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Improving palliative care with deep
learning
Anand Avati1*, Kenneth Jung2, Stephanie Harman3, Lance Downing2, Andrew Ng1 and Nigam H. Shah2

Abstract
Background: Access to palliative care is a key quality metric which most healthcare organizations strive to improve.
The primary challenges to increasing palliative care access are a combination of physicians over-estimating patient
prognoses, and a shortage of palliative staff in general. This, in combination with treatment inertia can result in a
mismatch between patient wishes, and their actual care towards the end of life.

Methods: In this work, we address this problem, with Institutional Review Board approval, using machine learning
and Electronic Health Record (EHR) data of patients. We train a Deep Neural Network model on the EHR data of
patients from previous years, to predict mortality of patients within the next 3-12 month period. This prediction is
used as a proxy decision for identifying patients who could benefit from palliative care.

Results: The EHR data of all admitted patients are evaluated every night by this algorithm, and the palliative care team
is automatically notified of the list of patients with a positive prediction. In addition, we present a novel technique
for decision interpretation, using which we provide explanations for the model’s predictions.

Conclusion: The automatic screening and notification saves the palliative care team the burden of time consuming
chart reviews of all patients, and allows them to take a proactive approach in reaching out to such patients rather then
relying on referrals from the treating physicians.

Keywords: Deep learning, Palliative care, Electronic health records, Interpretation

Background
The gap between the desires of patients of how they wish
to spend their final days, versus how they actually spend,
is well studied and documented. While approximately 80%
of Americans would like to spend their final days at home
if possible, only 20% do [1]. Of all the deaths that hap-
pen in the United States, up to 60% of them happen in an
acute care hospital while the patient was receiving aggres-
sive care. Over the past decade access to palliative care
resources has been on the rise in the United States. In
2008, Of all hospitals with fifty or more beds, 53% of them
reported having palliative care teams; which rose to 67% in
2015 [2]. However, data from the National Palliative Care
registry estimates that, despite increasing access, less than
half of the 7-8% of all hospital admissions that need pal-
liative care actually receive it [3]. A major contributor for
this gap is the shortage of palliative care workforce [4]. Yet,
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technology can still play a crucial role by efficiently identi-
fying patients who may benefit most from palliative care,
but might otherwise slip through the cracks under current
care models.

We address two aspects of this problem in our study.
First, physicians tend to be overoptimistic, work under
extreme time pressures, and as a result may not fail to
refer patients to palliative care even when they may ben-
efit [5]. This leads to patients often failing to have their
wishes carried out at their end of life [6] and overuse of
aggressive care. Second, the shortage of professionals in
palliative care makes it expensive and time-consuming for
them to proactive identify candidate patients via manual
chart review of all admissions.

Another challenge is that the criteria for deciding which
patients benefit from palliative care may be impossible to
state explicitly and accurately. In our approach, we use
deep learning to automatically screen all patients admit-
ted to the hospital, and identify those who are most likely

© The Author(s). 2018 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
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Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver
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Electronic Health Record Mortality Prediction Model
for Targeted Palliative Care Among Hospitalized Medical
Patients: a Pilot Quasi-experimental Study
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BACKGROUND: Development of electronic health record
(EHR) predictionmodels to improvepalliative care delivery
is on the rise, yet the clinical impact of such models has
not been evaluated.
OBJECTIVE: To assess the clinical impact of triggering
palliative care using an EHR prediction model.
DESIGN: Pilot prospective before-after study on the gen-
eral medical wards at an urban academic medical center.
PARTICIPANTS: Adults with a predicted probability of 6-
month mortality of ≥ 0.3.
INTERVENTION: Triggered (with opt-out) palliative care
consult on hospital day 2.
MAINMEASURES: Frequencies of consults, advance care
planning (ACP) documentation, home palliative care and
hospice referrals, code status changes, and pre-consult
length of stay (LOS).
KEY RESULTS: The control and intervention periods in-
cluded 8 weeks each and 138 admissions and 134 admis-
sions, respectively. Characteristics between the groups
were similar, with a mean (standard deviation) risk of
6-month mortality of 0.5 (0.2). Seventy-seven (57%)
triggered consults were accepted by the primary team
and 8 consults were requested per usual care during
the intervention period. Compared to historical con-
trols, consultation increased by 74% (22 [16%] vs 85
[63%], P < .001), median (interquartile range) pre-
consult LOS decreased by 1.4 days (2.6 [1.1, 6.2] vs
1.2 [0.8, 2.7], P = .02), ACP documentation increased
by 38% (23 [17%] vs 37 [28%], P = .03), and home pal-
liative care referrals increased by 61% (9 [7%] vs 23
[17%], P = .01). There were no differences between the

control and intervention groups in hospice referrals (14
[10] vs 22 [16], P = .13), code status changes (42 [30] vs
39 [29]; P = .81), or consult requests for lower risk (<
0.3) patients (48/1004 [5] vs 33/798 [4]; P = .48).
CONCLUSIONS: Targeting hospital-based palliative care
using an EHR mortality prediction model is a clinically
promising approach to improve the quality of care among
seriously ill medical patients. More evidence is needed to
determine the generalizability of this approach and its
impact on patient- and caregiver-reported outcomes.

KEY WORDS: palliative care; prediction model; triggers.
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INTRODUCTION

Hospitals nationwide have invested in palliative care programs
to improve the quality of care for seriously ill patients.1

Hospital-based palliative care consultation has been shown
to decrease length of stay (LOS), readmission rates, and health
care costs.2–6 Palliative care has also been shown to increase
survival in some patient populations.7 Emerging evidence
further suggests that earlier palliative care consultation leads
to greater family satisfaction with care.8 Despite these bene-
fits, the frequency and timing of consultation is highly variable
among patients with non-cancer diagnoses,9 due largely to a
reliance upon clinicians to identify palliative care needs and
refer patients for consultation. Thus, innovative and systematic
strategies are needed to augment clinician referral of patients
most likely to benefit from earlier palliative care consulta-
tion.10–12

There has been a growing interest in triggering palliative
care consultation using several different criteria, such as se-
lected diagnoses,13, 14 disease-specific prognostic indica-
tors,15, 16 or a patient’s location.17–19 Although sound in
principle, these approaches are nonspecific and assume palli-
ative care needs and are therefore unlikely to be scalable given
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options to nudge clinicians to deliver recommended care with-
out restricting their choices.37–39 Thus, the palliative care
triage nurse offered a triggered consult to the primary clinician
of patients on the list in descending order until a maximum of
two consults were accepted. This approach preserved the
palliative care team’s capacity for usual care consults without
adding resources.40 Remaining patients were carried over on
the list each day until they were offered a triggered consult or
discharged or transferred to another service. The content of
triggered consults was left to the discretion of the palliative
care clinician.

Historical Patient Controls. To create a comparable cohort of
control patients, we ran the prediction risk algorithm silently
for 8 weeks prior to the intervention period. Patients were
selected for inclusion in the control group using the same
eligibility criteria as the intervention group, followed by a
stochastic simulation41 that mimicked the descending
Palliative Connect scores on the user interface, the triggered
consult decline rate observed in the intervention period, and
the limit of two accepted triggered consults per day. This
approach could not account for other potential unmeasured
factors in the opt-out decision process.

Outcomes. For all control and intervention patients, we
evaluated several palliative care processes and outcomes,
including completed consults (triggered and usual care), pre-
consult length of stay (LOS), ACP documentation (defined by
the presence of a completed “ACP note” type in the EHR),
home palliative care and hospice referrals, change in code
status (defined by a new do-not-attempt-resuscitation [DNAR]

order in the EHR), hospital mortality, hospital LOS, intensive
care unit (ICU) admission and LOS, and all-cause readmission
within 30 days of discharge.
For intervention patients, we explored acceptability of

the intervention by the proportions of (1) triggered con-
sults declined by a patient and/or caregiver after the
primary clinician accepted it; (2) hospitalists who agreed
or strongly agreed that triggering palliative care for pa-
tients most likely to benefit is acceptable; and (3) com-
pleted consults determined to be appropriate by the pal-
liative care clinician. We also collected triggered consult
decline reasons. Clinician data were collected from post-
consult surveys.
Finally, we evaluated for spill-over effects on palliative

care consultation rates among two non-study populations
on the hospitalist services: (1) patients with a risk score <
0.3 and (2) patients with a risk score ≥ 0.3 who were
discharged or transferred services before their clinician
was offered a triggered consult. All clinical data were
retrieved from Penn Data Store, a data warehouse that
includes EHR and post-discharge coded data.

Statistical Analyses. Analyses for this pilot study were
primarily descriptive using summary statistics as appropriate.
The analytic sample included all admissions offered a
triggered consult. Comparisons between intervention and
control groups were performed using Pearson’s chi-square or
Fisher exact tests for categorical variables, and two-tailed t
tests and Wilcoxon rank-sum tests for normally and non-
normally distributed continuous variables, respectively.
Statsmodels v0.6.142 in the Python programming language
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Figure 1 Study process flow for palliative connect intervention. Each weekday, a Palliative Connect score (predicted risk of death within
6 months) was calculated for patients on hospital day 2. Patients with a score ≥ 0.3 populated a web-based user interface list in order from

highest to lowest risk (actual prediction not shown). The palliative care team’s triage nurse called the primary clinicians of patients in
descending order to offer an opt-out of the triggered consult until the maximum of two consults were accepted. Remaining patients were carried
over on the list each day until they were offered a triggered consult, or they were discharged or transferred to another service. Consults

requested per usual care were accepted. Palliative care clinicians and hospitalists completed surveys and clinical data was obtained from the
clinical data warehouse.
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Frailty trajectories to identify end of life: a
longitudinal population-based study
Daniel Stow, Fiona E. Matthews and Barbara Hanratty*

Abstract

Background: Timely recognition of the end of life allows patients to discuss preferences and make advance plans,
and clinicians to introduce appropriate care. We examined changes in frailty over 1 year, with the aim of identifying
trajectories that could indicate where an individual is at increased risk of all-cause mortality and may require
palliative care.

Methods: Electronic health records from 13,149 adults (cases) age 75 and over who died during a 1-year period
(1 January 2015 to 1 January 2016) were age, sex and general practice matched to 13,149 individuals with no record
of death over the same period (controls). Monthly frailty scores were obtained for 1 year prior to death for cases, and
from 1 January 2015 to 1 January 2016 for controls using the electronic frailty index (eFI; a cumulative deficit measure
of frailty, available in most English primary care electronic health records, and ranging in value from 0 to 1). Latent
growth mixture models were used to investigate longitudinal patterns of change and associated impact on mortality.
Cases were reweighted to the population level for tests of diagnostic accuracy.

Results: Three distinct frailty trajectories were identified. Rapidly rising frailty (initial increase of 0.022 eFI per month
before slowing from a baseline eFI of 0.21) was associated with a 180% increase in mortality (OR 2.84, 95% CI 2.34–3.45)
for 2.2% of the sample. Moderately increasing frailty (eFI increase of 0.007 per month, with baseline of 0.26) was
associated with a 65% increase in mortality (OR 1.65, 95% CI 1.54–1.76) for 21.2% of the sample. The largest (76.6%)
class was stable frailty (eFI increase of 0.001 from a baseline of 0.26). When cases were reweighted to population level,
rapidly rising frailty had 99.1% specificity and 3.2% sensitivity (positive predictive value 19.8%, negative predictive value
93.3%) for predicting individual risk of mortality.

Conclusions: People aged over 75 with frailty who are at highest risk of death have a distinctive frailty trajectory in the
last 12 months of life, with a rapid initial rise from a low baseline, followed by a plateau. Routine measurement of frailty
can be useful to support clinicians to identify people with frailty who are potential candidates for palliative care, and
allow time for intervention.

Keywords: Frailty, Geriatrics, Palliative care, Primary care, End of life

Background
An increasing number of older people are now dying with
a diagnosis of frailty. In high-income countries, the esti-
mated prevalence of frailty is 11% for people aged over 65
years, rising to 25–50% for people over 85 [1]. Frailty is
characterised by an accumulation of deficits and reduced
strength, endurance and physiological function [2, 3]. It is
associated with a range of adverse outcomes, including
falls, delirium, disability and mortality [4–8].

Timely recognition of the end-of-life phase is funda-
mental to the provision of palliative care, as it allows cli-
nicians to introduce generalist or specialist services, to
discuss preferences and make advance plans [9–11]. This
may be particularly challenging for patients with frailty,
where trajectories of decline are gradual and slow, and
patients may not have a recognised life-limiting diagno-
sis [12, 13]. Despite calls for greater awareness of the
benefits of palliative care for people with frailty [14], rec-
ognition remains incomplete [15].
Since 2017, general practitioners (GPs) in England have

been required to identify and review patients with moderate
* Correspondence: barbara.hanratty@newcastle.ac.uk
Institute of Health and Society, Newcastle University, Newcastle upon Tyne
NE2 4AX, UK
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and observed individual trajectories for each class and
the association between class and mortality risk.
To understand the population characteristics, the

posterior probabilities for being in each class were
reweighted to reflect the general population. Compared
with the ‘stable class’, both the ‘rapidly rising’ class (OR
3.02, 95% CI 2.49–3.65) and the ‘moderate growth’ class
(OR 1.58, 95% CI 1.49–1.67) were associated with an in-
creased chance of mortality. Table 3 contains demo-
graphic information for the members of each class.

Reweighting the controls to the population suggests that
1.1% of the population exhibited rapidly rising frailty;
using this group to predict mortality within the year was
highly specific (99.1% specificity), with 19.8% positive
predictive value and 93.3% negative predictive value, but
with low sensitivity (3.2%). Addition of the ‘moderately
increasing’ class increased the sensitivity (27.8%) and
negative predictive value (93.9%) at the expense of a de-
creased specificity (82.3%) and positive predictive value
(10.4%).

Table 2 Summary of best fitting models for shape of change, the impact of study covariates and class descriptions
Model Latent growth model: Intercept

variance free, slope variance
free, quadratic term added

Previous model plus study design
covariates age and sex, intercept

regressed on age and sex

Previous model specified as a
latent growth mixture model

with three classes

Log likelihood − 530,331.072 −529,340.060 − 519,497.615

Adjusted BIC 1,060,816.13 1,058,848.110 1,039,247.203

Estimatea 95% CI Estimatea 95% CI Estimatea 95% CI

Intercept 25.185 (25.048 to 25.322) 25.893 (25.715 to 26.071) class 1 ‘stable class’
(n = 20,144, 76.6%)

25.959 (25.763 to 26.155)

Slope 0.151 (0.144 to 0.158) 0.151 (0.144 to 0.158) − 0.080 (− 0.085 to – 0.074)

Quadratic 0.003 (0.003 to 0.004) 0.003 (0.003 to 0.004) 0.015 (0.015 to 0.015)

Age on intercept – – 0.467 (0.444 to 0.489) 0.466 (0.444 to 0.489)

Sex on intercept – – − 1.594 (− 1.864 to – 1.325) − 1.598 (− 1.866 to – 1.329)

Intercept class 2 ‘moderately
increasing class’
(n = 5572, 21.2%)

26.232 (25.907 to 26.558)

Slope 0.802 (0.765 to 0.838)

Quadratic − 0.029 (− 0.032 to – 0.027)

Age on intercept 0.466 (0.444 to 0.489)

Sex on intercept − 1.598 (− 1.866 to – 1.329)

Intercept class 3 ‘rapidly rising
class’ (n = 582, 2.2%)

20.583 (19.387 to 21.779)

Slope 2.294 (2.115 to 2.472)

Quadratic mean − 0.102 (− 0.114 to – 0.09)

Age on intercept 0.466 (0.444 to 0.489)

Sex on intercept − 1.598 (− 1.866 to – 1.329)
a Models used eFI multiplied by 100 to aid estimation and interpretation. Text in results refers to eFI in original units

Fig. 1 Estimated mean trajectories of eFI over 1 year for each of the three latent classes with a random sample of observed individual trajectories
for each class
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Association of β-Blockers With Functional Outcomes,
Death, and Rehospitalization in Older Nursing Home
Residents After Acute Myocardial Infarction
Michael A. Steinman, MD; Andrew R. Zullo, PharmD, ScM; Yoojin Lee, MS, MPH; Lori A. Daiello, PharmD, ScM;
W. John Boscardin, PhD; David D. Dore, PharmD, PhD; Siqi Gan, MPH; Kathy Fung, MS; Sei J. Lee, MD, MAS;
Kiya D. R. Komaiko, BA; Vincent Mor, PhD

IMPORTANCE Although β-blockers are a mainstay of treatment after acute myocardial
infarction (AMI), these medications are commonly not prescribed for older nursing home
residents after AMI, in part owing to concerns about potential functional harms and
uncertainty of benefit.

OBJECTIVE To study the association of β-blockers after AMI with functional decline, mortality,
and rehospitalization among long-stay nursing home residents 65 years or older.

DESIGN, SETTING, AND PARTICIPANTS This cohort study of nursing home residents with AMI
from May 1, 2007, to March 31, 2010, used national data from the Minimum Data Set, version
2.0, and Medicare Parts A and D. Individuals with β-blocker use before AMI were excluded.
Propensity score–based methods were used to compare outcomes in people who did vs did
not initiate β-blocker therapy after AMI hospitalization.

MAIN OUTCOMES AND MEASURES Functional decline, death, and rehospitalization in the first
90 days after AMI. Functional status was measured using the Morris scale of independence in
activities of daily living.

RESULTS The initial cohort of 15 720 patients (11 140 women [70.9%] and 4580 men [29.1%];
mean [SD] age, 83 [8] years) included 8953 new β-blocker users and 6767 nonusers. The
propensity-matched cohort included 5496 new users of β-blockers and an equal number of
nonusers for a total cohort of 10 992 participants (7788 women [70.9%]; 3204 men [29.1%];
mean [SD] age, 84 [8] years). Users of β-blockers were more likely than nonusers to
experience functional decline (odds ratio [OR], 1.14; 95% CI, 1.02-1.28), with a number needed
to harm of 52 (95% CI, 32-141). Conversely, β-blocker users were less likely than nonusers to
die (hazard ratio [HR], 0.74; 95% CI, 0.67-0.83) and had similar rates of rehospitalization
(HR, 1.06; 95% CI, 0.98-1.14). Nursing home residents with moderate or severe cognitive
impairment or severe functional dependency were particularly likely to experience functional
decline from β-blockers (OR, 1.34; 95% CI, 1.11-1.61 and OR, 1.32; 95% CI, 1.10-1.59,
respectively). In contrast, little evidence of functional decline due to β-blockers was found in
participants with intact cognition or mild dementia (OR, 1.03; 95% CI, 0.89-1.20; P = .03 for
effect modification) or in those in the best (OR, 0.99; 95% CI, 0.77-1.26) and intermediate
(OR, 1.05; 95% CI, 0.86-1.27) tertiles of functional independence (P = .06 for effect
modification). Mortality benefits of β-blockers were similar across all subgroups.

CONCLUSIONS AND RELEVANCE Use of β-blockers after AMI is associated with functional
decline in older nursing home residents with substantial cognitive or functional impairment,
but not in those with relatively preserved mental and functional abilities. Use of β-blockers
yielded a considerable mortality benefit in all groups.

JAMA Intern Med. doi:10.1001/jamainternmed.2016.7701
Published online December 12, 2016.
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