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ABSTRACT

Objective Create a score to identify patients at risk of
death or hospice placement who may benefit from goals of
care discussion earlier in the hospitalisation.

Design Retrospective cohort study to develop a risk index
using multivariable logistic regression.

Setting Two tertiary care hospitals in Southeastern
Minnesota.

Participants 92 879 adult general care admissions (50%
male, average age 60 years).

Primary and secondary outcome measures Our
outcome measure was an aggregate of inhospital death

or discharge to hospice. Predictor variables for the model
encompassed comorbidities, nutrition status, functional
status, demographics, fall risk, mental status, Charlson
Comorbidity Index and acuity of illness on admission.
Resuscitation status, race, geographic area of residence
and marital status were added as covariates to account for
confounding.

Results Inhospital mortality and discharge to hospice
were rare, with incidences of 1.2% and 0.8%, respectively.
The Hospital End-of-Life Prognostic Score (HELPS)
demonstrated good discrimination (C-statistic=0.866 in
derivation set and 0.834 in validation set). The patients
with the highest 5% of scores had an 8% risk of the
outcome measure, relative risk 12.9 (10.9-15.4) when
compared to the bottom 95%.

Conclusions HELPS is able to identify patients with a high
risk of inhospital death or need for hospice at discharge.
These patients may benefit from early goals of care
discussions.

INTRODUCTION

According to the Dartmouth Atlas of
Health Care, hospital deaths accounted for
almost a quarter of all deaths in the USA in
2012." The quality of these hospital deaths
is intimately related to an effective discus-
sion of goals of care.”” Unfortunately, even
among patients with cancer, this conversation
often does not occur until the last few days of
life.* One of the pre-emptive steps to address

Strengths and limitations of this study

» Large retrospective data set (92 000 hospitalisations
included) allows for good statistical power.

» Model includes readily available variables that allow
for direct calculation from the electronic medical
record.

» Study included only patients from two large
academic medical centres in the Midwestern USA,
which may limit generalisability.

this challenge is identifying patients with
an increased risk for adverse outcomes and
prioritising early discussion of patient prefer-
ences as well as directing a higher amount of
surveillance resources to those individuals.”

Clinical support tools are often developed
to assist the care team in identifying atrisk
patients. Several scales have been published
for use in predicting inpatient mortality in
general care wards. These include automated
scales that make use of patient data avail-
able on admission® as well as simpler scales
that require straightforward assessments of
patients’ functional status.” However, none
have yet used the many scales that are already
regularly evaluated for other risks. These
include pressure ulcers, falls, mental status,
comorbidity burden and physiological failure.
Nurses currently spend approximately 36% of
their work time in documentation,® so simply
making use of data already routinely collected
would avoid adding a significant workload to
health providers at hospital admission.

The objective was to develop a tool for early
identification of patients for whom goals of
care discussions would be helpful. This would
consist of building a statistically optimised risk
index using data readily available on admis-
sion from the electronic medical record, and
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assessing the model’s performance in identifying patients
at risk of dying or going to hospice during the hospital-
isation. Rather than limit generalisability by just focusing
on elderly patients or those with a specific condition, this
index would be developed for hospitalised adult patients
of all ages and clinical conditions.

METHODS

Study design and data sources

We performed a retrospective cohort study of patients
admitted to Mayo Clinic Hospital, Methodist and Saint
Marys campuses in Rochester, Minnesota, between
1 January 2010 and 31 December 2011. Our institution’s
Institutional Review Board considered the retrospective
study ethical and approved the retrospective data collec-
tion. The data were extracted from the Mayo Clinic elec-
tronic medical record. Patients were only included if they
were more than 18 years old, had documented research
authorisation and were hospitalised on a general care
ward (defined as any non-intensive care unit hospital
bed, excluding stays solely for research or rehabilita-
tion purposes and psychiatric hospitalisations). Patients
referred from the Federal Medical Centre, psychiatric
admissions and patients admitted only for research
purposes were excluded. No admissions were excluded
due to missing information/data. For patients transferred
between hospital care units, the stays were linked together
and considered a single admission. For each admission,
only the first measurement of each variable was used for
analysis, thereby reflecting the initial condition on arrival.
If a patient was initially admitted via the emergency room,
another hospital, intensive care unit, operating room or
skilled nursing facility before being admitted to a Mayo
Clinic hospital, then the data represented the condition
of the patient on arrival to our general care ward.

Outcome variables

Analysis was performed to create a risk index predicting
the aggregated outcome of inhospital mortality and
transfer to hospice care on discharge. Hospice care is
provided at home or in an institution, and is focused
almost exclusively on alleviating symptoms and facilitating
a comfortable end of life, generally for patients with a life
expectancy of only a few weeks or months. These outcome
variables were chosen to represent worst-case discharge
status and outcomes. The inclusion of hospice accounted
for patients whose death was near and no life-sustaining
treatments were being used.

Prediction variables

We searched the Mayo Clinic electronic medical record
to find readily available, clinically relevant scales and
comorbidities. We included variables representing several
measures: mobility, nutrition, mental status, comorbidity
burden, physiological failure, fall risk and activities of daily
living (ADLs). These included the Braden Skin Score’
and its individual components of mobility, nutrition and

activity; body mass index (BMI); Richmond Agitation—
Sedation Scale (RASS)'’; Charlson Comorbidity Index
score'!; Inpatient Physiologic Failure Score (IPFS)'%;
Hendrich I Fall Risk score and Get-Up-and-Go test'”; level
of ADL assistance required; number of caregivers needed
to perform ADLs. Additionally, we chose to include other
potential risk factors for mortality: age, gender, surgical/
medical patient and individual comorbidities. All of the
above measures were assessed as described by the original
authors. Comorbidities were measured using previous
medical history and diagnosis at admission to a general
care ward and included: myocardial infarction, conges-
tive heart failure, peripheral vascular disease, cerebro-
vascular disease, dementia, chronic pulmonary disease,
ulcer, moderate or severe liver disease, diabetes, hemi-
plegia, renal disease, rheumatologic disease and malig-
nancy. Charlson Comorbidity Index score represented
a patient’s overall comorbidity burden, while individual
comorbidities accounted for those with particularly high
significance.

Covariates

Mortality is related to several other patient characteristics.
To control for this potential confounding, we included
marital status, race, geographic area of residence and ‘do
notresuscitate’ (DNR) status. A patient’s area of residence,
marital status and race controlled for some of the differ-
ences between patient populations. DNR status adjusted
for patients who desired less aggressive treatment towards
end of life. This allowed us to select predictor variables
with the most significant explanatory power beyond that
explained by those risk measures alone.

Multivariable model

Since our study was focused on discharge status, rather
than time to event, we used logistic regression with split-
sample validation to develop the statistically optimised
risk indexes. A single model was fit to predict the aggre-
gate outcome of inhospital mortality and discharge to
hospice. Prior to creation of the multivariable model,
univariable analysis was performed on each of the
continuous variables to evaluate possible categorisation.
This involved using simple logistic regression to analyse
the variables’ relationships with the outcome, measured
using the independent variable versus predicted risk
graph and the x? test. Age was found to perform in a
non-linear pattern and was therefore changed into a
categorical variable with 5-year increments. All contin-
uous variables were found to have a skewed distribution,
so median (IQR) was used to report summary statistics.
Before building the prediction tool, the full data set was
randomly split into a 2/3 derivation and a 1/3 valida-
tion data set.

The multivariable model was created by first fitting
a ‘parent’” model of covariates to the derivation
cohort, and then adding predictor variables to that
parent model. Covariates were fit with a forward step-
wise approach to create the parent model. Predictor

2

Romero-Brufau S, et al. BMJ Open 2018;8:6015550. doi:10.1136/bmjopen-2016-015550

"ybBuAdoa Aq paroaioid 1sanb Aq 1202 ‘€z [1idy uo jwoo fwag uadolwa//:dny wouy papeojumoq 8102 Alenuer TZ U0 0SGST0-9T0Z-Uadolwg/9eTT 0T sk paysiignd 1say :uado rINg


http://bmjopen.bmj.com/

8 Open Access

variables were then added to that parent model using a
forward stepwise procedure. In order to reduce multi-
collinearity and simplify the model, only one variable
measuring mobility was kept. Of these, only Braden
mobility and activity remained after stepwise selec-
tion. To determine which to retain, we fit two separate
models, each retaining only one of the two. The models
were compared using the C-statistic, Akaike informa-
tion criterion and number of missing values. Interac-
tions were then added to the chosen model using a
two-way stepwise procedure to create a final multivari-
able model.

For this derivation of the multivariable model, a
consistent set of criteria was followed. Because of the
high number of covariates and independent variables
included (33), Bonferroni correction was needed to
adjust the significance level for the stepwise regres-
sions. This resulted in a cut-off P value of 0.001 (equiv-
alent to 0=0.033) for the full multivariable model and
0.0125 (equivalent to 0=0.05) for the parent model.
Each output model from the stepwise regressions was
measured for multicollinearity using the variance
inflation factor (VIF). Any variable with high multicol-
linearity (VIF >5) was dropped from further analysis.
Any variable with missing values >5% was also dropped
from the analysis. Because missing values were rare
(<1% among variables included in the final model),
simple listwise deletion was used to omit any admissions
containing missing values. Any categorical variable in
the final multivariable model with more than one statis-
tically insignificant category was collapsed accordingly
into fewer categories. Before converting the final model
into risk indices, all covariates were dropped as they
would not be used as predictors in the index.

Risk index

We used the methods described in the Framingham
Risk Score Study'* to convert the final multivariable
model of only predictor variables to a prediction index
by assigning a number of points to each variable equal
to its regression coefficient divided by the smallest
regression coefficient in the model. The most common
level for each categorical variable was chosen to be the
reference category and assigned zero points. A patient’s
final risk index was calculated by summing the points
of the appropriate attributes. Another logistic regres-
sion model was run for the risk index to determine the
logistic regression equation for predicting the corre-
sponding outcome. Using this regression equation, we
calculated the predicted risk of adverse outcome for
each point total.

A logistic regression of the risk index was then
run on the validation cohort, and the C-statistic was
used to measure the index’s ability to predict inhos-
pital mortality and discharge to hospice. The C-sta-
tistic expresses the discriminatory power of a model
for distinguishing between events and non-events.
For binary outcomes, such as those studied here,

it is identical to the area under the receiver oper-
ating characteristic curve. Its maximum value is 1
(perfect predictions), with 0.5 corresponding to a
model whose predictions are no better than chance.
We measured the calibration of the prediction index
by comparing the predicted and observed risks of
adverse outcomes for each point total. Overall cali-
bration was summarised using the Hosmer-Lemeshow
goodness-of-fit test. SAS V.9.3 (SAS Institute, Cary,
North Carolina, USA) was used to conduct all statis-
tical analysis.

RESULTS

Study population

The final data set contained 64944 unique patients,
with an average of 1.43 admissions each, for a total
of 92879 admissions. Table 1 presents a summary of
the derivation and validation cohorts for the predic-
tors and covariates included in the final model with
a univariable analysis of each. The population was
divided evenly between medical and surgical patients.
The patients ranged in age from 18 to 108 years with
a median (IQR) of 61 (47-73). There were equal
numbers of men and women. Most patients were white
(92.83%). Comorbidities were common, with 59.5% of
patients having atleast one. Patients had a median IPFS
score of 9, indicating a moderate risk of mortality."?
The outcomes inhospital mortality and discharge to
hospice were rare, with incidences of 1.2% and 0.8%
of hospitalisations, respectively.

RISK INDEX DERIVATION

Only 10 of the original 29 independent variables
remained in the prediction index after multivariable
selection was completed. BMI and the level of assistance
required to perform ADLs were both dropped due to
missing values and Braden skin score was dropped due
to high multicollinearity. Age was collapsed into just
three categories for both outcomes. Figure 1 shows the
ORs with 95 % CIs for the final multivariable models.
Braden activity and nutrition, Hendrich II Fall Risk
Score, abnormal RASS, IPFS , age, Charlson Comor-
bidity Index score, congestive heart failure, diabetes,
liver disease and malignancy were all included in the
final model. Additionally, several statistically signifi-
cant interactions were found among surgical patient,
Charlson Comorbidity Index score, Braden activity,
malignancy, Braden nutrition, liver disease, RASS and
hemiplegia. All P values were highly significant (highest
P value= 0.0006), so any inflation of the type I error due
to the lack of adjustment for multiple admissions for
the same patient (only 1.43 on average) would not have
significantly affected the analysis."” Figure 2 shows the
scoring system for the point values assigned to each of
the predictor variables.
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Table 1 General characteristics of admissions by cohort

Number (%) of admissions*

Univariable analysis

Derivation set, Validation set, OR
Patient characteristics n=62280 n=30579 P valuet (95% Cl) P valuet
Outcomes
Hospital mortality 773 (1.2) 385 (1.3) 0.8177
Discharge to hospice 510 (0.8) 226 (0.7) 0.1974
Covariates
Married 40825 (65.6) 19734 (64.5) 0.0022 0.94 (0.84 to 1.06) 0.3125
DNR/DNI code 3832 (6.15) 1917 (6.27) 0.4901 7.22 (6.37 t0 8.17) <0.0001
White (race) 57472 (92.3) 28240 (92.4) 0.7031 0.93 (0.76 to 1.13) 0.4625
Geographic area 0.7005 <0.0001
Olmsted County (reference) 13102 (21.0) 6503 (21.3) 1.00
National 36370 (58.4) 17827 (58.3) 0.79 (0.68 to 0.90) <0.0001
Southeastern Minnesota 12808 (20.6) 6249 (20.4) 1.16 (0.99 to 1.36) <0.0001
Predictors
IPFS at 24 hours, median (IQR) 9 (4-9) 9 (4-9) 0.2775 1.13 (1.12 to 1.15) <0.0001
Male 31103 (49.9) 15288 (50.0) 0.8759 1.20 (1.07 to 1.34) 0.0015
Age (years), median (IQR) 61 (47-73) 61 (47-73) 0.5688 1.04 (1.04 to 1.05) <0.0001
Surgical patient 32595 (52.3) 16029 (52.4) 0.8139 0.31 (0.27 t0 0.35) <0.0001
Charlson Comorbidity Index, 1(0-2) 1(0-2) 0.4618 1.72 (1.66 to 1.77) <0.0001
median (IQR)
Congestive heart failure 7349 (11.8) 3609 (11.8) 0.9919 3.10 (2.74 to0 3.51) <0.0001
Liver disease 4555 (7.3) 2179 (7.1) 0.2994 3.27 (2.77 to 3.76) <0.0001
Diabetes 11785 (18.9) 5641 (18.4) 0.0813 1.47 (1.30 to 1.68) <0.0001
Malignancy 11006 (17.7) 5390 (17.6) 0.8648 3.98 (3.55 to 4.46) <0.0001
Hemiplegia 1490 (2.4) 715 (2.3) 0.6101 3.38 (2.72 t0 4.19) <0.0001
Braden activity missing=215 missing=140 0.2057 <0.0001
Frequent walks 25573 (41.2) 12592 (41.4) 0.17 (0.18 t0 0.27) <0.0001
Occasional walks (reference) 20633 (33.2) 10155 (33.4) 1.00
Chairfast 3906 (6.3) 1806 (5.9) 2.03 (1.73 to 2.40) <0.0001
Bedfast 11953 (19.3) 5886 (19.3) 1.27 (1.12 to 1.45) 0.0883
Braden nutrition missing=215 missing=140 0.4679 < 0.0001
Excellent 13534 (21.8) 6687 (22.0) 0.29 (0.22 to 0.39) <0.0001
Adequate (reference) 32774 (52.8) 16120 (53.0) 1.00
Inadequate 14305 (23.0) 6965 (22.9) 3.27 (2.89 to 3.71) <0.0001
Very poor 1452 (2.3) 667 (2.2) 9.88 (8.21 to 11.9) <0.0001
Hendrich Il Fall Risk, median (IQR) 2 (1-4) 2 (1-4) 0.0704 1.33 (1.30 to 1.35) <0.0001
Modified RASS Missing=102 Missing=68 0.0120 <0.0001
Sedated 5738 (9.2) 2768 (9.1) 4.30 (3.79 to 4.89) <0.0001
Normal (reference) 54428 (87.5) 26889 (88.1) 1.00
Agitated 2012 (3.2) 884 (2.8) 4.13 (3.39 to 5.04) <0.0001

*Unless otherwise specified as median (IQR).
TPearson x2 test for categorical variables and t-test for continuous variables: P value <0.001 is significant.
DNR/DNI Code, do not resuscitate/do not intubate status; IPFS, Inpatient Physiologic Failure Score; RASS, Richmond Agitation Sedation

Scale.
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RISK INDEX ASSESSMENT
Figure 3 displays the predicted and observed outcomes
for the Hospital End-of-Life Prognostic Score (HELPS),
as well as its distribution. HELPS ranged from -34 to 104,
with a relatively normal distribution slightly skewed to
the right (figure 3). Predicted risk of inhospital mortality
or discharge to hospice ranged from 0% to 76% across
all patients in the derivation and validation sets. The
observed risk followed the predicted risk very closely
for the majority of patients. Above a risk estimate of
approximately 5%, observed outcomes displayed greater
variation, mainly due to low sample sizes. The Hosmer-Le-
meshow statistic had a P value of 0.0049. The significant
P value may indicate poor calibration, but is possibly due
to the high sensitivity of the Hosmer-Lemeshow test for
large sample sizes.'®

Table 2 presents a summary of HELPS in both the deri-
vation and validation cohorts, unadjusted and adjusted
for the significant covariates. HELPS had C-statistics of
0.866 and 0.834 in the derivation and validation sets. A
one-point increase in HELPS increased the odds of inhos-
pital mortality or discharge to hospice by 8%-9%.

DISCUSSION

Using only regularly evaluated measures and patient char-
acteristics, the HELPS provided reasonable discrimina-
tion for identifying patients at risk of inhospital mortality
or transfer to a hospice on discharge (C-statistic of

0.834). These patients would likely benefit from goals of
care discussion early in their hospitalisation. This would
allow the care team to tailor the care to a patient’s wishes
from the outset. Use of HELPS would assist caregivers in
determining where to focus more detailed discussions of
patient preferences.

This compares favourably to the CARING score devel-
oped to identify patients on admission for palliative
care consultations.'”” HELPS has a similar purpose, but
expands on the score with a larger and more general-
isable population and incorporates several measures of
risk. Other similar indices have been developed for inpa-
tient mortality in general care wards. A model developed
by Escobar et al makes use of physiology and diagnosis
data to robustly predict inpatient mortality (C-statistic of
0.88), but requires calculation by a computer and does
not predict transfers to hospice.’ The Patient- And Nutri-
tion-Derived Outcome Risk Assessment (PANDORA)
score combines demographics, clinical observation and
nutrition to create a simple and easily applied measure of
mortality risk (C-statistic of 0.79) ."HELPS has the advan-
tage that it can be hand-calculated and makes use of the
regularly measured risk scales for several aspects of func-
tional decline, all of which are closely related to mortality.

Most risk scores predict only a single measure, such
as mortality. Because our study focused on identifying
patients who might benefit from goals of care discussions,
we chose to include transfer to hospice on discharge

Braden Activity”
frequent walks —— 0.28 (0.22-0.36)
chairfast/bedfast —— 1.28 (1.09-1.51)
Braden Nutrition®
excellent t L t 0.53 (0.38-0.75)
inadequate —— 2.15 (1.86-2.49)
very poor —— 4.86 (3.89-6.10)
Hendrich Il Fall Risk Score [ ) 1.12(1.10-1.15)
RASS abnormal —— 1.47 (1.26-1.71)
IPFS Score L 1,08 (1.06-1.09)
Age Category®
<45 —— 0.56 (0.41-0.77)
55-69 — 1.24 (1.00-1.54)
>70 —— 1.77 (1.43-2.19)
Charlson Score @+ 1.10 (1.03-1.17)
Congestive Heart Failure —— 1.58 (1.34-1.87)
Diabetes —— 0.62 (0.53-0.73)
Liver Disease ———6193(368-13.0)
Malignancy —— 3.96 (3.37-4.64)
Surgical*Charlson @ 1:34(1:24-145)
Surgical*Braden Activity
frequent walks —a— 2.01(1.52-2.67)
chairfast/bedfast —— 0.38(0.29-0.51)
Surgical*Malignancy —— 0.58 (0.44-0.77)
Braden Nutrition*Liver Disease
excellent L] | 3.10 (1.56-6.15)
inadequate — 0.61 (0.42-0.89)
very poor ' L] 1 0.54 (0.31-0.95)
RASS*Hemiplegia —— 3.06 (2.18-4.29)
| L l 1 l 1 1 1 1 1l
Continuous Variable 02 03 0.5 0.8 15 2 3 4 6 8

(OR per single-point increase)
[} Categorical Variable
(OR vs. reference categorv)

Figure 1
Richmond Agitation Sedation Scale.

ORs with 95% Cls for logistic regression prediction model. IPFS, Inpatient Physiologic Failure Score; RASS,
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Step 1: Add Points for Individual Risk Factors |Step 2: Find Risk for Point Total
Risk Factor Points Percentile Point Total  Estimate of Risk
Hendrich Il Fall Score¢ 0 0 D 6.6% <-10 <0.1%
1 1
2 2 37.7% -10-8 0.1-0.49%
3 4 - S——
i E | 7019 9-21 05-1%
>g ‘150 - 81.4% 22-28 2%
CHF Diagnosis 5 + 86.4% 29-32 3%
Diabetes Diagnosis -5 s 39 6t 33_35 4%
IPFS Score® 0 0
15 3 91.3% 36-37 5%
o B 94.1% 38— 41 6 7%
11-14 10
96.6% 42— 46 8-10%
215 14 +|
Age <45 7 E 47-51 11-15%
45-54 0
55-69 2 | 98.9% l 52-55 16 -20%
270 & | 99-100" > 55 > 20%
Points by Diagnosis
No Liver Liver
Braden Nutrition® Disease Disease® th o/
_— o
excellent nutrition -12 21
) agequate nutrition (4) 3; Percentile Point Total Estimate of Risk
inadequate nutrition
very poor nutrition 13 7
No Hemiplegia Hemiplegia Abbreviations: _
CHF — congestive heart failure
Abnormal RASSd 4 16 + | | IPFS — inpatient physiologic failure score
Points by Patient T RASS - Richmond agitation sedation scale
oints by Patient lype : - cio s
Bhufion Soands Medical Surgical Performance of scoring system: ¢ = 0.834 in validation set
0 0 0 “Liver Disease defined as cirrhosis (with or without portal hypertension
1 1 4 and variceal bleeding) or chronic hepatitis
2 2, 8 “See Appendix for detailed information on how to calculate these
| I scores. If score is not available and cannot be calculated, then assign
23 4 17+ 1 quartile, median, and 3™ quartile as low, medium, or high risk for
F0 the scores as follows:
Braden Activity* Hendrich Il Fall Risk Score (low — 1, medium — 2, high — 4)
frequentwalks ~ -10 -1 IPFS (low — 4, medium — 9, high —9)
occasional walks 0 0 Charison Score (low — 0, medium — 1, high — 2)
chairfast/bedfast 7 -3 +
Mali DI - 5 ) °Any mental status other than alert and calm
alignancy Diagnosis
g y Ulag + [_|
Point Total = | |

Figure 2 Hospital End-of-Life Prognostic Score predicting risk of

as well as inhospital mortality to create an aggregate
Mortality represented the most extreme
outcome, presenting the greatest need for interven-
tion or surveillance. Discharge to hospice represented
the remaining patients who would continue to receive

outcome.

regular medical care as they approached end of life. This
could also be considered as a surrogate for mortality. The
prevalence of the two outcomes in our sample was similar
to the reported prevalence in the US population: inhos-
pital mortality was estimated by the Centers for Disease
Control and Prevention to be 2% in 2010 and trending
down {Halllg, 2013 #227} (1.5% in our sample); discharges

inhospital mortality or discharge to hospice?®.

from hospital to hospice are estimated to be 0.5% {Lin'?,
2012 #228} (0.5% in our sample).

Nutritional status was one of the largest risk factors
for hospice and inhospital mortality. This seems to be
consistent with other studies® *' focusing on the role of
nutrition.

HELPS’s discrimination of high-risk patients positions
it as an effective screening tool for patients in need of
goals of care discussions. Randomised controlled trials
showed that early consultation with palliative care (which
focuses on instituting measures and treatments aimed at
improving pain and other symptoms and problems usually
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Figure 3 Predicted and observed risk of hospital mortality and discharge to hospice in validation set.

associated with terminal illness) or advance care planning
can improve patient and family satisfaction and reduce
the cost of end-oflife care.? % Additionally, transition to
palliative care or hospice could even increase life expec-
tancy in some patients with advanced disease.** * A recent
mortality review identified a lack of discussion or inade-
quate discussion of goals of care as the biggest opportu-
nity for improvement.5 Proactively understanding which
patients are most in need of such a discussion before end
of life becomes imminent can be difficult for physicians
alone.”® Prognostic models such as ours could greatly

Table 2 Risk index prediction models

Model OR (95%Cl) P value C-statistic
Derivation set
Adjusted <0.0001 0.880
Risk index 1.08 (1.08 to 1.09) <0.0001
DNR/DNI code 3.50 (3.05 to 4.01) <0.0001
White 0.69 (0.55 to 0.85) 0.0006
Married 1.16 (1.02 to 1.31) 0.0215
Unadjusted index 1.09 (1.08 to 1.09) <0.0001 0.866
Validation set
Adjusted <0.0001 0.866
Risk index 1.08 (1.07 to 1.08) <0.0001
DNR/DNI code 3.05 (2.50 to 3.72) <0.0001
White 1.18 (0.81 to 1.71) 0.3877
Married 1.10 (0.92 to 1.32) 0.2901
Unadjusted index 1.08 (1.08 to 1.09) <0.0001 0.834

DNR/DNI, do not resuscitate/do not intubate.

assist clinical intuition in directing limited hospital
resources towards those who would benefit most.?’

Admission to a hospital often reflects a change in
prognosis and is an ideal time to renew discussion of
care goals.”” HELPS could immediately identify patients
on admission for whom a discussion regarding goals of
care and/or the consideration of hospice may be appro-
priate. A study by Wright et al found that over 60% of
dying patients did not recall having an end-of-life
discussion with their physician, either because it never
occurred or because the patient was not alert enough by
that time to actively engage in a thorough conversation.”
Incorporating prognostic information and patient pref-
erences for care into conversations from the beginning
of the hospital stay will ensure that patients’ desires are
met appropriately all throughout the care experience.

Of important note is that the outcomes studied were
very rare, with prevalence of only 1.2% and 0.8%; any
patients identified as having a 10%-20%-+risk of either
outcome would clinically be considered very high
risk. Since the HELPS includes an estimate of risk,
clinicians can easily set the threshold of risk that they
consider appropriate, and do so taking into account
the resources available. We suggest three levels: mild-
risk patients with a HELPS of 20 or less, that would
comprise approximately the 70% of patients with an
estimated risk of less than 1%; moderate-risk patients
with a HELPS between 21 and 45, the 25% of patients
with an estimated risk between 1% and 10%; and severe-
risk patients with a HELPS of 46 or greater, comprising
the top 5% highest-risk patients, with a risk of >10% for
inhospital death or discharge to hospice during that
hospitalisation.
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The generalisability of HELPS for use in other health
systems was an important aspect of our study design. Even
though our main goal was to produce an index that could
be automatically calculated electronically, we realise the fact
that many hospitals may not have or prefer that option. For
this reason, we wanted to balance the score’s accuracy with
ease of use so a paper-based version would also be viable.
Many disease-specific prognostic models exist, but are
often not applicable to a general care hospital population,
in which multiple comorbidities are common. Our study
was not limited to a single disease or age group, while also
accounting for individual diseases of particularly high risk
in the developed score.

There are, however, limitations to our results. The fact
that our study only involves patients admitted to a single
centre in the Midwest limits its generalisability. For example,
92.3% of our patients were white. However, the majority of
the hospitalised lived outside Olmsted County (79%). A
referral hospital serving a remote, rural population may
differ from the population used to develop this risk index,
but hospitals in developed countries should have a similar
prevalence of chronic conditions and comorbidities.”

Some hospitals may not routinely use all of the measures
included in HELPS, which limits the generalisability of
the index. We specifically chose common, standardised
measures to facilitate easier implementation in other
hospitals. For those hospitals lacking routine measure-
ment of variables in the proposed risk index, we recom-
mend substitution of a similar variable. For example, RASS
serves as a surrogate for acutely altered mental status, so
could be replaced by other mental status measures such as
the Glasgow Coma Scale. The Braden scores for mobility
and nutrition could be replaced by other measures of
functional decline. IPFS requires some calculation, so we
included a table in the online supplementary appendix
with instructions.

Split-sample internal validation has been used to assess
the performance of the index after its derivation. The fact
that the model’s C-statistic (0.834) was similar in the vali-
dation cohort and in the training cohort demonstrates
internal validity of the model. The predictive performance
of HELPS will need to be confirmed and validated in other
referral centres and community hospitals.

More studies will be needed to assess the impact of
HELPS and similar indices on goals of care discussions
and whether earlier discussion improves outcomes,
reduces cost and increases comfort and satisfaction.

CONCLUSION

HELPS is able to identify patients with a high risk of
hospital death or need for hospice at discharge. Early
goals of care discussions in this setting may alter clinical
course trajectories, and provide a greater opportunity to
meet patient needs and expectations.
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