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Performance of intensive care is usually quantified
by means of standardized mortality rates, where
standardization is directed towards the severity of
illness on admission. However, as more critically ill
patients survive, functional outcome and quality of
life of these patients becomes more important. In
a prospective study in a 10-bed tertiary paediatric
intensive care unit (ICU), admission and follow-up
health status were collected for 209 surviving
patients. For this cohort of patients, health status
1 year after admission was also predicted, using
the quantified health-utility-index (HUI), as a value
between 0 and 1. For this purpose, two alternative
multiple regression models were constructed. The
most important predictors of 1-year health status
were the level of sensation, mobility and cognition
on admission to which self-care, systolic blood
pressure, oxygen, Glascow Coma Scale, glucose
and age may be added. The two alternative predictive
models performed equally well (R 2 = 0.83 and 0.84
respectively), indicating that health status could be
predicted to a significant degree. The concept of
relating expected future health  status  (based  on
base-line health status), with actual (observed)
health status is denoted with the Standardized
Health Ratio (SHR). In combination with the Stand-
ardized  Mortality Ratios (SMR), such a ratio may
become a new comprehens ive indicator of
performance in intensive care medicine.
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Introduction

Technological developments in advanced medical
care most likely have contributed to the improved
survival of critically ill patients. However, due to
budgetary constraints, physicians, administrators
and the government are prompted to optimize the
performance of care provided, especially if costs are
high and effectiveness might be challenged. Perform-
ance of intensive care is usually quantified as severity
of illness or standardized mortality rates.1 However,
as more critically ill patients survive, functional out-
come and quality of life of these patients becomes more
important. Consequently, longitudinal assessment of
changes in morbidity and health status constitute
crucial supplementary parameters of care performance.

To assess severity of illness-adjusted mortality,
’observed mortality’ is usually compared to ‘expected
mortality’, using mortality prediction models like
APACHE,2 MPM3 and SAPS4 for adult intensive care,
and PRISM5 for paediatric intensive care. These
prediction models have been developed on large,
representative datasets and predict the hospital mor-
tality risk on the basis of admission day data. They
allow for inter-institutional comparison of ICU per-
formance.6 So far, confidence intervals are too wide to
reliably identify individual survivors or non-survivors,
but they can be safely used for group comparison.

Pilot studies in adult patients have shown that it
is conceivable to expand this predictive concept to
health status. With some similarity to the SUPPORT
study7 in which the functional health status of a
number of severely ill adult patients was predicted,
in the present study a quantitative model is devel-
oped to predict, given survival, health status at a
fixed moment (1 year after hospital discharge) on the
basis of admission data. In addition to SMR, observed
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and expected health status will provide additional
information, allowing a more comprehensive assess-
ment of paediatric ICU performance. Subsequently
we introduce a new concept: Standardized Health
Ratios (SHR). SHR is defined as the average observed
health status in a group divided by the average
expected health status in a similar (reference) group.

To assess health status we use the Health Utility
Index (HUI), a validated and frequently used generic
health status measure for children, consisting of seven
domains (sensation, mobility, emotion, cognition,
self-care, pain and fertility).8,9 Each domain is divided
into four to five hierarchical levels. The mere assump-
tion that health status before admission would remain
unchanged is rejected by an analysis of survival and
health status which showed that the health status of
survivors (92% of all patients) 1 year after discharge
had changed in about half of the patients.10 Major
deterioration of follow-up health status was found
in a small number of previously healthy patients.

We hypothesized that a quantitative health status
prediction model based on HUI could serve as an
additional tool to assess outcome of advanced medical
care in children.

Methods

Hospital

The study from which data were derived was
described in detail before.10,11 The unit in which this
study was conducted is a tertiary paediatric intensive
care unit admitting patients aged 1 month to 16 years,
with the exception of trauma patients. The unit has
10 beds, accommodating about 500 patients a year,
and is part of a 210-bed university children’s hospital.
Approval of the institutional review board was
granted and all parents were informed about the
purpose of the study and the research status of the
data acquired; informed consent of the parents was
obtained prior to inclusion.

Data collection

Data of a cohort of all patients admitted during a
1-year period were collected in a prospective fashion.
In all patients, age, diagnosis, primary referring
speciality (cardiovascular surgery, other surgery or
non-surgery) and co-morbidity were registered.
Acute severity of illness was assessed with the
Paediatric RISc of Mortality score (PRISM).5 Survival
status was determined on ICU discharge, on hospital

discharge and one year after ICU discharge.
Furthermore, we registered pre-admission and 1

year post-ICU discharge health status by means of
the HUI. Infants (less than 1 year of age) for whom
the HUI has not been validated, and survivors who
stayed less than 24 hours (mainly post-operative
monitoring patients) were excluded.

Due to the inability of younger children to self-
reflect and their severity of illness on admission,
functional assessment by proxies (parents) is prefer-
able in this setting. One-year post-discharge health
status was assessed by a mailed identical question-
naire to be filled out by the parents.

Analysis

To obtain Health Indexes (HI) from the scores of the
seven HUI-domains, we applied the multiplicative
multi-attribute model as described by Torrance et al.12

In this model the utility of ‘dead’ is assigned 0.00 and
‘optimal health’ has a utility of 1.00.

At least two complementary ways exist to describe
change in health status. The first relates the health-
index prior to admission (HI-before) with the health-
index 1 year after discharge (HI-after). Wu et al.7

further simplified HI-after to a dichotomous variable
using an arbitrary cut-off point. Despite the advan-
tages of this approach (from a computational point
of view), we preferred to predict the full range of the
health index. The second way describes the change
in the number of affected domains, comparing the
profile of affected domains on admission with the
profile of affected domains 1 year after discharge.10,11

In this article we restrict the analysis to changes in
health-index.

A specific problem which emerged in the develop-
ment of the health status prediction model was the
position of data of non-survivors in the analysis. If
the admission data of these children are included, an
assumption of HI-after of non-survivors is required
to achieve a complete predictive dataset. There are
four different options to deal with this general prob-
lem of ‘incomplete’ HI-after data: (1) including
observed deaths in the developmental-dataset with
the HI-after of non-survivors arbitrarily set to zero;
(2) including observed deaths in the developmental-
dataset with the HI-after of non-survivors set to a
ran dom ly drawn value from the HI-before
distribution; (3) including only the unexpected deaths
(mortality risk on admission < 0.1) in the develop-
mental-dataset, setting their HI-after arbitrarily to
zero; (4) excluding observed deaths from the devel-
opmental-dataset. In our series 19 of 246 patients
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died, of which 13 died unexpectedly (mortality risk
on admission < 10%).

Since the health-index prediction model will be
used for ICU performance evaluation and not for
individual predictions, it is justifiable to exclude data
of non-survivors. Predicting survival is not the aim
of this model and other models like the PRISM5 score
specifically are suitable for predicting mortality. On
balance, option 4 was preferred, but we also explored
the other options.

Statistical analysis

Data analysis was performed with SAS 6.10 statistical
software (SAS Institute, Cary, North Carolina, USA).
We used standard multivariate regression to predict
the health-index one year after discharge on the basis
of the admission data. Regression analyses were
performed with different datasets for all four options
on data of non-survivors. Given the skewed and
bounded [range (0; 1)] distribution of the dependent
variable, i.e. observed HI-after, we estimated models
with HI-after untransformed and after conventional
logit transformation. We used standard t-tests and
chi-square tests for evaluation of the calibration of
the respective models. Clinical relevance was evalu-
ated by graphical exploration of the added value of
predicted HI-after beyond the assumption that HI-

before would remain unchanged.
As an independently collected, appropriately sized

validation dataset was not feasible at this stage, we
used two split sample techniques. In the first analysis
the developmental dataset was randomly split into
10 equal-sized subsamples. Thus we were able to
create 10 different 90%/10% splits. Stepwise regres-
sion was repeated with the 10 different 90%/10%
subsamples (10% left out) and the results (variables
selected, standardized coefficients) were mutually
compared and compared to the full dataset result. In
the second split sample analysis the developmental
dataset was randomly split in four 75%/25% datasets.
We used the 75% split samples to develop a regression
model and validated these models each with their
respective 25% split samples. The fit of the predicted
HI-after to the observed HI-after in each of the four
25% datasets was calculated (R2), and the key dis-
tributional characteristics (mean, standard deviation
and tertiary quartile) were compared.

Analogous to the Standardized Mortality Ratio, we
calculated the Standardized Health Ratio for a group
of patients.

Results

During the study period 468 patients accounting for
538 admissions were observed. After excluding 222

Figure 1 . Dataflow of admission data and one year health status data.

Table 1 . Comparison of health-index on admission and health-index one year after discharge, according to referring
clinical speciality

Health-index Cardiovascular surgery Other surgery Non-surgery

Admission 1 year Admission 1 year Admission 1 year

0.0–0.5 0 (0%) 2 (3%) 29 (43%) 32 (47%) 18 (15%) 19 (19%)
0.5–0.7 7 (11%) 5 (9%) 14 (21%) 13 (19%) 8 (7%) 10 (10%)
0.7–0.9 15 (24%) 7 (12%) 7 (11%) 11 (17%) 15 (13%) 15 (15%)
0.9–1.0 40 (65%) 45 (76%) 17 (25%) 11 (17%) 76 (65%) 57 (56%)

Total* 62 (100%) 59 (100%) 67 (100%) 67 (100%) 117 (100%) 101 (100%)

* Three non-survivors in cardiovascular surgery, 16 non-survivors in non-surgery.

N. F. de Keizer et al.

194 Quality of Life Research . Vol 6 . 1997



patients (infants, short stay survivors and non-
responders), admission data of 246 patients were
eligible for analysis, while 1-year health status data
were available in 227. Eighteen patients missed one
or more of the components used in the regression
model. There was no difference in baseline and 1-year
characteristics of these patients and the other
patients. Data of these patients were excluded from
the regression model.

In Table 1 overall health status prior to ICU
admission (HI-before), stratified by referring clinical
speciality, is compared to overall health status 1 year
after discharge (observed HI-after). The three different
patient groups showed significant differences in health
status on admission (p < 0.001). Patients referred after
cardiovascular surgery had the highest health-
indexes on admission. Patients referred by other
surgery specialities had the worst health status.

The dimensions of the HI-before (sensation,
mobility, emotion, cognition, self-care, pain and fer-
tility) were equally distributed in survivors and
non-survivors. We found no difference when using
the levels of the HI-before dimensions as a continuous
or ordinal variable in the prediction model.

No correlation between mortality risk and the HI-
before dimensions was found, indicating the mutually
independent nature of mortality risk and health status
on admission. As expected, some of the other deter-
minants, all part of the PRISM-score, were differently
distributed in survivors and non-survivors.

On the basis of previously mentioned conceptual

differences and the highest R2 of the various models
we selected option 4 (models using data option 1–3
are available from the authors).

Table 2 presents the results of the multiple regres-
sion analysis. The value of R2 was 0.83 and 0.84
respectively, indicating that logit transformation did
not improve the explanatory power in general. From
this result the predicted values of the health-index
1-year after discharge is calculated in two steps (here
we only show the logit transformed formula):

1. Compute the logit defined as h(x) = ß0 + ß1x1 +
ß2x2 + ... + ßnxn where ß0 is the constant (here ß =
2.4745) and ßixi is the estimated coefficient for the
ith variable, with i taking on the values from 1 to
k, and k being the number of variables included
in the model (here k = 9), all variables of the model
are measured on the day of admission.

2. Transform the logit into a health-index between
0 and 1 by the following calculation: Health-index
one year after discharge13 = 1 – (1/exp[exp(logit)]).
Example: a 6-year-old boy suffering from
meningitis who was urgently admitted to the
paediatric ICU. Before admission the child was
healthy although he needed some extra help
(considering his age) when dressing and washing.
So he was assigned to level two on self-care, all
the other domains were level one. On admission
he had a PaO2/FiO2 of 180 (3 points in PRISM)
and he was in coma but responded to stimulation

Table 2 . Health-index prediction models using untransformed and logit transformed data of the dependent variables

Untransformed model Logit transformed model

β SE β SE

Constant 1.2757 2.4748
HUI domains*

Sensation –0.0667 0.0157 –0.2885 0.060
Mobility –0.0469 0.0123 –0.1631 0.0476
Cognition –0.0478 0.0144 –0.1897 0.0559
Self-care –0.1028 0.0118 –0.3526 0.0456

Physiologic
Systolic blood pressure 0.0193 0.0069 0.0734 0.0266
Oxygen –0.0314 0.0099 –0.1363 0.0386
Glascow Coma Scale –0.0422 0.0088 –0.1524 0.0342
Glucose –0.0098 0.0045 –0.0371 0.0177

Other
Age (in months) –0.0004 0.0001 –0.0019 0.0005

R2 0.84 0.83

* HUI domains not included are emotion, pain and fertility.
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(Coma Score 6 in PRISM). The value for the logit
is calculated as follows:

logit = (2.475 – 0.288 × 1 – 0.163 × 1 – 0.190 ×
1 – 0.353 × 2 + 0.073 × 0 – 0.136 × 3 – 0.152 ×

6 – 0.037 × 0 – 0.002 × 72) = –0.336

The HI-after = 1 – (1/exp(exp[–0.336)]) = 0.51.

Table 3 displays the observed and expected HI-after
for both models. A t-test showed on average no
difference between observed HI-after and expected
HI-after in both models (mean difference = –0.007,
95% CI = –0.20 – +0.20).

We tested the calibration of both models. The health
index was divided in ten equidistant classes and
tested with chi-square. Although the t-test on average

Table 3 . Calibration comparison of observed and expected Health Index after using untransformed and logit
transformed models.

Health Index after No. observed cases No. untransformed
expected cases

No. logit
expected cases

0.0–0.1 1 1 0
0.1–0.2 7 4 7
0.2–0.3 9 8 6
0.3–0.4 12 5 11
0.4–0.5 20 25 21
0.5–0.6 10 17 14
0.6–0.7 16 17 13
0.7–0.8 16 14 11
0.8–0.9 12 22 16
0.9–1.0 106 96 110

Total 209 209 209

Figure 2 . Distribution of observed and expected HI-after for two models.
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demonstrated no significant difference, the logit
transformation generally gave a superior perform-
ance as judged from the calibration of the model (χ2

= 9.6, p = 0.29 for the untransformed model; χ2 = 3.28,
p = 0.92 for the logit transformed model). On basis
of χ2 the logit transformed model was superior. The
above testing strengthened the statistical validity of
the model. Next to the statistical validation we
assessed the clinical relevance of the model. The
added value of predicted HI-after beyond the mere
assumption that HI-before would remain unchanged,
was determined graphically.

Figure 2 shows the distribution of observed HI-
after and expected HI-after. The three pairs of bars
represent the observed HI-after for three levels of
change.

The left pair represents two model predictions for
those 55 patients whose observed HI-after decreased
with minimal 0.05, the middle pair represents
predictions for the 110 patients whose observed HI
remained unchanged (HI-before equals HI-after
within a range of 0.05) and the right pair represents
predictions for 44 patients whose observed HI-after
increased with more then 0.05. Note that almost half
of the patients (55 + 44 of 209) experienced a change,
suggesting that the a priori assumption that HI-before
is a good approximation for HI-after is not justified.
Each pair of bars provides the results of two model
predictions for that group of patients, the left bar
representing model 1 (untransformed) predictions,
the right bar representing model 2 (logit transformed)
predictions. Each separate bar is subdivided into
three parts; the lower part represents the patients for
whom the model predicted a decrease of health
status, the middle part represents the patients with
no change predicted and the upper part of the bar
represents the predicted health status improvement,
as defined before. For example, we observed 44
patients whose conditions improved (the right pair
of bars). The left bar of this pair (model 1) correctly
predicts an increase of the HI-after in 15 patients, as
did model 2. No change was predicted for 23 patients

in model 1 and 26 in model 2. Deterioration rather
than the observed improvement was incorrectly
predicted in six and three patients respectively. From
this graphic presentation, we conclude that the logit
transformed model (model 2) has a slightly better
performance than the untransformed model (model
1), although in patients who deteriorate the untrans-
formed model has somewhat better performance,
particularly in patients with low initial HI-before
(data not shown).

To validate the logit transformed model we used
two split sample analyses. In the first split sample
analysis the same variables of the definitive model
were selected in the ten 90% subsamples, with on
average the same values of the standardized coeffi-
cients. In one 90% subsample ‘glucose’ was not
selected and it also showed the lowest p in five of
the nine remaining subsamples.

This is consistent with its relative weak predictive
power in the definitive model (see Table 2). The
results of the second split sample analysis are shown
in Table 4. All four 25% subsamples fit well in the
regression model based on the 75% counterpart
dataset, even in dataset III which by chance had a
rather ‘unhealthy’ composition. In all four subsamples
the distribution characteristics of observed and
expected HI-after were similar.

To illustrate the potential of this predictive method,
we calculated Standardized Health Ratio, based on
the logit transformed model. This procedure essen-
tially requires the average observed health status in
a patient group to be divided by the average expected
health status, which is calculated with the model as
described in Table 2. Suppose that for five children
the observed HI-afters were 0.99, 0.69, 0.43, 0.65 and
0.95 and the expected HI-afters were 1.00, 0.60, 0.41,
0.36 and 1.00 respectively.

The SHR can be calculated as Σobs/Σexpected =
3.71/3.37 = 1.10, indicating that the average health
status in these five children compares favourably to
the outcome after 1 year as compared to the reference
group. Provided that the reference group is ade-

Table 4 . Validation of the logit transformed model using split sample technique. Comparison of expected HI-after
(based on regression models of four different 75% datasets) with observed HI-after in remaining 25% of the
patients

HI-after 25% dataset I 25% dataset II 25% dataset III 25% dataset IV

Observed Expected Observed Expected Observed Expected Observed Expected

Mean HI-after 0.81 0.81 0.78 0.83 0.55 0.54 0.90 0.90
SD HI-after 0.24 0.23 0.24 0.22 0.28 0.29 0.15 0.13
Tertiary quartile 0.99 0.97 0.99 0.99 0.84 0.84 0.99 0.98

R2 0.78 0.83 0.90 0.77
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quately chosen and the size of the sample justifies
statistical analysis, the hypothesis can be statistically
tested whether the confidence interval of this SHR
includes 1.0, hence given survival whether functional
outcome may be regarded normal.

Discussion

In previous studies, outcome assessment in children
after admission to intensive care was usually restricted
to attention to mortality rates. As more children sur-
vive due to advanced medical care, longitudinal
assessment of morbidity and health status becomes
an increasingly important measure in outcome and
quality of care. The success and implementation of
outcome measures into routine clinical practice
strongly depends on their feasibility, reliability and
validity. Routinely used indicators of mortality risk
are APACHE, MPM and PRISM. Recently, in outcome
assessment of adult intensive care health status,
measurements like Spitzer’s Quality of Life Index14

and Sickness Impact Profile15,16 have been included.
The analyses of 1-year health status measures are
frequently descriptive. Wu et al.7 developed a logistic
regression model estimating the probability of an
adult patient having severe functional limitations 2
months after being hospitalized with one of nine
critical illnesses. Although in one study predictors of
functional outcome of paediatric patients requiring
mechanical ventilation during therapy for acute
bacterial meningitis have been described,17 no studies
developing models to predict future health status for
seriously ill hospitalized children have been published.

In this study we used the HUI as a generic health
status measure in our paediatric population. We used
the multiplicative multi-attribute model as described
by Torrance et al.12 to calculate health-indexes on
admission and 1 year after discharge.

By conventional multiple regression analysis we
developed a model to predict the health-index 1 year
after ICU discharge on the basis of admission data.
We made several choices about how to deal with the
non-survivors. Each option has its advantages and
disadvantages. Option 1 (include non-survivors, HI-
after is set zero) agrees with daily practice because
on admission it is generally not known whether a
patient will die; also, all available information is used.
The disadvantage is the choice of HI-after which may
cause error, particularly in this population where
most HI-changes in survivors are small. In option 2
(include non-survivors, HI-after set to a randomly
drawn value) the deaths do not technically disturb
prediction-calculations but the imputed values of the

health-index are certainly nonsensical.
In option 3 (include unexpected non-survivors, HI-

after is set zero) only the expected deaths are
excluded, which has some consistency with daily
practice as survival is the primary goal to achieve in
these children. Just like in option 1 the choice of
health-index and domain levels may cause error.
Finally, the advantage of option 4 (exclude non-
survivors) is that there is no need for arbitrary
substitution of HI-after scores. We decided to exclude
non-survivors data because there is an interest in
long-term health status only for surviving patients.

Despite the restriction to survived patients and the
relatively small number of patients in our study used
to develop the model, we think this model constitutes
a first tool by which functional outcome of future
patient populations can be assessed in a more
comprehensive way complementing sole analysis of
severity of illness-adjusted hospital mortality.

In this pilot study we did not validate the model
with an independently collected prospective validation
dataset. Thorough split sample analysis was applied
as an alternative validation method suggesting the
model to be quite robust. Also more investigation
will be necessary to test the general feasibility, reli-
ability and validity of this health-index prediction
model. With this additional information, the model
may evolve as a yardstick of ICU performance with
respect to functional outcome, once survival has been
achieved. Objective assessment of mortality probability
and future health status may assist the physician in
overall interpretation of numerous complex data
regarding quality of patient care.
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