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Abstract:
It is increasingly common to incorporate risk-based analyses into clinical
decisions for patients with cardiovascular disease. While many current
cardiovascular guidelines, including those for heart failure, recommend
integrating validated clinical predictive models (CPMs), these predictive
instruments are rarely used. One major limitation is that heart failure is a
heterogeneous phenotype and the generalizability of heart failure CPMs is
largely unknown. We hypothesize that regional CPMs for patients with acute
heart failure (AHF) do not generalize well to patients in other world regions
and that regional model performance can be improved with simple updating
procedures. We identified CPMs derived in North America that predict
mortality for patients with AHF and validated these models in different world
regions to assess performance in a contemporary international clinical trial
(N = 4133) of patients with AHF treated with guideline directed medical
therapy. We performed independent external validations of 3 compatible
CPMs predicting in-hospital mortality, 60 day mortality, and 1 year mortality
respectively. CPM performance varied substantially across different world
regions (North America, South America, Eastern Europe, and Western
Europe). The median percent decrease in discrimination across different
world regions was - 40% (range -15% to -92%). Regional calibration was
highly variable (Harrell’s Eavg range <1% to >19%) however simple updating
procedures significantly improved local performance (recalibrated Eavg < 3%
across all regions and all models). Regional AHF CPM discrimination and
i

calibration vary substantially across different world regions and local
performance must be understood and optimized before these tools can be
leveraged to improve patient care.
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Introduction:
It is increasingly recognized that common clinical phenotypes encompass
substantial heterogeneity with respect to patient values and preferences,
outcome risks, and harms and benefits of treatment.1,2 To aid physicians and
patients, clinical predictive models (CPMs) are now widely available to estimate
the likelihood of important outcomes (prognostic models) or diagnoses
(diagnostic models) for individual patients. These tools hold the potential of
allowing clinicians to align treatment decisions with patient risks and preferences
and are increasingly included as part of cardiovascular disease (CVD) clinical
practice guidelines.3–7
Despite this recognition and the availability of CPMs, until recently clinicians have
largely ignored these tools and implementation lags far behind model
development. In our own Tufts PACE CPM registry, we have described
approximately 800 unique risk models in the cardiovascular literature8, yet only a
handful are applied routinely in clinical practice to guide important decisions.
Potential reasons for this lack of translation into practice include marginal
performance with respect to discrimination and calibration, the limited usefulness
of the information with respect to clinical decision making, and limited usability at
the point of care.9–12 One major concern is that model performance is often
significantly better for the population on which the model was derived (derivation
population) compared to a similar yet distinct ‘real world’ populations (external
validation population).13 Efforts are now underway to better understand this
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predictive modeling literature and to improve the reporting and overall utility of
these tools.14,15
In the treatment of patients with heart failure (HF), current guidelines recommend
using validated CPMs to individualize treatment decisions.6 This
recommendation emerges from the observation that patients with HF vary widely
in their risk of death, as defined on the basis of easily obtainable clinical
characterstics.16 CPMs can help estimate this risk, however acceptable regional
performance of HF CPMs and appropriate model updating have both been
understudied. These are central questions for the care of patients with HF since
significant regional heterogeneity is recognized even within the restricted settings
of randomized controlled trials.17–19 Models may support appropriate decision
making in one region, while yielding misleading information in another. Here we
use patient level data from The Efficacy of Vasopressin Antagonism in Heart
Failure Outcome Study with Tolvaptan (EVEREST)20 to perform regional
independent external validations of previously published CPMs that predict
mortality at different time points following hospital admission for acute heart
failure (AHF). Our hypothesis is that regional CPMs for AHF derived on data from
patients in one world region (here North America) do not generalize well to
patients in different world regions and that simple updating procedures can
improve regional performance.

2

Methods:
Model Selection: Identifying compatible CPMs is a process that involves
evaluation of both the original CPM and the validation cohorts (Table 1).

For this analysis compatible CPMs were defined by the following characteristics:
1) the index condition in the derivation cohort was similar to the index condition in
the validation cohort (here AHF), 2) CPM predicts mortality, 3) all variables in the
CPM were captured in the validation datasets (see below) and can be assigned a
value, and 4) CPMs were derived in patient samples from a single world region
(here North America). We identified compatible models by performing a query of
our Tufts PACE CPM Registry. We complemented this search by reviewing a
recently published systematic review of CPMs for HF.21 For this analysis we
present a sample of the CPMs developed in North America that predict mortality
at three different time points following hospitalization for HF.
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Selected Models: Selected models are show in Table 1 and S1. Selected models
were: The American Heart Association Get With the Guidelines- Heart Failure
(GWTG-HF)28 model (7 variables, predicts in-hospital mortality), The Outcomes
of a Prospective Trial of Intravenous Milrinone for Exacerbations of Chronic Heart
Failure (OPTIME-CHF)29 (5 variables, predicts 60 day mortality), and The
Enhanced Feedback for Effective Cardiac Treatment (EFFECT)30 model (10
variables, predicts 1 year mortality). Age, Systolic Blood Pressure, Serum
Sodium, Serum Blood Urea Nitrogen are common variables in all three models.
The GWTG-HF program collected patient level data from patients hospitalized for
HF at 287 hospitals in the United States between January 2005 and June 2007.28
These data were used to build and validate a model predicting in-hospital
mortality following admission for HF that was presented as a point score and
online calculator in 2010. The model was built using logistic regression analysis
from a final cohort of 27,850 patients (derivation cohort) and validated on 11,933
patients (validation cohort) from this program.
The OPTIME-CHF study was a randomized clinical trial of 949 patients with heart
failure with reduced ejection fraction hospitalized for worsening symptoms.31
Patients were randomized to receive intravenous milrinone or placebo for 48-72
hours. Patients were enrolled from 78 centers across the Unites States from
1997 to 1999. A CPM predicting 60 day mortality was derived from this dataset
using Cox proportional hazards analysis and presented as a point score in
2004.29
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The EFFECT study group presented a CPM derived from 2624 patients
hospitalized in Ontario, Canada, from April 1999 to March 2001 for HF. Data for
this model came from the Canadian Institutes of Health Information hospital
discharge abstract and patients were included only if they met a pre-specified
definition of clinical heart failure. This CPM was created using logistic regression
analysis and a validation was performed on 1407 patients from different hospitals
in Ontario from a previous time period (1997 to 1999).
Validation Cohort: The EVEREST trial has been previously reported.22 This was
a prospective, international, multicenter, randomized, placebo controlled study
conducted in 359 sites worldwide from 2003 and 2006. The trial included 1,251
patients from North America, 699 patients from South America, 564 patients from
Western Europe, and 1619 patients from Eastern Europe. This study evaluated
the addition of tolvaptan to standard medical therapy for AHF and enrolled
patients within 48 hours of HF hospitalization. Inclusion criteria were: 18 years or
age or older, reduced left ventricular ejection fraction (< 40%), clinical volume
overload, New York Heart Association (NYHA) class III/ IV symptoms and
hospitalized for ADHF. Exclusion criteria include: Cardiac surgery within 2
months of enrollment, intra-aortic balloon pump (AIBP) or other mechanical
support, biventricular pacemaker placed within 2 months, other comorbidities
with life expectancy less than 6 months, acute myocardial infarction at the time of
hospitalization, significant uncorrected valvular disease, end stage heart failure,
need for dialysis, supine systolic blood pressure < 90, creatinine > 3.5 mg/ dL,
potassium > 5.5 mEq/L, hemoglobin < 9 g/dL. Patients were followed for the dual
5

primary end points of all-cause mortality and cardiovascular death or
hospitalization for heart failure. During a median follow up of 9.9 months, 537
(26%) of the patients died. Tolvaptan had no effect on long-term mortality for
these patients (hazard ratio 0.98; 95% confidence interval [CI], 0.87-1.11;
P=0.68). The patients enrolled in this trial were treated with guideline directed
medical therapies for HF including ACE inhibitors (84%), beta-blockers (70%),
aldosterone blockers (54%), and diuretics (97%) and thus this trial provides an
opportunity to evaluate the regional performance of previously published CPMs
on an international population of patients with AHF treated with contemporary
evidence based therapies.
Statistical Analysis and Model Updating: For each CPM we calculated a point
score for each patient based on their covariate values. These point scores were
then converted into predicted event probabilities as described by the original
CPM authors (Figure S1).
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When a range of probabilities was given the midpoint probability was assigned
for a given point score range. Event probabilities were converted to a linear
predictor using the equation [predicted value = (1 / (1+ e-xbeta)] where xbeta is the
linear predictor for a given probability. This transformation was used for the
various performance measures (described below). Percent decrement in
discrimination was calculated as [Derivation AUC-0.5]-[Regional AUC0.5]/[Derivation AUC-0.5] * 100. All analyses were run in R Studio Version
0.99.489.

Measuring CPM Performance: Calibration-in-the-large is a measure of global fit
that describes whether the mean observed death rate agrees with the mean
predicted rate of death. Model discrimination refers to the ability of each model to
separate those who experience the outcome of death from those who do not.
This measure is often represented by the Area under the Receiver Operating
Curve (AuROC). An AuROC curve of 0.5 indicates that the model does no better
than a ‘coin flip’ in discriminating between those who ultimately die from those
who do not. An AuROC of 1.0 indicated that the model perfectly discriminates
between these groups. CPM performance is generally between these two
bounds and values of 0.7-0.8 are sometimes described as representing
benchmarks for good discrimination. In this analysis we assess percent
decrement in discrimination which is derived (as shown above) from the AuROC
for each region. Model calibration is a separate measure of performance and
7

reflects whether predicted outcome rates match observed outcome rates across
a particular subgrouping scheme (e.g. when the sample is divided into quantiles
of risk). This measure of performance is often evaluated by a HosmerLemenshow statistic, which uses a chi square statistic to determine whether the
predicted and observed outcome rates are significantly different across deciles.
There are, however, important limitations to this commonly used statistic.25
Instead we focus our analysis on a newer measure of calibration, Harrell’s E
statistic.26 This measure of error computes the average absolute calibration error
(average absolute difference between the lowess-estimated calibration curve and
the line of identity, labeled Eavg.) We also evaluate Emax, a more conservative
measure of calibration that describes that maximum absolute difference between
predicted and calibrated probabilities.

While many updating techniques are available (Table SA, adapted from
Steyerberg23), simple approaches are preferred for ease of use. The most direct
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application of a published prediction model is to use the model as it was originally
described (technique 1).
The simplest form of updating (technique 2) addresses calibration-in-the-large
and is often considered of primary importance. This method considers the mean
observed outcome rate in the derivation and validation cohorts and applies the
difference between these rates to update the intercept (α) of the CPM. This
approach is expected to work reasonably well if the variation in outcome rates is
not directly attributable to changes in the effects of clinical variables contained in
the model.24
The next form of updating (technique 3) takes the form of recalibrating the
intercept and applying a uniform correction factor to the regression coefficients of
the independent variables to better fit the validation population. This form of
updating maintains the originally developed model while updating both the model
intercept (α, as addressed in technique 2), and the remaining regression
coefficients by multiplying each by a constant factor called the calibration slope
(βoverall). The original model is maintained in this form of updating and is adjusted
for overall fit. This updating technique corrects both for differences in prevalence
unrelated to covariate effects (as in technique 2) and also can correct for
overfitting in the original derivation dataset.
Data Adequacy:
The overall mortality rates and number of events for patients in the EVEREST
trial, stratified by region, are shown in Figure 1.
9

Event rates for in-hospital mortality are low and may negatively impact measures
of model performance. Additionally there are certain validation datasets in
specific regions with modest size (approximately 400 patients) and also low
event rates (~2.5% for in-hospital mortality). These characteristics may adversely
affect our ability to measure CPM performance.27 Power for model re-calibration
relates primarily to the ability to extend models beyond the published predictors
or re-estimate individual coefficients (update techniques 4-8 in Table SA). We
have decided a priori not to extend the predictive models by adding additional
variables.
In order to maximize the number of patients available for the validations we relied
on an assumption for the long-term mortality model. For the 1 year mortality
outcome we included patients who had died (prior to or at 1 year) or were alive
with at least 9 months of follow up. Patients without a death in the first year but
who were confirmed alive at 9 months (or beyond) were considered alive at 12
months for the logistic regression models of 1 year mortality. We performed
10

sensitivity analyses (S2a-c) to determine how this assumption affects model
discrimination and calibration.
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Results:
Database Comparisons:
Overall the patients in the derivation cohorts were similar to but distinct from the
patients in the validation cohorts (EVEREST database overall and region
specific); Table 1. The distribution of covariates is shown for each world region
within the validation databases (Table 1). Median age ranged from 63 years in
South America to 70 years in North America and Western Europe databases.
Median systolic blood pressure (SBP) ranged from 122.0 in Eastern Europe to
112.0 in the other world regions. The percentage of Black patients ranged from
0% in Eastern Europe to 16.9% in North America. Two CPMs (GWTG-HF and
EFFECT) were derived from patients with heart failure with reduced ejection
fraction (HFrEF) and also heart failure with preserved ejection fraction (HFpEF).
12

GWTG-HF CPM was derived from registry data. The OPTIME-HF CPM was
derived from data collected between 5 and 7 years before the EVEREST study
was conducted. Exclusion criteria for these databases are shown in Table S4.
The randomized controlled trials had more exclusion criteria than the registry
database.

Independent External Validations:
We assessed calibration-in-the large for each mortality time point (in-hospital
mortality, 60 day mortality, and 1 year mortality) for the derivation databases and
the validation databases (Table 2).
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In-hospital mortality (predicted by the GWTG-HF CPM) occurred with an
average rate of 2.7% across all regions (observed rates ranged 1.7% in Eastern
Europe to 4.2% in Western Europe). Predicted rates for the regional populations
ranged from 1.7% in Eastern Europe to 2.7% in North America. There was no
difference in the observed and predicted in-hospital event rates for Eastern
Europe while the largest difference between the observed and predicted event
rates was seen in South America (observed mortality rate of 3.9%, predicted
mortality rate of 2.0%, difference of 1.9%). 60 day mortality (predicted by the
OPTIME-CHF CPM) occurred at a rate of 7.1% across all world regions. The
observed event rates ranged from 4.5% in Eastern Europe to 10.0% in North
America. Predicted average event rates ranged from 12.8% in Eastern Europe to
27% in Western Europe. There were large differences between the observed and
average predicted 60 day mortality rates across all world regions (differences
ranged from 8.3% in Eastern Europe to 19.2% in North America). 1 year mortality
14

(predicted by the EFFECT model) had an observed event rate of 32.9% across
all regions. The regional observed rates ranged from 23.0% in Eastern Europe to
28.9% in North America. Predicted average rates ranged from 18.0% in Eastern
Europe to 27.4% in Western Europe. There were many regional differences
between the observed and average predicted 1 year mortality rates and
differences ranged from 9.1% in South America to < 1% in Western Europe.
Another dimension of CPM performance that we assessed was model calibration
across ranges of predicted risk for different world regions. Regional calibration
plots (with updating) are shown in the Figures S5 to S7.
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Worldwide: No updating

Worldwide: Updated Intercept

Worldwide: Updated Slope and Intercept

S5a, S6a, S7a: Calibration Plots for EVEREST (worldwide) (from left to right: No update (original model applied), Updated intercept, Updated Intercept and Slope).
X-axis is predicted probabilities, Y-axis is observed probabilities. GWTG HF is Get With The Guidelines Heart Failure Model, EFFECT is The Enhanced Feedback
for Effective Cardiac Treatment Model, OPTIME-CHF is the Outcomes of a Prospective Trial of Intravenous Milrinone for Exacerbations of Chronic Heart Failure.
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North America: No updating

North America: Updated Intercept

North America: Updated Slope and Intercept

S5b, S6b, S7b: Calibration Plots for EVEREST North America (from left to right: No update (original model applied), Updated intercept, Updated Intercept and
Slope). X-axis is predicted probabilities, Y-axis is observed probabilities. GWTG HF is Get With The Guidelines Heart Failure Model, EFFECT is The Enhanced
Feedback for Effective Cardiac Treatment Model, OPTIME-CHF is the Outcomes of a Prospective Trial of Intravenous Milrinone for Exacerbations of Chronic
Heart Failure.

17

South America: No updating

South America: Updated Intercept

South America: Updated Slope and Intercept

S5c, S6c, S7c: Calibration Plots for EVEREST South America (from left to right: No update (original model applied), Updated intercept, Updated Intercept and
Slope). X-axis is predicted probabilities, Y-axis is observed probabilities. GWTG HF is Get With The Guidelines Heart Failure Model, EFFECT is The Enhanced
Feedback for Effective Cardiac Treatment Model, OPTIME-CHF is the Outcomes of a Prospective Trial of Intravenous Milrinone for Exacerbations of Chronic
Heart Failure.
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Eastern Europe: No updating

Eastern Europe: Updated Intercept

Eastern Europe: Updated Slope and Intercept

S5d, S6d, S7d: Calibration Plots for EVEREST Eastern Europe (from left to right: No update (original model applied), Updated intercept, Updated Intercept and
Slope). X-axis is predicted probabilities, Y-axis is observed probabilities. GWTG HF is Get With The Guidelines Heart Failure Model, EFFECT is The Enhanced
Feedback for Effective Cardiac Treatment Model, OPTIME-CHF is the Outcomes of a Prospective Trial of Intravenous Milrinone for Exacerbations of Chronic
Heart Failure.
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Western Europe: No updating

Western Europe: Updated Intercept

Western Europe: Updated Slope and Intercept

S5e, S6e, S7e: Calibration Plots for EVEREST Western Europe (from left to right: No update (original model applied), Updated intercept, Updated Intercept and
Slope). X-axis is predicted probabilities, Y-axis is observed probabilities. GWTG HF is Get With The Guidelines Heart Failure Model, EFFECT is The Enhanced
Feedback for Effective Cardiac Treatment Model, OPTIME-CHF is the Outcomes of a Prospective Trial of Intravenous Milrinone for Exacerbations of Chronic
Heart Failure.

20

These curves demonstrate highly variable calibration. Table 3 shows CPM
calibration across the regional validation populations.
Generally model calibration appears more favorable for the CPM predicting inhospital mortality (GWTG-HF). For the GWTG-HF CPM the Eavg ranged from
0.2% in Eastern Europe to 2.0% in South America. For the OPTIME-CHF CPM
the Eavg ranged from 8.4% in Eastern Europe to 19.3% in North America. For the
EFFECT CPM the Eavg ranged from 2.0% in Western Europe to 9.5% in South
America. Emax is shown in Figure S8.
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CPM discrimination was also assessed across different world regions and we
observed major decrements in the ability of the CPMs to discriminate between
those who died from those who did not (Table 4). The median model decrement
in discrimination across all world regions and all CPMs was 40%. The median
decrement for GWTG-HF CPM was 40% with the poorest performance in South
America (AUC 0.52). The median decrement in discrimination for OPTIME-CHF
CPM was 22% with the worst performance in Western Europe (AUC 0.66). The
ability of the EFFECT CPM to discriminate those who died at one year from
those who did not varied substantially across different world regions. This model
had the poorest discrimination in South America (AUC 0.58) while the AUC in
Western Europe and North America was 0.69 to 0.72 respectively.
Model Updating
We applied model updating technique 2 (updated intercept, Table SA) and
demonstrated generally significantly improved calibration (Table 4, Figure S6ae). With this approach the GWTG-HF CPM showed a recalibrated Eavg that
ranged from 0.2% in Eastern Europe to 2.5% in South America. The OPTIMECHF CPM demonstrated a recalibrated Eavg that ranged from 1.8% in Eastern
Europe to 4.8% in North America. The EFFECT CPM showed a recalibrated Eavg
that ranged from 1.3% in Western Europe to 7.3% in South America (Emax is
shown in Figure S8).
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Following regional updating of the CPM intercept and slope (technique 3) we
observed additional improvements in calibration (Table 4, Figure S7a-e).

With this approach the GWTG-HF CPM showed a recalibrated Eavg that ranged
from 0.2% in Eastern Europe and North America to 1.4% in South America. The
OPTIME-CHF CPM demonstrated a recalibrated Eavg with this technique that
ranged from 0.5% in Western Europe to 0.8% in South America. The EFFECT
CPM showed a recalibrated Eavg that ranged from 1.0% in North America to 2.5%
in South America (Emax is shown in Figure S8.)
Slope and intercept values that optimize regional CPM performance (minimizing

Eavg ) are shown in Table 5 and demonstrate that distinct corrections are needed
for each world region. 13 of the 15 (86%) of the slope corrections are < 1
indicating that the original CPMs are generally overfit to the derivation
populations.
Generalizability by Region:
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EFFECT model and GWTG-HF predicted probabilities generally best matched
observed probabilities in North America,. Calibration of the OPTIME-CHF CPM is
improved significantly with updating of the intercept only. For South America the
baseline unadjusted CPMs were not well calibrated and following updating of the
intercept only substantial differences between predicted and observed rates
remain (for all models). After updating both the intercept and slope the OPTIMECHF and EFFECT models demonstrated improved calibration though the
GWTG-HF model remained poorly calibrated. Eastern European validation
showed that the EFFECT model generally under predicted outcomes in the
absence of any recalibration. Substantial improvements in calibration were seen
for all models following updating of the intercept only for all CPMs in this region.
In Western Europe calibration of the original EFFECT model is excellent without
the need for recalibration. Calibration of the remaining models improved
significantly following updating of the intercept only. Notably, the major
decrements in discrimination that we observed remain unchanged following the
various updating procedures.

Discussion:
There has been significant attention paid to the development and publication of
CPMs (generally) and for cardiovascular diseases (in particular).8 At the same
time there has been relatively little focus on the performance of these models on
24

populations separate from the derivation cohort and more similar to patients seen
in clinic. Here we show that published CPMs frequently perform extremely poorly
and have limited generalizability in new populations both with respect to
discrimination and calibration. We demonstrate that performance can vary
substantially across different world regions even in the same clinical trial with
uniform inclusion criteria (up to a 3-fold difference in observed vs. predicted
event rates and > 90% decrease in discrimination) and also that performance
(specifically calibration) can be improved significantly with simple updating
procedures. Different adjustments (to intercept and slope) are necessary to
optimize performance across various world regions such that, in the case of heart
failure, it appears unrealistic to expect a single ‘off-the-shelf’ CPM to perform well
across all settings.
An important (and often neglected) measure of performance is calibration,
specifically how well predicted probabilities correlate with observed outcome
rates. Here we show that overall calibration of the originally published CPMs
varies across world regions and is often poor. The reasons for poor regional (as
presented) model include regional differences in HF etiology, severity, and
treatment.17 So too, certain variables such as NYHA class32 and various vital
signs33, are likely captured with varying fidelity across different databases and
regions. It is also likely that the threshold to admit patients for AHF, local systems
for post-discharge care and follow up are all highly variable across the globe and
relate to prognosis. Reasonable local calibration is essential since applying
poorly calibrated models to inform clinical decisions holds the potential to do
25

harm when compared to ‘treat all’ or ‘treat none’ approaches, whereas good
calibration protects models from motivating harmful changes in decisions
regardless of model discrimination.34
We note major and variable decrement in CPM discrimination across these
different world regions. There are likely two major drivers of this observation; 1)
modeling techniques and 2) phenotype heterogeneity. It is now well recognized
that CPM discrimination is often substantially better on the data that were used to
derive the model as compared to new patients that are similar but distinct from
the derivation cohort.36 This optimistic performance often emerges from the
statistical methods used to select predictors (here univariate and multivariable
selection methods) since these methods suffer from the same limitations
associated with other forms of multiple testing, are known to underestimate Pvalues, and lead to overfitting of the final model.13 In addition to this concern, if
major outcome predictors are not included in the CPMs and differentially
distributed throughout the world then this measure of performance will suffer (and
be different across world regions). An example of this heterogeneity is noted in
South America where the etiology of HF is much less likely to be from ischemic
heart disease (as compared to North America) and also use of certain therapies
(such as implantable cardioverter-defibrillators and beta blockers) is less
common.17 Unfortunately the simple updating techniques done here (in the
absence of adding variables or recalculating individual beta coefficients) do
nothing to improve this loss of discrimination.
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Simple updating techniques can significantly improve calibration. We
demonstrate that the updating procedures needed to optimize performance are
region specific and that generally the most significant improvements are seen
after updating the intercept, a technique that improves calibration-in-the large.
Ideally clinicians would understand (and optimize) performance for local
populations similar to those seen in clinic. This level of performance (not
assessed here) would account for many of the unmeasured local determinants of
outcomes.35 As CPMs are used to aid clinical decisions it is important to
understand model performance within local care systems. If models are
employed for administrative purposes to compare the performance of various sin
differentregions, accurate (and updated) calibration becomes of central
importance. Without this measure of performance our assessment of CPMs (and
the information they yield) is incomplete (at best) and potentially harmful.
While it is appealing to separate individuals who are likely experience an event
from those who are not, such information may be of little value; reporting to
patients an event probability is not inherently helpful (and may be harmful if the
prediction is poorly calibrated). Too often there is no clinical decision that is tied
to such information. In fact there are only isolated examples from across the
cardiovascular subdisclipines where specific clinical decisions are tied to
predicted outcome risk. Well-known examples include statin therapy in the
primary prevention setting37 and warfarin use for patients with non-valvular atrial
fibrillation.38 More often patients with common clinical presentations and disease
states are treated uniformly based on general phenotypes and this is especially
27

common when the number needed to treat is reasonably low and the harm
associated with therapies is minimal (as for many heart failure medical
therapies). When there are significant risks associated with treatments such as
surgical and procedural interventions accurate predictions may indeed be very
beneficial.
There are analytic limitations that should be discussed. The size of the validation
cohorts (and regional event rates) varied across different world regions and in
some regions (Western Europe and South America) the smaller sample sizes
produce more uncertainty about observed performance (both discrimination and
calibration. This was especially the case for the GWTG model, since in hospital
mortality outcome rates were very low. Also, our chosen measure of calibration,
Eavg, is related to the absolute event rate (observed and predicted) and thus
appears better in populations with low event rates. We used complete case
analyses in these validations. If data are not missing completely at random than
this may bias our results. For example, if missingness occurred more frequently
for patients with higher risk and there was an association with unmeasured risk
variables, there is a chance that we are preferentially eliminating some high risk
patients from our analysis and our calibration in-the-large (average event rate)
would be an underestimate of the true event rate.
Our results show that the performance of North American CPMs varies across
different world regions and that in certain regions published CPMs are not
helpful. We demonstrate that simple updating procedures improve the calibration
(but not discrimination) of previously published CPMs for regional populations
28

with AHF. This analysis shows the importance of independent external
validations, especially when clinical decisions or administrative comparisons
might be leveraged by the output. Poorly calibrated models hold the potential for
harm and there should be renewed emphasis on local performance of CPMs and
also on what decisions might be improved through use of these models.
Clinicians and the research community should call for systematic independent
external validations of proposed (and previously published CPMs) to more fully
evaluate this important dimension of performance. Ultimately, when considering
potential application of CPMs to inform clinical decisions or assess outcomes the
most important performance measures are not those described during model
development but instead are those that describe local performance
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