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Palliative care is associated with improved 
patient- centred and caregiver- centred 
outcomes, higher- quality end- of- life care, 
and decreased healthcare use among 
patients with serious illness.1–3 The Centre 
to Advance Palliative Care has established 
a set of recommended clinical criteria (or 
‘triggers’), including a projected survival 
of less than 1 year,4 to help clinicians 
identify patients likely to benefit from 
palliative care. Nevertheless, referrals 
often occur within the last 3 months of 
life5 due in part to clinician overestima-
tion of prognosis.6 A growing number 
of automated predictive models leverage 
vast data in the electronic medical record 
(EMR) to accurately predict short- term 
mortality risk in real time and can be 
paired with systems to prompt clinicians 
to refer to palliative care.7–12 These models 
hold great promise to overcome the many 
clinician- level and system- level barriers to 
improving access to timely palliative care. 
First, mortality risk prediction algorithms 
have been shown to outperform clinician 
prognostic assessment, and clinician–
machine collaboration may even outper-
form both.13 Second, algorithm- based 
‘nudges’ that systematically provide prog-
nostic information could address many 
cognitive biases, including status quo bias 
and optimism bias,14 15 that make clini-
cians less apt to identify patients who may 
benefit from palliative care. Indeed, such 
models have been shown to improve the 
frequency of palliative care delivery and 
patient outcomes in the hospital and clinic 
settings.9 16 17 With that said, successful 
implementation of automated prognostic 
models into routine clinical care at scale 
requires clinician and patient engagement 
and support.

In this issue of BMJ Quality & Safety, 
Saunders and colleagues report on the 
acceptability of using the EMR- based 

Modified Hospitalised- Patient One- Year 
Mortality Risk (mHOMR) score to alert 
clinicians to individual patients with a 
>21% risk of dying within 12 months. 
The goal of the clinician notification of 
an elevated risk score was to prompt clini-
cians to consider palliative care referral.18 
In a previously reported feasibility study 
among 400 hospitalised patients, use of 
the mHOMR alert was associated with 
increased rates of goals of care discus-
sions and palliative care consultation in 
comparison to the preimplementation 
baseline (34% vs 18%, respectively).19 In 
the present study, the authors conducted 
qualitative interviews pre- mHOMR and 
post- mHOMR implementation among 64 
stakeholders, including patients identified 
at high risk by the mHOMR algorithm, 
their caregivers, staff and physicians. 
Thirty- five (55%) participants agreed 
that the mHOMR tool was acceptable; 
14 (22%) were unsure or did not agree; 
and 15 (23%) did not respond. Partici-
pants identified many potential benefits 
of the programme, citing the advantages 
of an automated approach to facilitate 
and justify clinical decision making. 
Participants also acknowledged possible 
barriers, particularly ‘situational chal-
lenges’ such as the content, timing and 
mechanism of provider notification. 
Additional logistical concerns included 
alert fatigue, potential redundancy, uncer-
tainty regarding next steps and a worry 
that certain therapeutic options could 
be withheld from flagged patients. The 
authors concluded that clinicians and 
patients found the automated prognostic 
trigger to be an acceptable addition to 
usual clinical care.

Saunders et al’s work adds to our 
understanding of critical perceptions 
regarding end users’ acceptability of 
automated prognostic triggers in routine 
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clinical care. The findings from this study align with 
prior evidence suggesting that clinicians recognise the 
value of automated, algorithm- based approaches to 
improve serious illness care. For example, in a qual-
itative study of clinicians by Hallen et al, prognostic 
models confirmed clinicians’ gestalt and served as a 
tool to help communicate prognosis to patients.20 
Clinicians described prognostic models as a tool to 
facilitate interclinician disagreements, mitigate medi-
colegal risk, and overcome the tendency to ignore or 
overestimate prognosis.20 Clinicians also reported that 
EMR- generated lists of high- risk patients improved 
their ability to identify potential palliative care benefi-
ciaries in a mixed- methods study by Mason et al.21 In a 
single- centre pilot study, we similarly found that most 
clinicians believed that using an EMR- based prognostic 
model to encourage inpatient palliative care consulta-
tion was acceptable.9 However, in the Saunders et al 
study, as in prior similar work, clinicians highlighted 
the importance of delivering notifications without 
causing excess provider workload, redundancy or 
alert fatigue.16 18 21 Clinicians also raised concerns 
regarding the accuracy of the prognostic information 
and the potential for negative effects on patients due 
to common misperceptions about palliative care being 
equivalent to hospice.18 20 21 Ultimately, Saunders et 
al’s work complements and builds on existing liter-
ature, demonstrating a general perception that inte-
gration of automated prognostic models into routine 
clinical care could be beneficial and acceptable.

Important gaps remain in this literature which were 
not addressed by the Saunders et al study. For example, 
there is a need to capture more diverse clinician and 
patient perspectives, and there was no information 
provided about the sociodemographic or clinical 
characteristics of the study participants. Additionally, 
important themes found in prior studies were not 
identified in this study. For example, two prior studies 
of clinicians’ perspectives on automated prognostic 
triggers for palliative care revealed concerns that prog-
nosis alone may not be a sufficient surrogate indicator 
of actual palliative care need, or may inadvertently 
engender clinician overconfidence in an individual 
patient’s prognosis.9 21 The brevity of the interviews 
in Saunders et al’s study (mean: 12 min) could suggest 
all relevant themes may not have emerged in the data 
analysis. Additionally, while the inclusion of patient 
and caregiver perceptions is an important addition, 
limited information is provided about their perspec-
tives and whether certain themes differed among the 
stakeholders. In the study from Mason et al, themes 
unique to patients and caregivers were identified, such 
as hesitancy due to a lack of understanding of pallia-
tive care, a preference to ‘focus on the present’, and 
a worry that a clinician would not have the time to 
adequately address advanced care planning or palli-
ative care during their visit.21 Healthcare systems 
should therefore be prepared to consider their unique 

workflows, patients and staff prior to implementing 
one of these programmes.

Achieving stakeholder acceptability prior to wide-
spread implementation is essential. An intervention 
should ideally undergo multiple cycles of optimisa-
tion with ongoing appraisal of patient and clinician 
perspectives prior to wide- scale implementation.22 23 
Additionally, it is unclear whether clinicians’ accept-
ability of the intervention in one setting will gener-
alise to other inpatient health settings. For instance, 
Saunders et al found that some providers were leery 
about the use of mHOMR due the need to balance the 
patient’s acute needs that brought them to the hospital 
with their long- term priorities that may be better served 
in the outpatient setting.18 Clinical workflows, patient 
acuity and patient–provider relationships are mark-
edly different between the inpatient and outpatient 
settings, suggesting Saunders et al’s findings cannot 
be extrapolated to outpatient care. This is particularly 
relevant as many ‘off- the- shelf ’ prognostic algorithms 
are now commercially available that, while accurate, 
may not be as familiar or acceptable to clinicians as a 
homegrown model. Therefore, while Saunders et al’s 
work is a great addition to the field, additional assess-
ments are needed across different healthcare environ-
ments and varying clinical and demographic cohorts to 
demonstrate that this approach is acceptable in other 
health settings. It is likely that multiple implementa-
tion strategies will be needed to successfully adapt 
automated prognostic models across a range of clinical 
settings.

Thoughtful consideration of the many forces that 
alter clinical decision making will also be critical for 
downstream success of these interventions. Subop-
timal clinical decision making is often a result of 
systemic biases, such as status quo and optimism bias, 
which result in clinician resistance to change current 
practice and a belief that their patients are less prone 
to negative outcomes.14 15 Intentional application of 
targeted behavioural economics principles will help 
ensure that the use of prognostic triggers to improve 
palliative care effectively changes clinical behaviour.24 
For example, using an ‘opt- out’ approach for palliative 
care referral may make the optimal choice the path of 
least resistance, increasing uptake among clinicians.16 
These approaches will need to be balanced against 
rising clinician alert fatigue25 and resource constraints.

Given the implementation challenges that accom-
pany an intervention using prognostic triggers, hybrid 
effectiveness trials that test both clinical effectiveness 
and implementation outcomes offer one strategy to 
advance the integration of automated prognostic 
models.26 Implementation outcomes are typically 
based on a framework which provides a systematic 
way to develop, manage and evaluate interventions. 
For example, Reach Effectiveness Adoption Imple-
mentation Maintenance (RE- AIM) is a framework that 
measures the impact of a programme based on five 
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factors: reach, effectiveness, adoption, implementation 
and maintenance.27 Due to their pragmatic approach, 
hybrid trials frequently include heterogenous samples 
and clinical settings that optimise external validity 
and generalisability.26 28 They can be designed to 
primarily test the effects of a clinical interventions 
while observing and gathering information on imple-
mentation outcomes (type I), for equal evaluation of 
both the clinical intervention and implementation 
strategies (type II), or to primarily assess implemen-
tation outcomes while collecting effectiveness data 
(type III).26 29 For example, Beidas et al used a type 
I hybrid effectiveness–implementation trial design to 
test the effectiveness of an exercise intervention for 
breast cancer. This study not only evaluated the effec-
tiveness of the intervention but also identified multiple 
significant implementation barriers such as cost, 
referral logistics and patient selection challenges which 
informed their subsequent dissemination efforts.30 
Prospective, randomised, hybrid effectiveness–imple-
mentation designs focusing on other key implementa-
tion outcomes are a logical and necessary next step in 
advancing the field. In total, the work by Saunders et 
al demonstrates the potential acceptability of an auto-
mated prognostic model to improve the timeliness of 
palliative care, setting the stage for further work to 
optimise and implement these programmes into real- 
world clinical care.

Twitter Ravi B Parikh @ravi_b_parikh

Contributors EMB, KRC and RBP conceived of the manuscript. 
EMB wrote the first draft, and KRC and RBP provided reviews 
and edits to the draft.

Funding This study was funded by the National Palliative Care 
Research Center.

Competing interests None declared.

Patient consent for publication Not required.

Provenance and peer review Commissioned; internally peer 
reviewed.

ORCID iDs
Erin M Bange http:// orcid. org/ 0000- 0003- 0000- 6093
Ravi B Parikh http:// orcid. org/ 0000- 0003- 2692- 6306

REFERENCES
 1 Bajwah S, Oluyase AO, Yi D. The effectiveness and cost- 

effectiveness of hospital- based specialist palliative care for 
adults with advanced illness and their caregivers. Cochrane 
Database of Systematic Reviews.

 2 Quinn KL, Shurrab M, Gitau K, et al. Association of receipt 
of palliative care interventions with health care use, quality 
of life, and symptom burden among adults with chronic 
noncancer illness: a systematic review and meta- analysis. JAMA 
2020;324:1439.

 3 Kavalieratos D, Corbelli J, Zhang D, et al. Association between 
palliative care and patient and caregiver outcomes: a systematic 
review and meta- analysis. JAMA 2016;316:2104–14.

 4 Weissman DE, Meier DE. Identifying patients in need of a 
palliative care assessment in the hospital setting: a consensus 
report from the center to advance palliative care. J Palliat Med 
2011;14:17–23.

 5 Seow H, O'Leary E, Perez R, et al. Access to palliative care 
by disease trajectory: a population- based cohort of Ontario 
decedents. BMJ Open 2018;8:e021147.

 6 Amano K, Maeda I, Shimoyama S, et al. The accuracy of 
physicians' clinical predictions of survival in patients with 
advanced cancer. J Pain Symptom Manage 2015;50:139–46.

 7 Di Bari M, Balzi D, Roberts AT, et al. Prognostic stratification 
of older persons based on simple administrative data: 
development and validation of the "Silver Code," to be used 
in emergency department triage. J Gerontol A Biol Sci Med Sci 
2010;65:159–64.

 8 Parikh RB, Manz C, Chivers C, et al. Machine learning 
approaches to predict 6- month mortality among patients with 
cancer. JAMA Netw Open 2019;2:e1915997.

 9 Courtright KR, Chivers C, Becker M, et al. Electronic health 
record mortality prediction model for targeted palliative 
care among hospitalized medical patients: a pilot quasi- 
experimental study. J Gen Intern Med 2019;34:1841–7.

 10 Parchure P, Joshi H, Dharmarajan K, et al. Development 
and validation of a machine learning- based prediction 
model for near- term in- hospital mortality among 
patients with COVID-19. BMJ Support Palliat Care 
2020:bmjspcare-2020-002602.

 11 Avati A, Jung K, Harman S, et al. Improving palliative care 
with deep learning. BMC Med Inform Decis Mak 2018;18:122.

 12 Kistler EA, Stevens E, Scott E, et al. Triggered Palliative 
Care Consults: A Systematic Review of Interventions for 
Hospitalized and Emergency Department Patients. J Pain 
Symptom Manage 2020;60:460–75.

 13 Gensheimer MF, Aggarwal S, Benson KRK, et al. Automated 
model versus treating physician for predicting survival time 
of patients with metastatic cancer. J Am Med Inform Assoc 
2020:ocaa290.

 14 Kahneman D, Tversky A. Prospect theory: an analysis of 
decision under risk. Econometrica 1979;47:263.

 15 Ingersoll LT, Alexander SC, Ladwig S, et al. The contagion 
of optimism: the relationship between patient optimism and 
palliative care clinician overestimation of survival among 
hospitalized patients with advanced cancer. Psychooncology 
2019;28:1286–92.

 16 Manz CR, Parikh RB, Small DS, et al. Effect of integrating 
machine learning mortality estimates with behavioral Nudges 
to clinicians on serious illness conversations among patients 
with cancer: a Stepped- Wedge cluster randomized clinical trial. 
JAMA Oncol 2020;6:e204759.

 17 Gajra A, Zettler M, Kish J, et al. Impact of augmented 
intelligence (AI) on utilization of palliative care (PC) services in 
oncology. JCO 2020;38:12015

 18 Saunders S, Downar J, Subramaniam S, et al. mHOMR: the 
acceptability of an automated mortality prediction model for 
timely identification of patients for palliative care. BMJ Qual 
Saf 2021;30:837–40.

 19 Wegier P, Koo E, Ansari S. mHOMR: a feasibility study 
of an automated system for identifying inpatients having 
an elevated risk of 1- year mortality. BMJ Qual Saf 
2019;28:971–9.

 20 Hallen SAM, Hootsmans NAM, Blaisdell L, et al. Physicians' 
perceptions of the value of prognostic models: the 
benefits and risks of prognostic confidence. Health Expect 
2015;18:2266–77.

 21 Mason B, Boyd K, Steyn J, et al. Computer screening for 
palliative care needs in primary care: a mixed- methods study. 
Br J Gen Pract 2018;68:e360–9.

 on M
ay 23, 2023 by guest. P

rotected by copyright.
http://qualitysafety.bm

j.com
/

B
M

J Q
ual S

af: first published as 10.1136/bm
jqs-2021-013510 on 17 M

ay 2021. D
ow

nloaded from
 

https://twitter.com/ravi_b_parikh
http://orcid.org/0000-0003-0000-6093
http://orcid.org/0000-0003-2692-6306
http://dx.doi.org/10.1001/jama.2020.14205
http://dx.doi.org/10.1001/jama.2016.16840
http://dx.doi.org/10.1089/jpm.2010.0347
http://dx.doi.org/10.1136/bmjopen-2017-021147
http://dx.doi.org/10.1016/j.jpainsymman.2015.03.004
http://dx.doi.org/10.1093/gerona/glp043
http://dx.doi.org/10.1001/jamanetworkopen.2019.15997
http://dx.doi.org/10.1007/s11606-019-05169-2
http://dx.doi.org/10.1136/bmjspcare-2020-002602
http://dx.doi.org/10.1186/s12911-018-0677-8
http://dx.doi.org/10.1016/j.jpainsymman.2020.02.001
http://dx.doi.org/10.1016/j.jpainsymman.2020.02.001
http://dx.doi.org/10.1093/jamia/ocaa290
http://dx.doi.org/10.2307/1914185
http://dx.doi.org/10.1002/pon.5080
http://dx.doi.org/10.1001/jamaoncol.2020.4759
http://dx.doi.org/10.1200/JCO.2020.38.15_suppl.12015
http://dx.doi.org/10.1136/bmjqs-2020-012461
http://dx.doi.org/10.1136/bmjqs-2020-012461
http://dx.doi.org/10.1136/bmjqs-2018-009285
http://dx.doi.org/10.1111/hex.12196
http://dx.doi.org/10.3399/bjgp18X695729
http://qualitysafety.bmj.com/


778 Bange EM, et al. BMJ Qual Saf 2021;30:775–778. doi:10.1136/bmjqs-2021-013510

Editorial

 22 Horwitz LI, Kuznetsova M, Jones SA. Creating a learning 
health system through rapid- cycle, randomized testing. N Engl 
J Med 2019;381:1175–9.

 23 Burke RE, Shojania KG. Rigorous evaluations of evolving 
interventions: can we have our cake and eat it too? BMJ Qual 
Saf 2018;27:254–7.

 24 Emanuel EJ, Ubel PA, Kessler JB, et al. Using behavioral 
economics to design physician incentives that deliver high- 
value care. Ann Intern Med 2016;164:114.

 25 Ancker JS, Edwards A, Nosal S, et al. Effects of workload, 
work complexity, and repeated alerts on alert fatigue in a 
clinical decision support system. BMC Med Inform Decis Mak 
2017;17:36.

 26 Curran GM, Bauer M, Mittman B, et al. Effectiveness- 
implementation hybrid designs: combining elements of clinical 

effectiveness and implementation research to enhance public 
health impact. Med Care 2012;50:217–26.

 27 Glasgow RE, Harden SM, Gaglio B, et al. RE- AIM planning 
and evaluation framework: adapting to new science and 
practice with a 20- year review. Front Public Health 2019;7:64.

 28 Smith JD, Garcia SF, Penedo FJ, et al. An effectiveness- 
implementation hybrid trial for informatics- based cancer 
symptom management. JCO 2020;38:236

 29 Landes SJ, McBain SA, Curran GM. An introduction to 
effectiveness- implementation hybrid designs. Psychiatry Res 
2019;280:112513.

 30 Beidas RS, Paciotti B, Barg F, et al. A hybrid effectiveness- 
implementation trial of an evidence- based exercise intervention 
for breast cancer survivors. J Natl Cancer Inst Monogr 
2014;2014:338–45.

 on M
ay 23, 2023 by guest. P

rotected by copyright.
http://qualitysafety.bm

j.com
/

B
M

J Q
ual S

af: first published as 10.1136/bm
jqs-2021-013510 on 17 M

ay 2021. D
ow

nloaded from
 

http://dx.doi.org/10.1056/NEJMsb1900856
http://dx.doi.org/10.1056/NEJMsb1900856
http://dx.doi.org/10.1136/bmjqs-2017-007554
http://dx.doi.org/10.1136/bmjqs-2017-007554
http://dx.doi.org/10.7326/M15-1330
http://dx.doi.org/10.1186/s12911-017-0430-8
http://dx.doi.org/10.1097/MLR.0b013e3182408812
http://dx.doi.org/10.3389/fpubh.2019.00064
http://dx.doi.org/10.1200/JCO.2020.38.29_suppl.236
http://dx.doi.org/10.1016/j.psychres.2019.112513
http://dx.doi.org/10.1093/jncimonographs/lgu033
http://qualitysafety.bmj.com/

	Implementing automated prognostic models to inform palliative care: more than just the algorithm
	References


