
EDITORIAL

Transforming risk factors into an unbiased mortality model
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What explains ‘higher mortality’ at neonatal intensive care units
(NICUs) in children’s hospitals compared to perinatal center
NICUs? Patients at children’s hospital NICUs may differ in many
ways from those at other NICUs, and some of those differences
might explain the unadjusted association between NICU type and
mortality. Severity of illness does not explain the unadjusted
association between NICU type and mortality, so in this issue
Berry et al.1 explore additional risk factors.

Neonatal intensive care is an exceedingly complex web of
processes interacting with myriad individual-level and group-level
factors that modulate outcomes.2 The main tool for disentangling
these determinants is risk adjustment. The equation describing the
rationale is deceptively simple:

Outcome ¼ treatment effectiveness þ patient characteristics

affecting response to treatment

þquality of careþ random chance:3 ðEquation ð1ÞÞ
Because it is so difficult to assign accurate values to the requisite
equation terms, adjusted outcomes often have a low signal to noise
ratio for quality of care.4 Predictive models may achieve statistical
significance, but correlation between quality of care and mortality
remains low.4,5

To improve the outcome/quality signal to noise ratio, Berry
et al. propose three adjusters: referral center, congenital anomalies
and surgeries. Their work begs this question: After accounting for
specified predictors, is it valid to consider outcome differences
among institutions a surrogate for differences in quality of care?
Well, it depends. ‘All models are wrong; the practical question is
how wrong do they have to be to not be useful.’6 Here are just a few
considerations germane to their model.

Rate denominators

NICU outcome rates are usually computed with institutional-based
denominators: mortality rate¼ x deaths per 1000 NICU admissions
per year. In general, a rate denominator counts the number of
individuals who potentially can experience the outcome counted in
the numerator. Institutional- and population-based rates answer
different questions.7 Institutional rates can actually misrepresent
institutional performance. Berry et al. analyzed similar patient
numbers for the two study hospitals using 6 months of data from
Toronto and 12 months from Montreal. This suggests that the

facilities serve different size populations; despite comparable
institutional-based denominators, population-based rate
denominators might differ.

Imagine NICU A and NICU B, each with 1000 admissions per
year and 80 deaths per year. Each institutional mortality
rate¼ 8%. NICU A is its regional referral center, with population
base¼ 10 000 births per year. NICU B is its regional referral center,
with population base¼ 50 000 births per year. Assume that lower-
level NICUs in each region transfer their sickest patients (highest
mortality risk) to their regional referral center. NICU A and NICU B
therefore have different population-based mortality rates despite
identical institutional-based rates. NICU A’s population-based
rate¼ 80 deaths per 10 000 births per year¼ 0.8% and NICU B’s
population-based rate¼ 80 deaths per 50 000 births per
year¼ 0.16%.

Assuming constant excess risk across strata

Statisticians adjust for case mix to compare, metaphorically, apples
with apples when supplied with a bowl of apples, oranges and
so on. The magic works, provided methodological assumptions
are not violated. Berry et al.’s model assigned a particular
coefficient value to the categorical variable ‘admission from
another NICU’; it assumed that the risk associated with initial
care at another NICU is constant, the same for all infants and
across all referring NICUs.

This is an important issue that is persuasively explained by
Shwartz et al.8 and summarized below. The essential idea is that
if case mix strongly influences outcome and also varies widely
among providers, then despite explicit accounting it may continue
to distort performance comparisons.

Suppose that patients were categorized by baseline factors as
either (a) low neonatal mortality risk¼ 1% or (b) high neonatal
mortality risk¼ 5% and that in the overall population, half the
patients are low risk and half are high risk, with an overall
mortality rate of 3%. The task is to compare mortality at NICUs
A–C. Each cares for 1000 patients, but the case mix varies greatly
(Table 1). To render the argument specific to Berry et al., simply
interchange ‘high risk’ with ‘transferred from another NICU’ and
‘low risk’ with ‘transferred from non-NICU.’

NICU A cares for 800 low-risk patients; its 1% rate equals that
for the overall low-risk population: 8 deaths per 800 patients. In
contrast, the 10% rate for its 200 high-risk patients is twice that in
the overall high-risk population: 20 deaths per 200 patients.
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Thanks to NICU A’s low proportion of high-risk patients, its crude
rate is slightly better than average¼ 2.8%.

Obviously, crude rates can lead comparisons astray. One
possible preventative is a method called indirect standardization.
Risk stratum-specific rates for the population are applied to the
numbers in each risk stratum for each NICU to yield expected
outcomes (Table 1). Although Berry et al. use regression modeling,
not standardization, regression may be considered to generalize
standardization. Standardization is more transparent in revealing
the fallacy of interest.

Expected outcomes may then be compared with the observed
ones. When evaluating mortality, the ratio of no. of observed
outcomes to no. of expected outcomes, O/E, is called the standardized
mortality ratio, SMR.9 Observed minus expected rates, O–E, is called
excess mortality. Thus, applying the all low-risk patients’ 1%
mortality rate to the 800 low-risk NICU A patients yields eight
expected deaths. Similarly, applying the all high-risk patients’ 5%
mortality rate to the 200 high-risk NICU A patients yields 10 expected
deaths. The sum, 18 deaths, yields an expected mortality rate of 1.8%.
NICU A’s SMR of 1.56 means it experienced 56% more deaths than
expected by case mix. Excess mortality rate, O–E, was 1%.

Next, compare NICU B with NICU A. Each experienced identical
stratum-specific rates. However, NICU B cares for a high proportion
of high-risk patients, so its crude rate is much higher than the
average¼ 8.2%, highlighting the stimulus for some means of risk
adjustment. NICU B’s SMR¼ 1.95 and O–E¼ 4%, calculated as
for NICU A. Similar patients experienced the same outcome at
either facility, but NICU B appears to perform worse than NICU A.

Now consider NICU C. Its case mix is identical to NICU A’s, but
stratum-specific rates are 25% higher. Because of NICU C’s case
mix, its crude rate is lower than NICU B’s. Indirect standardization
is unable to reveal the performance gap. What is worse, excess
mortality at NICU C suggests that it performs better than NICU B.

Table 1 assumes constant excess risk across strata in comparing
observed outcomes to expected outcomes. Providers are

inaccurately characterized despite case mix accounting because
case mix influences outcome differently at each hospital.10 One
remedy is direct standardization: apply NICU-specific risk stratum
rates to an externally defined ‘standard population.’ This produces
a weighted average of the differences between NICUs for low- and
high-risk patients based on their prevalences in the standard
population (Table 2). Alternatively, one may limit NICU
comparisons to those with similar patient mixes,8 as discussed
below in the section on product lines.

Collinearity

Logistic regression assumes that risk factors are independent
of each other. When they are substantially correlated, the
model can yield misleading results owing to a problem called
collinearity.11,12 In Berry et al.’s model, referral center,
surgeries and congenital anomalies are plausibly correlated
with illness severity.

Collinearity leads to unstable regression coefficient estimates,
increases their standard errors and affects their computed
P-values.11,13 This instability reflects the difficulty in distinguishing
the influence of one or the other of the highly correlated variables
on the outcome.12,13 The modeling method partials all the other
independent variables from the relationship between each
independent variable and the outcome.11 If independent variables
are substantially correlated with each other, the model assigns to
them relatively small coefficient values and large standard errors.
Risk factors could appear unimportant in predicting an outcome
because they are correlated with other risk factors, not necessarily
because they are indeed trivial. For example, in a study of the
relationship between low income and low birth weight, low income
had no effect.14 Additional covariates included maternal and
paternal education. Because the latter three variables are highly
correlated, including them all in the model obscured the true
relationships.11

Table 1 Case mix and mortality for a hypothetical population and three hypothetical NICUs

Overall population NICU A NICU B NICU C

Risk category Case mix % Mortality % N Mortality % N Mortality % N Mortality %

Low 50 1 800 1 200 1 800 1.25

High 50 5 200 10 800 10 200 12.50

Performance

Mortality rate 3% 28/1000¼ 2.8% 82/1000¼ 8.2% 35/1000¼ 3.5%

SMR (O/E) 28/18¼ 1.56 82/42¼ 1.95 35/18¼ 1.94

Difference (O–E) 2.8–1.8¼ 1% 8.2–4.2¼ 4% 3.5–1.8¼ 1.7%

Abbreviations: NICU, neonatal intensive care unit; O/E, observed and expected rate; SMR, standardized mortality ratio; O–E, observed minus expected rate.
Adapted with permission from Ash AS, Shwartz M, Pekoz EA. Comparing outcomes across providers. In: Iezzoni LI (ed). Risk Adjustment for Measuring Healthcare Outcomes, 3rd edn.
Chicago: Health Administration Press, 2003, p 307.
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Bundled variables

A referral center bundles in one variable several outcome
determinants, each of which might vary by patient, by NICU and
over time. In addition to reflecting lead-time bias, discussed by
Berry et al., it also contains information about the quality of care
(itself, a bundled variable) at the referring NICU. The model
designed to characterize the quality of care at the receiving
institution could be confounded by the quality of care at the
referring institution. Adjusting for referral center could thus
camouflage a quality problem at a referring hospital. Further,
unless diagnoses for patients in each source group are similar,
constant excess risk is assumed across the strata.

Assuming quality trumps chance

Investigators sometimes characterize quality by rearranging
(Equation (1)) to leave only the quality of care and random
chance on the same side of the identity. To be a valid evaluative
strategy, random chance must be unimportant; quality of care
must dominate.

Berry et al.’s variables account for a measurable, but not
provided, proportion of the observed variation in outcomes. This
proportion is denoted by a model performance measure called R2,
explanatory power. The explanatory power of logistic regression
models is often surprisingly small (more specifically called pseudo-
R2) and necessarily constrained by low outcome incidence.15

For example, R2 for the Vermont Oxford Network (VON) mortality
model¼ 0.16;16 84% of the observed variation in mortality is
not explained by the model. Even if one was confident that the
model indeed accounted for all the other substantive factors, one
must still allocate the unexplained variation among quality and
chance.

The respective allocation may be lopsided.17 A study of mortality
among 2671 infants in UK NICUs adjusted for illness severity,
congenital malformations, gestation and birth weight; examined
outcome variation over time; and accounted for systematic
differences among NICUs. Variation among NICUs explained 0%
(!) of the total variation in risk-adjusted mortality.17 Within-NICU
variation, not between-NICU variation, explained virtually all the
differences in observed vs expected outcomes and for each NICU
these differences varied over time.

Counterfactual reasoning

Berry et al.’s model may define the quality of care at the two study
hospitals more than it evaluates it. This is because it is based only
on the infants admitted to those two hospitals. In order to evaluate
quality at those hospitals, data are required on infants similar to
those studied but who were not transferred there and yet received
the same interventions and procedures they would have received at
the study hospital(s).T
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Product lines

Much of the NICU performance evaluation literature rests on the
implicit yet crucial assumption that the appropriate unit of analysis
is the NICU; the unit of observation tends to be the patient.
Perhaps a more appropriate unit of analysis would be the NICU
product line.

Reports comparing providers for adults commonly avoid
describing a hospital’s overall results; they stratify by product line.
For example, providers are compared according to their 30-day
mortality rates for coronary artery bypass graft surgery or survival
rates after acute myocardial infarction. This practice reflects the
agreement that the hospital as a unit of analysis aggregates too
heterogeneous a group of patients, disease conditions and
interventions. Risk adjusting cannot disentangle all the complexity.

Analytically, NICUs may be hospitals in their own rightFfor
neonates with diverse medical and surgical problems, they are
fundamentally heterogeneous service entities.

Correlated outcomes, multi-level analysis

Whatever the unit of analysis, logistic regression as used by Berry
et al. assumes that observations are independent of each other. But
what happens to one patient may not be independent of what
happens to another patient in the same NICU. Moreover, it may be
fallacious to use patient-level data to predict institution-specific
outcome risk for subsequent patients.18 Associations observed at the
patient level may not hold at the NICU level.

Accounting for the varying roles of individual-level and group-
level factors in jointly determining outcomes requires multi-level,
or random-effects, modeling. This was how the ‘systematic
differences among NICUs’ in an earlier cited study were accounted
for,17 and this is how the VON computes ‘shrunken’ performance
estimates provided to participating centers (http://www.vtoxford.org/).

Conclusion

The challenges in translating candidate risk adjusters into
unbiased and equitable models are many and daunting. The
practical test that a model provides operational insight, ‘y how
wrong do they have to be to not be useful,’6 is straightforward:
Do the findings lead to improved population-based rates?
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