Key Words. In-hospital mortality, risk-adjusted model, congestive heart failure,
acute myocardial infarction

Cardiovascular disease continues as the leading cause of death in the United
States (Jones, Podolsky, and Greene 2012) and has been identified as a priority
area for the reporting of hospital-based quality measures. While the use of pro-
cess measures has been widely promoted as a standard method to assess
patient care, outcome measures such as mortality, are considered to more
directly reflect the quality of patient care (Jarman 2008). Indeed, 30-day risk-
standardized mortality rates (RSMR) have become standard components of
public reports and pay-for-performance programs, with the Centers for Medi-
care and Medicaid Services publicly reporting hospital-specific RSMR for
patients with acute myocardial infarction (AMI) and heart failure since 2007
(Krumholz and Normand 2008).

The advantages and disadvantages of using administrative/claims data
to estimate RSMR have been well described. Relatively accessible and low-
cost to obtain, administrative/claims data can provide estimates of RSMR that
are similar to those derived from medical record data (Krumholz et al. 2006).
However, concerns that these estimates may still substantially underestimate
disease severity and give a false impression of health care quality have led to
efforts to supplement administrative/claims data with additional information,
including conditions that are present on admission (POA), pharmacy data,
clinical laboratory results, vital signs, and patient race/ethnicity (Iezzoni et al.
1992; Hannan et al. 1997; Pine et al. 1997, 2007; Tabak, Johannes, and Silber
2007).

The concept of using such “enhanced” administrative data to more
accurately estimate RSMR has gained traction with the burgeoning use of
electronic medical records and other data.
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While earlier studies demonstrated that the addition of laboratory
results to administrative/claims data improves estimates of RSMR (Pine et al.
1997, 2007; Fry et al. 2007; Tabak, Johannes, and Silber 2007), the recent
adoption of Logical Observation Identifiers Names and Codes (LOINC) and
advances in electronic health data technology have now lowered the cost and
increased the feasibility of linking these two types of data. Similarly, the efforts
to obtain detailed information on patient race/ethnicity have aided efforts to
better understand health disparities among minority populations. However,
little is known about the extent to which inclusion of race/ethnicity data
improves prediction of in-hospital mortality (Nijjar et al. 2010). This question
is particularly relevant in Hawaii and other “majority minority” states with
racially and ethnically diverse populations.

The goal of this study was to address the research question: Can
we use a simple count of the number of abnormal results from standard
set of laboratory data and race/ethnicity information to improve the per-
formance of a widely adopted and frequently used mortality model? For
this purpose, we utilized an administrative all-payer hospital discharge
database and a commonly used risk-of-mortality (ROM) models familiar
to providers, payers, and state and federal health care data organiza-
tions, to examine the impact of patient-specific laboratory test results in
improving in-hospital mortality prediction.

METHODS

Data Sources

Administrative Data. We used the statewide, all-payer, all-visit hospital
administrative/claims database from the Hawaii Health Information Cor-
poration that includes summary records for each hospitalization, including
patient demographics, diagnoses including POA and procedures. For hos-
pitalizations between 2009 and 2011, we calculated the ROM for each
patient, based on the All Patient Refined-Diagnosis Related Group (APR-
DRG) classification system and POA diagnoses. The ROM categories of
“minor,” “moderate,
risk based on age, surgical procedure, comorbidity, and principal diagnosis
that has been validated and utilized by other investigators (Iezzoni et al.
1995; Romano and Chan 2000; Shukla, Fisher, and Fisher 2002; Baram
et al. 2008). Because only a few patients (n < 3) died in-hospital and were
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classified as “minor” ROM, we combined the “minor” and “moderate”
ROM classes into a single category.

Laboratory Data. Based on prior studies (Pine et al. 1997; Fry et al. 2007;
McCullough et al. 2011), we requested patient-specific laboratory results for
29 selected tests from all 24 nonfederal hospitals and the two independent lab-
oratories that serve these hospitals across the state. Of the 24 hospitals, four
could not submit data due to the lack of an electronic interface, incomplete
data transfer, or other technical limitations. For the 20 participating hospitals,
which accounted for 98.4 percent of discharges, the 29 test results were
mapped according to LOINC standards and were linked to the administrative
data for each discharge. We used a Master Patient Identifier to link patient-
level encounter data across hospitals statewide.

The laboratory data included 29 test values. Four were excluded from
analyses: gamma-glutamyl transpeptidase because of very low frequency of
determination (about 99 percent missing) and three due to colinearity (Inter-
national Normalized Ratio [INR] with prothrombin time, hematocrit with
hemoglobin, and base excess with bicarbonate). The following 25 laboratory
tests were included: albumin, alkaline phosphatase, brain natriuretic peptide
(BNP), bicarbonate, bilirubin, blood urea nitrogen (BUN), calcium, chloride,
creatine kinase, creatinine, glucose, hemoglobin, pOs, partial thromboplastin,
phosphate, platelet count, potassium, prothrombin time, serum glutamic ox-
aloacetic transaminase, serum glutamic-pyruvic transaminase, sodium, tropo-
nin I, white blood count, pCOy, and arterial pH. For missing lab values, we
compared mortality rates between patients with missing values and those with
lab values within the normal reference range using Chi-squared test. For
majority of the labs, mortality rates were similar between the two groups.
Based on this, we treated missing lab values as normal in the following
analyses.

All calculations were based on admission laboratory tests, which were
defined as the first test results available during each hospitalization. Because
patients who undergo major surgical procedures may have obtained their lab-
oratory tests prior to hospital admission, we utilized test results that were per-
formed closest to (but not more than 3 days from) the day of admission.

Race/Ethnicity. Race/ethnicity information was transmitted electronically
with the administrative data that were submitted by each hospital. One pri-
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mary race/ethnicity was reported for each patient, with the six largest groups
(Japanese, Chinese, Native Hawaiian, Filipino, Other Pacific Islander,
Caucasian) accounting for 90 percent of the population. The remaining 10
percent were included into a single “Other” category.

Study Sample

Based on the definition of Agency for Healthcare Research and Quality
(AHRQ) Inpatient Quality Indicators version 4.5 (Agency for Healthcare
Research and Quality 2013), eligible hospital admissions were identified by
ICD-9-CM codes for congestive heart failure (CHF) and AMI. All adults (age
>18 years) discharged with a principal diagnosis of CHF or AMI from 2009
through 2011 were included (CHF: 8,724 discharges; AMI: 6,633 discharges).
Hospitalizations resulting from a transfer from another health care institution
were excluded (CHF: 24 discharges; AMI: 49 discharges). To ensure statistical
independence, patient-level data were analyzed using the last hospitalization
of each patient. The final analysis dataset contains 5,718 CHF patients and
5,703 AMI patients.

Data Analysis

Patient characteristics were summarized by descriptive statistics: means (stan-
dard deviations) for continuous variables, and frequencies (percentages) for
categorical variables. For each disease (CHF or AMI), bivariate associations
were first examined between in-hospital mortality status and administrative
and lab data variables. Chi-squared tests or Fisher’s exact tests were used for
categorical variables. For continuous variables, two sample #tests or nonpara-
metric Wilcoxon tests were used, depending on the distribution of the data.
On the basis of the reference interval for each laboratory test, we classified
each laboratory result as normal (scored as 0) or abnormal (score as 1). We
then created a global “lab severity score,” which was the total number of
abnormal laboratory test results for each patient. For example, if a patient’s
laboratory results for BNP and BUN were abnormal and the results for the
other 23 lab tests were normal, the patient’s lab severity would be 2. Lab sever-
ity values were categorized into three approximately equal sized groups (i.e.,
tertiles) for each disease, denoted as “mild,” “moderate,” and “severe.”

To predict in-hospital mortality for patients with CHF and AMI, we
started with hierarchical generalized linear models to account for the clustered
observations within hospitals. In these models, the log-odds of in-hospital
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mortality were estimated using a random hospital effect and fixed hospital
class (rural vs. urban). As both the fixed hospital class and random hospital
effects were not statistically significant (results not shown), we reduced the
models to multivariable logistic models for ease of interpretation. Our base-
line model (Model 1) included ROM class, patient age, and gender. Model 2
examined the value of adding laboratory test results to Model 1, and Model 3
examined the value of adding race/ethnicity to Model 2.

We used likelihood ratio tests to evaluate each model’s performance
compared with that of the previous model. Improvement of area under the
curve (AUC) for receiver operating characteristic (ROC) of predictive values
(or c-statistic) was calculated to assess the model’s accuracy in predicting in-
hospital mortality. To validate our models, 10-fold cross-validation was
applied separately for CHF and AMI. For the cross-validation, the original
data were randomly partitioned into 10 nearly equal subsets. Nine-tenths of
the data were treated as the derivation set and the remaining one-tenth of the
data were treated as the validation set. Multivariable logistic regressions of the
three models were fitted using the derivation set, and predictive values from
the validation set were computed using the fitted models. This procedure was
repeated a total of 10 times, treating each of the subsets in turn as the valida-
tion set. The AUCs for ROC of predictive values from the 10 validation sets
was determined for each model to evaluate model validity using means and
standard deviation of AUC and compared to the corresponding c-statistic
obtained from the original full dataset.

We then investigated how the risk-adjusted mortality models affect the
relative ranking of major hospitals involved for each disease. The expected
risk-adjusted mortality rate was computed based on each model developed
and then compared with the unadjusted observed mortality rate for each hos-
pital. For each disease, hospital ranks were determined by the ratios of
observed to expected mortality rate among the top 10 hospitals based on
patient volume in Hawaii. For each ratio, a 90 percent confidence interval (CI)
was computed based on Poisson distribution. All analyses were performed in
SAS 9.3 (SAS Version 9.3; SAS Institute Inc., Cary, NC, USA) and p < 0.05
was considered statistically significant.

RESULTS

Our analysis included 5,718 patients hospitalized with CHF and 5,703 patients
hospitalized with AMI as their principal diagnoses (Table 1). The average age
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of patients was 69.8 years (SD = 16.3) for CHF and 68.4 years (SD = 14.9)
for AMI. Reflecting the state’s diverse population, Caucasians, Japanese,
Native Hawaiians, and Filipinos accounted for approximately 80 percent of
the study sample (CHF: 27 percent Caucasian, 18 percent Japanese, 20 per-
cent Native Hawaiian, and 17 percent Filipino; AMI: 31 percent Caucasian,
20 percent Japanese, 14 percent Native Hawaiian, and 17 percent Filipino).
Several variables were significantly associated with in-hospital mortality sta-
tus, including patient age, payer type, and race/ethnicity. Although there were
significant differences in the race/ethnicity distribution, these differences were
not consistent between the diseases. For example, in-hospital mortality for
Native Hawaiians was lower than for Caucasians (4 percent vs. 7 percent) for
CHF, while Native Hawaiians showed a higher rate than Caucasians (10 per-
cent vs. 6 percent) for AMI. As expected, compared with patients who sur-
vived to hospital discharge, in-hospital mortality was associated with
increased ROM, higher number of abnormal labs, and longer length of stay.

Table 2 shows the risk-adjusted in-hospital mortality models for CHF.
In Model 1, age but not gender was significantly associated with in-hospital
mortality. Patients with a major (OR = 3.94, 95% CI = 2.85-5.44) or extreme
(OR = 12.88,95% CI = 9.19-18.07) ROM were more likely to die before dis-
charge than patients with a mild/moderate ROM. Lab severity, added in
Model 2, was independently associated with in-hospital mortality. Race/eth-
nicity, added in Model 3, was also independently associated with in-hospital
mortality. Compared to Caucasians, Filipinos (OR = 0.69, 95% CI = 0.48—
1.00), Native Hawaiians (OR = 0.68, 95% CI = 0.47-1.00), Other Pacific
Islanders (OR = 0.35, 95% CI = 0.15-0.83), and Others (OR = 0.55, 95%
CI = 0.32-0.94) were less likely to die prior to hospital discharge.

Compared with our baseline model, the addition of lab severity (Model
2) substantially improved model fitting (p < 0.001), with an increase in c-statis-
tic from 0.775 to 0.815 (Figure 1A). The addition of race/ethnicity (Model 3)
resulted in a further improvement in model fit that was modest (c-statis-
tic = 0.819) but still significant (p = 0.038). Using a 5 percent mortality cut-
point, similar to the observed CHF mortality rate in our data, Models 2 and 3
would assign 505 and 605 more patients correctly than that of Model 1.

Table 3 shows our risk-adjusted in-hospital mortality models for AMI.
Similar to CHF, age and ROM were significant predictors in our baseline
model (Model 1). Patients in the major (OR = 6.14, 95% CI = 4.21-8.97) and
extreme (OR =42.24, 95% CI = 29.33-60.85) ROM classes were more
likely to die in-hospital than were patients in the mild/moderate ROM class.
Lab severity (Model 2) and race/ethnicity (Model 3) were independently
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Table 2: Summary of Risk-Adjusted In-Hospital Mortality Models:
Congestive Heart Failure

Odds Ratio (95% CI)
Variable Label Model 7 Model 2 Model 3
3M ROM Major vs. Mild 3.94%** (2.85-5.44) 2.74** (1.96-3.82)  2.74*** (1.97-3.82)
or Moderate
Extreme vs. 12.88*%* (9.19-18.07)  6.83*** (4.78-9.75)  6.87*** (4.80-9.82)
Mild or Moderate
Gender Male vs. Female 1.17 (0.92-1.48) 1.08 (0.85-1.37) 1.06 (0.83-1.35)
Age (years)  60-69 vs. <60 1.17 (0.75-1.82) 1.12 (0.72-1.75) 1.03 (0.68-1.66)
70-79 vs. <60 1.37 (0.92-2.05) 1.467 (0.97-2.19) 1.35(0.90-2.04)
>80 vs. <60 2.06%** (1.44-2.95)  2.28%*(1.59-3.27)  2.02*** (1.38-2.94)
Lab severity ~Moderate vs. Mild 1.75* (1.06-2.88) 1.77* (1.07-2.90)
Severe vs. Mild 5.52*%*(3.48-8.75)  5.65*** (3.56-8.97)
Race/ Chinese 0.94 (0.57-1. ‘36)
ethnicity vs. Caucasian
Filipino 0.69* (0.48-1.00)
vs. Caucasian
Hawaiian 0.68* (0.47-1.00)
vs. Caucasian
Japanese 0.83 (0.60-1.17)
vs. Caucasian
Other Pacific Islander 0.35%(0.15-0.83)
vs. Caucasian
Other 0.55%(0.32-0.94)

vs. Caucasian
Summary Statistics

AUC: mean + SE 0.775 + 0.012 0.815 + 0.011 0.819 £+ 0.011
(95% CI) (0.751-0.799) (0.794-0.836) (0.798-0.840)
(-2)*log likelihood 2,160.08 2,055.17 2,041.85
Model d.f 6 8 14

Ar? 306.30 101.90 13.32

pvalue <0.001 <0.001 0.038

10-fold Cross-Validation

AUC,,: mean £+ SD 0.773 + 0.026 0.810 + 0.021 0.810 + 0.021

Notes: Tp < 0.10; *p < 0.05; **p < 0.01; ***p < 0.001.

Model 1 = 3M Risk of Mortality (ROM) + Gender + Age.

Model 2 = 3M ROM + Gender + Age + Lab Severity.

Model 3 = 3M ROM + Gender + Age + Lab Severity + Race/Ethnicity.

3M ROM = risk of mortality assigned by 3M based on administrative/claims data only.

Lab Severity = total number of abnormalities from admission lab at last hospitalization (the num-
ber of lab abnormalities was categorized by tertiles with the minimum and maximum values:
Mild = 0-5, Moderate = 6-8, and Severe = 9-20).

AUC area under the curve of predicted values or c-statistic.

Ay = difference in (-2) *log likelihood between models.

Model d.f = the number of model parameters.

p-value = p-value of Chi-squared (or log likelihood) test comparing two models.

Model 1 was compared with the intercept-only model.

AUC,, = areaunder the curve of predicted values from 10 validation sets.
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Figure 1: Receiver Operating Characteristic Curves of Predicted Values of
Risk-Adjusted In-Hospital Mortality Models

(A) Congestive Heart Failure (B) Acute Myocardial Infarction
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Notes: Model 1 = 3M Risk of Mortality (ROM) + Gender + Age; Model 2 = 3M ROM +
Gender + Age + Lab Severity; Model 3 = 3M ROM + Gender + Age + Lab Severity + Race/
Ethnicity.

associated with in-hospital mortality. Only Native Hawaiians had greater risk
of in-hospital mortality than Caucasians (OR = 1.51,95% CI = 1.05-2.15).

Compared to our baseline model, the addition of lab severity (Model 2)
resulted in an increase in c-statistic from 0.844 to 0.868 (Figure 1B). While the
addition of race/ethnicity (Model 3) improved model fit (p = 0.029), the
improvement in c-statistic was more modest, although significant (c-statis-
tic = 0.872). Using an 8 percent mortality cut-point, similar to the observed
AMI mortality rate in our data, Models 2 and 3 would assign 452 and 527
more patients correctly than that of Model 1.

We assessed our models for each disease using a 10-fold cross-validation.
All the average AUCs showed good discrimination power and were close to
the observed c-statistics using the full datasets. The average AUCs ranged
from 0.773 to 0.810 for CHF (Table 2) and from 0.843 to 0.867 for AMI
(Table 3). Regardless of the model or the disease, standard deviations from
the ten validation datasets was small (<0.03), demonstrating the reliability of
the risk-adjusted models developed.

Table 4 demonstrates the potential impact of the enhanced risk-adjusted
mortality models on hospital rankings. Comparing the 10 largest (by patient
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Table 3: Summary of Risk-Adjusted In-Hospital Mortality Models: Acute
Myocardial Infarction
Odds Ratio (95% CI)
Variable Label Model 7 Model 2 Model 3
3M ROM Major vs. Mild or 6.14%%* (4.21-8.97) 3.52(2.37-5.24) 3.39%%* (2,28-5.06)
Moderate
Extreme vs. Mild ~ 42.24*** (29.33-60.85)  17.35** (11.62-25.90)  17.17*** (11.49-25.65)
or Moderate
Gender Male vs. Female 1.07 (0.86-1.34) 1.02 (0.82-1.28) 1.04 (0.83-1.30)
Age (years)  60-69 vs. <60 1.74** (1.21-2.50) 1.71%* (1.19-2.47) 1.77** (1.23-2.56)
70-79 vs. <60 1.14 (0.78-1.66) 1.13 (0.77-1.65) 1.20 (0.82-1.76)
>80 vs. <60 1.51* (1.08-2.10) 1.70** (1.21-2.38) 1.76%* (1.23-2.56)
Lab severity Moderate vs. Mild 1.527(0.93-2.49) 1.50 (0.91-2.46)
Severe vs. Mild 4894 (3.01-771)  4.77%* (2.98-7.65)
Race/ Chinese 1.517 (0.94-2.40)
Ethnicity vs. Caucasian
Filipino vs. 0.85(0.59-1.20)
Caucasian
Hawaiian 1.51* (1.05-2.15)
vs. Caucasian
Japanese vs. 1.337(0.97-1.83)
Caucasian
Other Pacific 1.39 (0.80-2.42)
Islander vs.
Caucasian
Other vs. 1.10 (0.69-1.74)
Caucasian
Summary Statistics
AUC: mean =+ SE (95% CI) 0.844 + 0.009 0.868 + 0.008 0.872 + 0.008
(0.827-0.863) (0.852-0.884) (0.856-0.887)
(-2)*log likelihood 2,365.44 2,269.08 2,254.99
Model d.f: 6 8 14
Ay? 763.92 96.36 14.09
pvalue <0.001 <0.001 0.029
10-fold Cross-Validation
AUC,,: mean + SD 0.843 £ 0.021 0.864 & 0.016 0.867 &+ 0.017

Notes: Tp < 0.10; *p < 0.05; **p < 0.01; ***p < 0.001.

Model 1 = 3M Risk of Mortality (ROM) + Gender + Age.

Model 2 = 3M ROM + Gender + Age + Lab Severity.

Model 3 = 3M ROM + Gender + Age + Lab Severity + Race/Ethnicity.
3M ROM = risk of mortality assigned by 3M based on administrative/claims data only.

Lab Severity = the total number of abnormalities from admission lab at last hospitalization (The
number of lab abnormalities was categorized by tertiles with the minimum and maximum values:
Mild = 0-4, Moderate = 5-8, and Severe = 9-24).
AUC = areaunder the curve of predicted values or c-statistic.
Ay* = difference in (-2)*log likelihood between models.
Model d.f = the number of model parameters.

p-value = p-value of Chi-squared (or log likelihood) test between two models.
Model 1 was compared with the intercept-only model.
AUC,, = areaunder the curve of predicted values from 10 validation sets.
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volume) hospitals in Hawaii, which cover 97 percent of the patients in the
study, the addition of laboratory data to the baseline model changed the CHF
in-hospital mortality ranking for six institutions and the AMI in-hospital mor-
tality ranking for five institutions. The addition of race/ethnicity slightly chan-
ged each hospital’s expected mortality rates, but only impacted the ranking of
two hospitals (AMI in-hospital mortality). For example, Hospital B was
ranked number 2 for AMI based on unadjusted crude mortality, but it ranked
number 6 based on the standard risk model, number 8 with the laboratory
enhanced model, and number 7 with the addition of race/ethnicity. For CHF,
Hospital A was ranked number 1 and has a significant O/E ratio <1.0 based on
the baseline model (Model 1), but it was ranked number 4 with the addition of
laboratory and race/ethnicity data. Overall, the statistical significance of the
O/E ratio changed from baseline model to Models 2 or 3 for two hospitals for
CHEF and for one hospital for AMI

DISCUSSION

The goal of this study was to evaluate the incremental benefit of supplement-
ing administrative data with available clinical and demographic information
to improve the validity of comparisons of risk-adjusted mortality. As these
comparisons become standard components of many pay-for-performance
programs and public reports, it has become increasingly important to develop
measures that accurately reflect the reality of the care provided. Similar to oth-
ers (Smith et al. 1991; Pine et al. 1997), our intent was not to identify the most
parsimonious or most sophisticated risk-adjustment model, or to compare the
relative value of administrative vs clinical data, but to show the mortality pre-
diction improvement by adding laboratory and race/ethnicity data to a widely
used mortality model. For this purpose, our base model employed 3M’s APR-
DRG ROM classification that is commonly utilized by providers, payers, state
and federal health care data organizations, including AHRQ and Healthcare
Cost and Utilization Project, to assess hospital and provider level outcomes.
Our results build on the findings from prior studies in three important
ways. First, we developed a statewide collaboration with hospitals and inde-
pendent laboratories to facilitate the direct electronic transfer of laboratory
test results from hospital/laboratory information systems to augment an all-
payer hospital discharge administrative database. Second, in the setting of a
“majority minority” population in the state of Hawaii, we evaluated the
incremental impact of race/ethnicity on our model to predict in-hospital
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mortality. Third, like other investigators, we included laboratory test results
into our mortality models (Lee et al. 2003; Pine et al. 2007; Tabak, Johannes,
and Silber 2007; Escobar et al. 2008; Tabak et al. 2010, 2013, 2014; McCul-
lough et al. 2011). However, in our study we developed a straightforward,
standardized approach to utilize laboratory test results that can be replicated
and validated by other investigators.

Our results parallel the findings from a study (Pine et al. 2007) that
directly incorporated laboratory test results into mortality models. Although
this study utilized laboratory data obtained through both medical record
abstraction and direct electronic transfer, and included a less ethnically/
racially diverse study population than ours, both studies reported a significant
improvement in the c-statistic that was similar in size (approximately 0.02). In
contrast, Tabak and colleagues reported a larger improvement in their base-
line model c-statistic (0.838 to 0.907) using a more complex scoring system
(ALaRMS) that incorporates weighted laboratory test results (Tabak et al.
2014) in a general population that significantly differs from our disease-specific
population.

To put our results in context, we compared the performance of our sim-
ple “lab severity score” with the method proposed by McCullough et al.
(2011), which required modifying the ROM class for the incorporated labora-
tory data (i.e., using the actual lab values, literature review, and expert opinion
to estimate the effect of each abnormal lab value on the probability of the
patient dying in hospital). When we compared the results of our approach
using lab severity (Model 2) to the approach using lab-adjusted ROM class,
we found our models showed substantial improvement in the predictive
power for both diseases (CHF: XQdeZ =66.57, p<0.001; AMI:
XQdeQ = 49.90, p < 0.001). The c-statistic from our method was 0.018 higher
for CHF and 0.011 higher for AMI than the c-statistics from the McCullough
method.

Importantly, our study also found that race/ethnicity may be an impor-
tant factor in predicting in-hospital AMI or CHF mortality. We examined the
possible statistical interactions between race/ethnicity and other variables
(ROM classification, lab severity, and gender). None of the interactions was
found to be significant (results not shown), which implies the independent
impact of race/ethnicity to risk adjustment. Our finding that Native Hawai-
ians, Filipinos, and Pacific Islanders have a lower inpatient CHF mortality rate
than Caucasians parallels findings reported by Brown and colleagues, who
found that inpatient mortality rates differed by race (Brown et al. 2005). The
finding that Native Hawaiians are more likely to die from AMI than Cauca-
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sians suggests that the relationship between race/ethnicity and outcomes is
not uniform. It also supports the comment by Ash et al. (2012) that mortality
estimates that do not incorporate race/ethnicity may substantially miscalcu-
late true levels of risk and, to the extent that they are used for hospital rankings
and assessments of quality, may lead to erroneous conclusions.

Current National Quality Forum (NQF) criteria do not recommend
adjusting for race/ethnicity in performance outcome measures (NQF,
2014); however, this issue is intensely debated. Those against adjusting for
race/ethnicity believe it could mask meaningful differences between groups
and potentially “allow” different standards of care. If outcomes are poorer
for Native Hawaiians than Caucasians, would risk adjusting by race/ethnic-
ity hide this health disparity and an opportunity for improvement? Con-
versely, those in favor of risk adjusting for race/ethnicity believe that if we
do not account for it, hospitals that serve a disproportionate percentage of
the high-risk group may be held accountable for differences in outcomes
that are related to race/ethnicity rather than hospital-specific quality of
care.

Based on these concerns, the NQF is considering a change in its recom-
mendation considering risk adjustment for race and socioeconomic status
acceptable if there is a theoretical basis for its inclusion and if outcomes are
stratified prior to risk adjustment to identify potential disparities. Consistent
with the NQF, we both adjusted for race/ethnicity and separately stratified
our analysis by race/ethnicity. We found that adding laboratory information
generally improved our mortality prediction consistently across racial/ethnic
groups (results not shown). We concur with Jha and Zaslavsky (2014) that
when addressing disparities, stratified, adjusted, and unadjusted scores all
have arole in performance measurement.

Health care providers today have a keen interest in risk-adjusted mortal-
ity at the hospital level due to hospital inpatient payment rule regulated by
Centers for Medicare and Medicaid Services (CMS) (CMS 2014) and other
organizations. Our results suggest that the addition of laboratory test results,
and to some degree for AMI, the patient race/ethnicity information, improves
the accuracy of ROM estimates, and may substantially impact rankings of hos-
pital performance. Indeed, in our ranking of the 10 largest hospitals in Hawaii,
six hospitals for CHF and five hospitals for AMI were directly impacted by
the addition of these data.

There are several limitations to our study. First, our baseline analysis
is based on a risk-of-mortality score (developed by 3M) that includes one of
four possible risk categories. Rather than developing a “standard”
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multivariable prediction model with multiple independent variables, we
chose our approach to replicate the type of data and performance rankings
received by hospitals across the state of Hawaii and other regions nation-
ally. As an alternative approach, we also evaluated the value of lab and
race/ethnicity information using a multivariable model comparable to the
one developed by Krumholz et al. (2006) and drew similar conclusions
(results not shown). Second, we assumed that all missing laboratory test
results were normal, reasoning that clinicians generally only order those
laboratory tests that are relevant for their patient’s condition. This was also
confirmed by our analysis to compare mortality rates between patients with
missing lab tests and patients with normal lab results (results not shown).
Such assumption could, however, affect the prediction accuracy of the mor-
tality model. Third, our laboratory score was based on the number of
abnormal lab results. This may not fully reflect the true importance of a
given lab value as the direction or severity of the abnormality was not taken
into consideration. Although the advantage of our aggregated laboratory
score is its ease of use, that is, one can easily calculate this by adding the
number of abnormal results from a standard set of laboratory tests, we may
be underutilizing laboratory test data by weighting each test or each abnor-
mal result equally. As a sensitivity analysis, a limited set of disease-specific
lab tests for each disease were identified by selecting those lab tests ordered
for at least 80 percent of the patients, and lab severity score was calculated
by counting the number of abnormal tests from the limited set. The results
were very similar to those presented (results not shown). We are currently
investigating a more refined method of laboratory data classification using
standardized scoring systems to capture both the direction and severity of
abnormal values. Fourth, although our analysis was based on statewide
data, our results may not be generalizable to other populations.

Our findings have several important health policy implications. The sig-
nificant improvement in the ability to predict in-hospital mortality through
the inclusion of laboratory data provides strong evidence that these data effec-
tively measure patient severity of illness at the time of admission. To make fair
comparisons of clinical performance across hospitals, our study suggests that
laboratory data should be included in risk-adjusted models. Also, given that
including a race/ethnicity variable increased the predictive power of the mod-
els, and the potential differences among racial/ethnic groups, we recommend
further studies to address whether our finding on importance of including
race/ethnicity information to build ROM model can be applicable in other da-
tabases or diseases.
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CONCLUSION

Utilizing Hawaii statewide hospitalization data for CHF and AMI, we devel-
oped and validated risk-adjusted in-hospital mortality models using labora-
tory and race/ethnicity data in addition to administrative data. A simple
summary measure of laboratory test results and race/ethnicity information
were useful for refining the risk-adjusted models in mortality prediction. Fur-
ther work is necessary to refine the optimal method to incorporate laboratory
data into risk models.
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