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Simple Summary: To investigate the adoption of machine learning in palliative care research and
clinical practice, we systematically searched for published research papers on the topic. We found
several publications that used different kinds of machine learning in palliative care for different use
cases. However, on average, there needs to be more rigorous testing of the models to ensure that they
work well in different settings.

Abstract: Objective: To summarize the available literature on using machine learning (ML) for
palliative care practice as well as research and to assess the adherence of the published studies to
the most important ML best practices. Methods: The MEDLINE database was searched for the use
of ML in palliative care practice or research, and the records were screened according to PRISMA
guidelines. Results: In total, 22 publications using machine learning for mortality prediction (n = 15),
data annotation (n = 5), predicting morbidity under palliative therapy (n = 1), and predicting response
to palliative therapy (n = 1) were included. Publications used a variety of supervised or unsupervised
models, but mostly tree-based classifiers and neural networks. Two publications had code uploaded
to a public repository, and one publication uploaded the dataset. Conclusions: Machine learning in
palliative care is mainly used to predict mortality. Similarly to other applications of ML, external test
sets and prospective validations are the exception.

Keywords: machine learning; artificial intelligence; palliative care; deep learning; natural language
processing; response prediction; data annotation; mortality prediction

1. Introduction

While the number of publications leveraging machine learning (ML) techniques has
increased in recent years, this increase seems not evenly distributed across different special-
ties. Advances such as frameworks that made convolutional neural networks (CNNs) easy
to train and deploy have mainly given rise to new ways of analyzing images, which have
favored fields such as radiology or pathology where images make up a large share of the
data [1]. In addition, more ML software applications have been developed in fields and
ecosystems where there is more commercial potential for such an application [2].

Palliative care has been largely unaffected by ML developments, even though there
are several scenarios where better models could be useful, such as predicting survival or
predicting response to and quality of life during palliative therapy [3].
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The purpose of this review was therefore to search the literature for publications that
use ML techniques explicitly to improve palliative care practice or research and to assess
their adherence to the most important ML best practices. The goal was to create a resource
that can be used as a starting point for researchers who want to conduct their own ML
research in palliative care as well as to highlight interesting developments and issues that
should be addressed by future publications.

2. Methods
2.1. Literature Search

The review was conducted according to the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines [4].

Original articles that used any kind of machine learning technique to support clinical
palliative care practice in humans were included. No constraints regarding language or
year of publication were applied. The Medical Literature Analysis and Retrieval System
Online (MEDLINE) database was searched on 7 February 2022 via the PubMed interface.

The query was designed to include studies with either the words “palliative” or “palli-
ation” in the title or abstract as well as at least one word indicating the usage of an ML tech-
nique in the title. The complete search query that was used was therefore: ((automated[title])
OR (computer aided[title]) OR (computer-aided[title]) OR (CAD[title]) OR (radiomic[title])
OR (radiomics[title]) OR (texture analysis[title]) OR (texture analyses[title]) OR (textural
analysis[title]) OR (textural analyses[title]) OR (deep learning[title]) OR (machine learn-
ing[title]) OR (ML[title]) OR (neural network[title]) OR (NN[title]) OR (artificial intelli-
gence[title]) OR (AI[title])) AND((palliative[title/abstract]) OR (palliation[title/abstract]))
AND (“1950/01/01”[Date-Create]: “2022/02/07”[Date-Create]).

After the exclusion of duplicates, the titles as well as abstracts were screened, and only
relevant publications proceeded to full-text screening. The decision as to whether a study
met the inclusion criteria of the review was made by two authors (E.V. and P.W.) without
the use of automated tools. A third author (N.S.) acted as a referee in case of a potential
disagreement between the two authors responsible for screening. All articles that did not
focus on the use of ML to support clinical palliative care practice or research were excluded.

The review had not been registered beforehand, and no protocol had been published.

2.2. Data Extraction

Two authors (E.V. and P.W.) independently extracted data and discussed any discrep-
ancies. Data were extracted with regard to:

1. Study parameters: Title, authors, year of publication, recruitment period, number of
patients in the respective sets, split, and design;

2. Clinical parameters: Task, ground truth, and features that were used for prediction;
3. ML parameters: Target metric, model, software, and hardware;
4. Disclosures: Code availability, data availability, conflict of interest, and sources of funding.

3. Results

The inclusion workflow is depicted in Figure 1. The query returned 63 publications
and no duplicates. When screening the records, 40 articles were excluded. A complete list of
the excluded articles and the respective reasons for exclusion is provided in Supplementary
Table S1. Eighteen articles were excluded due to not having an ML focus. Ten articles
were excluded due to not being original articles. Twelve articles were excluded due to not
focusing on palliative care in humans.
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articles that underwent full-text screening were included, and the extracted characteristics 
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Figure 1. Workflow of the literature search according to PRISMA guidelines. From: Page MJ,
McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD et al. The PRISMA 2020 statement:
an updated guideline for reporting systematic reviews. BMJ 2021;372:n71. doi: 10.1136/bmj.n71. For
more information, visit: http://www.prisma-statement.org/ (accessed on 3 August 2022).

Of the remaining 23 articles, all but one by Barash et al. could be retrieved [5]. All 22 ar-
ticles that underwent full-text screening were included, and the extracted characteristics
from all articles are provided in Supplementary Table S2, with selected information being
presented in Table 1. Most modeling and validation was carried out retrospectively, with
a prospective validation study by Manz et al. being the exception, and the studies were
published between 2018 and 2022 [6]. Nine publications contained data from patients with
various kinds of diseases. The remaining publications analyzed data from patients with
hip fractures, liver malignancies, advanced lung cancer, breast cancer, metastatic colorectal
cancer as well as Alzheimer’s disease and related dementias. The most frequent use case
was mortality prediction (n = 15) followed by data annotation (n = 5).

Table 1. Summary of extracted study parameters.

Title Author Year Disease Task

Improving palliative care with
deep learning Avati et al. [7] 2018 Disease agnostic

Predicting mortality within
3–12 months using EHR data from

the previous 12 months
Development and validation of
15-month mortality prediction

models: a retrospective
observational comparison of

machine-learning techniques in a
national sample of
Medicare recipients

Berg et al. [8] 2019 Disease agnostic
Predicting 15-month mortality
among community-dwelling

Medicare beneficiaries

http://www.prisma-statement.org/
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Table 1. Cont.

Title Author Year Disease Task

Design of 1-year mortality forecast
at hospital admission: A machine

learning approach

Blanes-Selva et al.
[9] 2021 Disease agnostic Predicting 1-year mortality for

patients admitted to a hospital

Machine Learning Algorithms to
Predict Mortality and Allocate

Palliative Care for Older Patients
with Hip Fracture

Cary et al. [10] 2021 Hip fracture

Predicting 30-day and 1-year
mortality for patients >65 years

treated for hip fractures in
inpatient rehabilitation facilities

Identifying Connectional Silence
in Palliative Care Consultations: A

Tandem Machine-Learning and
Human Coding Method

Durieux et al. [11] 2018 Disease agnostic

Predicting conversational pauses
in palliative care conversations so
that human coders could classify
the pauses as connectional or not

Development and Application of a
Machine Learning Approach to

Assess Short-term Mortality Risk
Among Patients with Cancer

Starting Chemotherapy

Elfiky et al. [12] 2018 Cancer
Predicting 30-day mortality of

cancer patients undergoing
chemotherapy

External Validation of the Bone
Metastases Ensemble Trees for

Survival (BMETS) Machine
Learning Model to Predict
Survival in Patients with

Symptomatic Bone Metastases

Elledge et al. [13] 2021 Cancer
Predicting survival in patients

receiving palliative radiation for
symptomatic bone metastases

Machine Learning Methods to
Extract Documentation of Breast

Cancer Symptoms from Electronic
Health Records

Forsyth et al. [14] 2018 Breast cancer

Extracting patient-reported
symptoms from free-text health
records of breast cancer patients

receiving chemotherapy
Automated Survival Prediction in
Metastatic Cancer Patients Using

High-Dimensional Electronic
Medical Record Data

Gensheimer et al.
[15] 2019 Metastatic cancer

Predicting survival from date of
first visit after metastatic cancer

diagnosis

Optimal multiparametric set-up
modelled for best survival

outcomes in palliative treatment of
liver malignancies: unsupervised

machine learning and 3 PM
recommendations

Goldstein et al. [16] 2020
Primary and

secondary liver
malignancies

Clustering patients with liver
malignancies according to their

survival probability

Prediction of Lung Infection
during Palliative Chemotherapy of

Lung Cancer Based on Artificial
Neural Network

Guo, Gao et al. [17] 2022 Advanced lung
cancer

Predicting lung infections in lung
cancer patients undergoing

palliative chemotherapy

Improving Machine Learning
30-Day Mortality Prediction by
Discounting Surprising Deaths

Heyman et al. [18] 2021 Disease agnostic Predicting 30-day mortality upon
emergency department discharge

Identifying Goals of Care
Conversations in the Electronic
Health Record Using Natural

Language Processing and Machine
Learning

Lee et al. [19] 2020 Disease agnostic

Identifying goals of care
conversation in notes in the
electronic health records of

patients with a critical illness
and/or receiving palliative care

Machine-Learning Monitoring
System for Predicting Mortality

Among Patients with Noncancer
End-Stage Liver Disease:

Retrospective Study

Lin et al. [20] 2020
Non-cancer

end-stage liver
disease

Predicting survival in patients
with non-cancer end-stage liver

disease
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Table 1. Cont.

Title Author Year Disease Task

Use of machine learning to
transform complex standardized

nursing care plan data into
meaningful research variables: a

palliative care exemplar

Macieira et al. [21] 2021 Disease agnostic

Classifying DIOs (groups of
diagnosis, intervention and

outcome) into a palliative care
framework for hospitalized

patients receiving palliative care
Automated Detection of

Conversational Pauses from
Audio Recordings of Serious

Illness Conversations in Natural
Hospital Settings

Manukyan et al.
[22] 2018 Disease agnostic

Predicting conversational pauses
in palliative care conversations so
that human coders could classify
the pauses as connectional or not

Validation of a Machine Learning
Algorithm to Predict 180-Day

Mortality for Outpatients
with Cancer

Manz et al. [6] 2020 Cancer Predicting 180-day mortality in an
outpatient oncology cohort

Independent Validation of a
Comprehensive Machine Learning

Approach Predicting Survival
After Radiotherapy for

Bone Metastases

Nieder et al. [23] 2021 Cancer
Predicting survival in patients

receiving palliative radiation for
symptomatic bone metastases

Radiomics analysis of
pre-treatment [18F]FDG PET/CT

for patients with metastatic
colorectal cancer undergoing
palliative systemic treatment

Van Helden et al.
[24] 2018 Metastatic

colorectal cancer

Predicting response in patients
with metastatic colorectal cancer

receiving 1st- or 3rd-line palliative
chemotherapy

Development and Validation of a
Deep Learning Algorithm
for Mortality Prediction in

Selecting Patients with Dementia
for Earlier Palliative Care

Interventions

Wang et al. [25] 2019
Alzheimer’s disease

and related
dementias

Predicting 6-month, 1-year, and
2-year mortality in patients with

Alzheimer’s disease and
related dementias

Deep-Learning Approach to
Predict Survival Outcomes Using

Wearable Actigraphy Device
Among End-Stage Cancer Patients

Yang et al. [26] 2021 End-stage cancer

Predicting in-hospital death of
end-stage cancer patients on a

hospice care unit using
wristband actigraphy

Predicting potential palliative care
beneficiaries for health plans: A

generalized machine
learning pipeline

Zhang et al. [27] 2021 12 chronic health
conditions

Predicting 1-year mortality in
people with certain chronic health

conditions from the
general population

3.1. Disclosures and Declarations

No study declared a conflict of interest with an obvious concrete relation to the
publication. Sixteen publications reported sources of funding for the submitted work, all of
which appeared to be government agencies or non-profit organizations.

3.2. Data and Code Availability

Two publications had code uploaded to a public repository, and one publication
uploaded the dataset [6,15]. Five publications mentioned that the data could be obtained
from the corresponding author upon request.

3.3. Machine Learning

The studies used a variety of different supervised and unsupervised models such as
neural networks, (boosted) tree-based classifiers, support vector machines, and hierarchical
clustering. The use of R was mentioned in seven publications compared to nine publications
referencing python. Outcome metrics were also heterogeneous, with the most frequent one
being the area under the receiver operating characteristic curve, which was used in eight
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publications. Other outcome metrics included accuracy, the area under the precision–recall
curve, sensitivity, specificity, precision, recall, and c-statistics.

3.4. Use Case: Machine Learning for Mortality Prediction

Avati et al. used a deep neural network to predict if a patient was going to die
within 3–12 months from a consultation [7]. A high likelihood of dying within this short-
term period was used as a surrogate to determine if a patient should have been referred
to palliative care. The model was trained on electronic health record data without any
constraints regarding underlying diseases or patient age. In addition to demographic
information, International Statistical Classification of Diseases and Related Health Problems
(ICD), Current Procedural Terminology (CPT), and RxNorm concept unique identifier
(RXCUI) codes were used as features. The retrospective data of 205,571 patients who met
the inclusion criteria were split in an 8:1:1 ratio for training, validation, and testing. The
model achieved an Area Under Precision–Recall Curve (AUPRC) of 0.69 and a recall of
0.34 at 0.9 precision. Notably, a high number of false positive predictions (i.e., people who
were predicted to die within a year but survived longer) were nonetheless diagnosed with
a terminal illness and could have benefitted from palliative care involvement.

Cary et al. used logistic regression as well as a multilayer perceptron to predict
30-day and one-year mortality in patients >65 years treated for hip fracture at an inpatient
rehabilitation facility [10].

In addition to demographic features, the authors used eight chronic conditions (stroke,
diabetes, liver disease, chronic kidney disease, asthma, and heart disease) as well as the
Functional Independent Measure (FIM) score as inputs.

No independent test set was used, but the average performance on the 10-fold cross-
validation was reported. Both models, a logistic regression and a multilayer perceptron
(a feedforward neural network), exhibited very similar performance with an area under
the receiver operating characteristic curve between 0.756 and 0.765 for all tasks.

Goldstein et al. used unsupervised clustering to define prognostic subgroups based
on molecular profiles for patients receiving palliative selective internal radiation therapy
(SIRT, n = 86) or transarterial chemoembolization (TACE, n = 22) for primary or secondary
hepatic malignancies [16].

Manz et al. conducted a prospective validation of an ML algorithm that predicted
180-day mortality in an outpatient oncology cohort [6]. Most technical details of the
algorithm development were described in a companion publication by Parikh et al. [28].
The model achieved an area under the receiver operating characteristic curve of 0.89, which
was in line with the results of the internal validation on retrospective data.

Wang et al. developed and validated a neural network for mortality prediction in
patients with dementia [25]. Notably, in addition to standard demographic parameters,
the authors used natural language processing (NLP) to extract information from clinical
notes and leverage that information for making predictions. On the validation data, the
model achieved an area under the receiver operating characteristic curve of 0.978 (95% CI,
0.977–0.978), 0.956 (95% CI, 0.955–0.956), and 0.943 (95% CI, 0.942–0.944) for 6-month,
1-year, and 2-year mortality, respectively.

Zhang et al. developed a General Machine Learning Pipeline (GMLP) to continuously
identify individuals with high short-term mortality in a population [27]. In contrast to
other publications, the authors did not use data from electronic health records (EHRs),
but administrative claims data such as ICD codes, utilization cost, and patterns as well as
demographics for their predictions. Out of several algorithms, an AdaBoost achieved the
best performance on the test dataset with an area under the receiver operating characteristic
curve of 0.73.

Other mortality prediction publications included and described in Table 1 as well
as Supplementary Table S2 are Berg et al. [8], Blanes-Sevla et al. [9], Elfiky et al. [12],
Gensheimer et al. [15], Heyman et al. [18], Lin et al. [20], and Yang et al. [26]. Both Elledge
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et al. [13] and Nieder et al. [23] validated a model for predicting the survival of patients
following palliative radiation for bone metastases published by Alcorn et al. [29].

3.5. Use Case: Machine Learning to Support Data Annotation in Palliative Care Research

Durieux et al. used a tandem method of machine learning and human coding to
identify connectional silence, i.e., a conversational pause that represents a moment of con-
nection between physician and patient in audio recordings of palliative care consultations
in an acute care hospital setting [11]. Most technical details were reported in a companion
article by Manukyan et al. [22]

The ML algorithm, a random forest classifier, first predicted conversational pauses
which were then passed to a human coder (with ten seconds before and five seconds after
the pause for context) who evaluated whether the snippet actually contained a pause
(587/1000) and if the pause could be classified as connectional silence. In a second experi-
ment, the authors tried to establish the sensitivity of the pause detection algorithm by using
it on 100 min of conversation that contained 41 episodes of connectional silence. All 41 of
the episodes were identified by the algorithm. In the companion study, the sensitivity for
detecting any kind of pause was lower at 0.908.

The authors concluded that coding the whole dataset without ML support would have
taken 61% more time than with the tandem approach.

Macieira et al. used a random forest classifier to transform nursing care plans into
variables of a palliative care framework which could then be used in further research [21].
The nursing care plans contained nursing diagnoses, interventions, and outcomes (DIOs).
DIOs are groups of a diagnosis (e.g., death anxiety), the intervention that the nursing staff
used to address the diagnosis (e.g., active listening), and the outcome that the nursing staff
was trying to improve (e.g., anxiety level). The authors trained a model to map each DIO
to one of eight categories (family, well-being, mental comfort, physical comfort, mental,
safety, functional, and physiological). Two human coders classified 1’000 DIOs, two-thirds
of which were used for training, with the remaining third being used for validation. The
best model achieved an accuracy of 0.89.

Other examples of machine learning for data annotation include Forsyth et al., who
used a conditional random field model to extract symptoms from free-text notes of breast
cancer patients receiving paclitaxel-containing chemotherapy, as well as Lee et al., who
used natural language processing to identify goals of care conversations in electronic health
record notes [14,19].

3.6. Use Case: Machine Learning for Predicting Morbidity under Palliative Therapy

Guo, Gao et al. used two machine learning models to predict lung infections in patients
undergoing palliative chemotherapy for advanced lung cancer from clinical parameters [17].
While the authors report the superior performance of the neural network compared to the
simple logistic regression model (area under the receiver operator curve of 0.897 vs. 0.729),
it is unclear if independent test sets were created, how the data were split, and who defined
the ground truth.

3.7. Use Case: Machine Learning for Response Prediction for Palliative Therapy

Van Helden et al. used hierarchical clustering to predict response, progression-free
survival, and overall survival in 52 patients receiving first-line and 47 patients receiving
third-line palliative systemic therapy for metastatic colorectal cancer [24]. However, the
clustering of the 10 extracted radiomics features did not result in additional predictive
value compared to the individual units.

4. Discussion

Our review found mortality prediction as the most frequent use case of ML in palliative
care. While prognostic scores have existed for a long time, many of these scores require
face-to-face consultations for their computation [30,31]. As these consultations are naturally
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time-consuming and do not scale well when it comes to identifying people in need of
palliative care in the broader population beyond the hospital setting, it makes sense to
search for automated alternatives. Having a tool running continuously on electronic health
records or administrative claims data could be used to prompt providers to consider a
palliative care referral in patients where the data indicate a potential need before serious
complications occur.

When predicting mortality, it is, however, important to keep in mind that it is only
a proxy problem for the need for palliative care, which is much harder to define. In an
ideal world, models that recommend patients for palliative care referral should not only
predict mortality and refer patients based on a somewhat arbitrary cutoff but also try to
predict the time to clinical deterioration, which is usually the much more relevant event to
determine when palliative care is needed, even though an earlier referral has been shown
to provide additional benefit [32,33]. Additionally, ML could also try to predict when other
consensus-derived referral criteria are fulfilled [34].

In addition to predicting mortality, which is used to determine if palliative care will
be involved, the publications by Guo, Gao et al. on predicting lung infection as well as
van Helden et al. on predicting response to systemic therapy indicate how ML can be
used once palliative care is already involved. Counseling patients about the likelihood of
achieving a response and the expected quality of life is difficult, especially for later lines
of palliative–oncologic therapy, and could certainly benefit from models that are able to
process a larger number of inputs. However, a model like this would have to prove itself
in a randomized controlled trial to ensure that it is actually able to improve outcomes
(i.e., make patients live either better or longer). While randomized controlled trials would
obviously also be desirable for models that suggest patients for referral to palliative care,
the danger associated with false predictions of the latter models is smaller. A “too early”
referral to palliative care will hardly harm the patient since it does not stop the patient
from receiving additional therapy for his disease. If a model, however, incorrectly predicts
severe complications or no response for a therapy that would actually have benefitted the
patient, it could cause serious harm, which is why a hurdle for this kind of model needs to
be higher.

While the previous use cases mainly relate to improving clinical palliative care, another
promising use case is applying ML to data annotation in palliative care research. In addition
to the studies by Durieux et al. and Macieira et al. who used ML to find conversational
pauses and to transform documentation variables, the approach by Wang et al. is especially
promising for palliative care [11,21,25]. On palliative care wards, a lot of different providers
work with the patients and document their sessions—usually in an unstructured way—in
the electronic health record. As manually coding that data involves a lot of effort and
might in some cases be almost impossible, aggregating all of it and passing it on to natural
language processing could be a serious improvement. An NLP approach has also been
employed by other publications that used it to identify palliative patient cohorts for further
research. Lindvall et al. used NLP to identify patients who received a gastrostomy with
palliative intent, and Brizzi et al. used NLP on magnetic resonance imaging (MRI) reports
to identify breast cancer patients with leptomeningeal disease [35,36].

In contrast to ML publications in radiology, employment or funding by the medtech
industry, as well as patent applications, are not present, which reduces the risk of bias at
the study level [37]. However, data and especially code sharing could be improved. While
reluctance to share data is understandable due to privacy concerns and data protection
regulations, uploading code to a public repository or adding it as a supplemental file
should almost always be possible and comes with numerous benefits. In addition to giving
other researchers inspiration for approaching certain problems, it also helps to clarify many
ambiguities regarding the methodology. Whenever it is unclear how the data were split or
how hyperparameters were set during model training, any technical reader or reviewer
can simply look at the code and figure it out themselves.
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Another area with room for improvement that could also be addressed by sharing
data is the use of external test sets. While ML in palliative care is still in its infancy, not
using external test sets is understandable as researchers first have to train and internally
validate models before conducting external validations to see if their models generalize
well to unseen data from other institutions. However, there are considerable logistics
associated with obtaining external test sets eventually. Therefore, sharing anonymized
palliative care datasets increases the chance of other researchers finding a dataset with the
variables needed for their predictions without having to go through the lengthy process of
establishing collaborations first.

While data sharing is desirable, it can be an unpleasant experience if re-coding large
parts of the data is required for an already trained model to handle the new data. Recent
research shows worrying signals regarding computerized systems’ capability to use and
share data.

Even though laboratory and medication data are currently the most standardized
clinical data [38,39], a study by Bernstam et al. shows a low level of interoperability on
a minimal dataset consisting of six laboratory values and six medications. The mean
inter-vendor interoperability on this minimal dataset was only 20% [40].

The broad application of ML/AI technologies requires the standardization of datasets
across the clinical enterprise [41]. The solution for the previously mentioned problem is
a broad implementation of semantic interoperability principles, defined as a computer’s
capability to share and use data unambiguously [42].

The first step in achieving standardized data collection does not have to depend on any
technological solution, electronic health records, or systems vendor. Instead, clinicians and
researchers in palliative care could join forces and define their basic clinical terminology
and models. Several successful strategies have already been developed in other clinical
disciplines. Noteworthy are efforts to standardize pathology datasets guided by the
International Collaboration on Cancer Reporting (ICCR) and the development of Common
Data Elements in radiology [43,44].

Creating larger datasets by sharing data also enables researchers to select more ho-
mogenous groups of patients for model development. While it may be tempting to include
all patients treated at a palliative care center for modeling in order to have as many ob-
servations as possible, palliative care cohorts tend to be very heterogeneous. A variety
of underlying diseases as well as people at different ages and time points in their disease
trajectory can make modeling difficult. Larger datasets allow for the creation of more
homogeneous groups while ensuring a sufficient number of observations.

Possible limitations at the review level include the fact that only articles with “pallia-
tive” or “palliation” in their title or abstract were retrieved by the query, which could have
led to articles also trying to predict short-term mortality but not mentioning the keywords
being excluded. However, it seems appropriate to assume that any research conducted
with the intention to improve palliative care practice or research is likely to use one of the
terms somewhere in either title or abstract.

The same applies to publications using ML models but not explicitly referring to
them in the title. Only one database was queried, but this limitation is mitigated by the
fact that the majority of publications in the field of palliative care appear in PubMed-
indexed journals.

5. Conclusions

In conclusion, machine learning in palliative care is mainly used to predict mortality,
but recent publications indicate its potential for other innovative use cases such as data
annotation and predicting complications. Similarly to other applications of ML, external
test sets and prospective validations are the exception, but some publications have already
started addressing this. In the meantime, the added benefit of ML and especially the ability
to generalize to data from a variety of different institutions remains difficult to assess.



Cancers 2023, 15, 1596 10 of 12

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/cancers15051596/s1, Table S1: Excluded articles and reason for
exclusion; Table S2: All extracted study parameters.

Author Contributions: Conceptualization, P.W.; methodology, P.W.; formal analysis, E.V., N.S. and
P.W.; data curation, E.V., N.S. and P.W.; writing—original draft preparation, E.V., N.S. and P.W.;
writing—review and editing, C.S., R.F., D.R.Z., D.M.A., S.E., N.C. and C.H.; supervision, D.R.Z.;
project administration, D.R.Z. and P.W. All authors have read and agreed to the published version of
the manuscript.

Funding: Christina Schröder and Caroline Hertler were supported by Filling the Gap grants from
University Hospital Zurich during the project duration.

Conflicts of Interest: P.W. has a patent application entitled ‘Method for detection of neurological
abnormalities’ outside of the submitted work. The remaining authors declare no conflicts of interest.

References
1. Esteva, A.; Robicquet, A.; Ramsundar, B.; Kuleshov, V.; DePristo, M.; Chou, K.; Cui, C.; Corrado, G.; Thrun, S.; Dean, J. A Guide to

Deep Learning in Healthcare. Nat. Med. 2019, 25, 24–29. [CrossRef]
2. Hosny, A.; Aerts, H.J.W.L. Artificial Intelligence for Global Health. Science 2019, 366, 955–956. [CrossRef] [PubMed]
3. Windisch, P.; Hertler, C.; Blum, D.; Zwahlen, D.; Förster, R. Leveraging Advances in Artificial Intelligence to Improve the Quality

and Timing of Palliative Care. Cancers 2020, 12, 1149. [CrossRef] [PubMed]
4. Page, M.J.; McKenzie, J.E.; Bossuyt, P.M.; Boutron, I.; Hoffmann, T.C.; Mulrow, C.D.; Shamseer, L.; Tetzlaff, J.M.; Akl, E.A.;

Brennan, S.E.; et al. The PRISMA 2020 Statement: An Updated Guideline for Reporting Systematic Reviews. BMJ 2021, 372, n71.
[CrossRef] [PubMed]

5. Barash, Y.; Soffer, S.; Grossman, E.; Tau, N.; Sorin, V.; BenDavid, E.; Irony, A.; Konen, E.; Zimlichman, E.; Klang, E. Alerting on
Mortality among Patients Discharged from the Emergency Department: A Machine Learning Model. Postgrad. Med. J. 2022, 98,
166–171. [CrossRef] [PubMed]

6. Manz, C.R.; Chen, J.; Liu, M.; Chivers, C.; Regli, S.H.; Braun, J.; Draugelis, M.; Hanson, C.W.; Shulman, L.N.; Schuchter, L.M.; et al.
Validation of a Machine Learning Algorithm to Predict 180-Day Mortality for Outpatients with Cancer. JAMA Oncol. 2020, 6,
1723–1730. [CrossRef] [PubMed]

7. Avati, A.; Jung, K.; Harman, S.; Downing, L.; Ng, A.; Shah, N.H. Improving Palliative Care with Deep Learning. BMC Med.
Inform. Decis. Mak. 2018, 18, 122. [CrossRef]

8. Berg, G.D.; Gurley, V.F. Development and Validation of 15-Month Mortality Prediction Models: A Retrospective Observational
Comparison of Machine-Learning Techniques in a National Sample of Medicare Recipients. BMJ Open 2019, 9, e022935. [CrossRef]

9. Blanes-Selva, V.; Ruiz-García, V.; Tortajada, S.; Benedí, J.-M.; Valdivieso, B.; García-Gómez, J.M. Design of 1-Year Mortality
Forecast at Hospital Admission: A Machine Learning Approach. Health Inform. J. 2021, 27, 1460458220987580. [CrossRef]

10. Cary, M.P., Jr.; Zhuang, F.; Draelos, R.L.; Pan, W.; Amarasekara, S.; Douthit, B.J.; Kang, Y.; Colón-Emeric, C.S. Machine Learning
Algorithms to Predict Mortality and Allocate Palliative Care for Older Patients with Hip Fracture. J. Am. Med. Dir. Assoc. 2021, 22,
291–296. [CrossRef]

11. Durieux, B.N.; Gramling, C.J.; Manukyan, V.; Eppstein, M.J.; Rizzo, D.M.; Ross, L.M.; Ryan, A.G.; Niland, M.A.; Clarfeld, L.A.;
Alexander, S.C.; et al. Identifying Connectional Silence in Palliative Care Consultations: A Tandem Machine-Learning and
Human Coding Method. J. Palliat. Med. 2018, 21, 1755–1760. [CrossRef] [PubMed]

12. Elfiky, A.A.; Pany, M.J.; Parikh, R.B.; Obermeyer, Z. Development and Application of a Machine Learning Approach to Assess
Short-Term Mortality Risk Among Patients with Cancer Starting Chemotherapy. JAMA Netw. Open 2018, 1, e180926. [CrossRef]

13. Elledge, C.R.; LaVigne, A.W.; Fiksel, J.; Wright, J.L.; McNutt, T.; Kleinberg, L.R.; Hu, C.; Smith, T.J.; Zeger, S.; DeWeese, T.L.; et al.
External Validation of the Bone Metastases Ensemble Trees for Survival (BMETS) Machine Learning Model to Predict Survival in
Patients with Symptomatic Bone Metastases. JCO Clin. Cancer Inform. 2021, 5, 304–314. [CrossRef]

14. Forsyth, A.W.; Barzilay, R.; Hughes, K.S.; Lui, D.; Lorenz, K.A.; Enzinger, A.; Tulsky, J.A.; Lindvall, C. Machine Learning Methods
to Extract Documentation of Breast Cancer Symptoms from Electronic Health Records. J. Pain Symptom Manag. 2018, 55, 1492–1499.
[CrossRef] [PubMed]

15. Gensheimer, M.F.; Henry, A.S.; Wood, D.J.; Hastie, T.J.; Aggarwal, S.; Dudley, S.A.; Pradhan, P.; Banerjee, I.; Cho, E.; Ramchandran,
K.; et al. Automated Survival Prediction in Metastatic Cancer Patients Using High-Dimensional Electronic Medical Record Data.
J. Natl. Cancer Inst. 2019, 111, 568–574. [CrossRef]

16. Goldstein, E.; Yeghiazaryan, K.; Ahmad, A.; Giordano, F.A.; Fröhlich, H.; Golubnitschaja, O. Optimal Multiparametric Set-up
Modelled for Best Survival Outcomes in Palliative Treatment of Liver Malignancies: Unsupervised Machine Learning and 3 PM
Recommendations. EPMA J. 2020, 11, 505–515. [CrossRef]

17. Guo, W.; Gao, G.; Dai, J.; Sun, Q. Prediction of Lung Infection during Palliative Chemotherapy of Lung Cancer Based on Artificial
Neural Network. Comput. Math. Methods Med. 2022, 2022, 4312117. [CrossRef]

https://www.mdpi.com/article/10.3390/cancers15051596/s1
https://www.mdpi.com/article/10.3390/cancers15051596/s1
http://doi.org/10.1038/s41591-018-0316-z
http://doi.org/10.1126/science.aay5189
http://www.ncbi.nlm.nih.gov/pubmed/31753987
http://doi.org/10.3390/cancers12051149
http://www.ncbi.nlm.nih.gov/pubmed/32375249
http://doi.org/10.1136/bmj.n71
http://www.ncbi.nlm.nih.gov/pubmed/33782057
http://doi.org/10.1136/postgradmedj-2020-138899
http://www.ncbi.nlm.nih.gov/pubmed/33273105
http://doi.org/10.1001/jamaoncol.2020.4331
http://www.ncbi.nlm.nih.gov/pubmed/32970131
http://doi.org/10.1186/s12911-018-0677-8
http://doi.org/10.1136/bmjopen-2018-022935
http://doi.org/10.1177/1460458220987580
http://doi.org/10.1016/j.jamda.2020.09.025
http://doi.org/10.1089/jpm.2018.0270
http://www.ncbi.nlm.nih.gov/pubmed/30328760
http://doi.org/10.1001/jamanetworkopen.2018.0926
http://doi.org/10.1200/CCI.20.00128
http://doi.org/10.1016/j.jpainsymman.2018.02.016
http://www.ncbi.nlm.nih.gov/pubmed/29496537
http://doi.org/10.1093/jnci/djy178
http://doi.org/10.1007/s13167-020-00221-2
http://doi.org/10.1155/2022/4312117


Cancers 2023, 15, 1596 11 of 12

18. Heyman, E.T.; Ashfaq, A.; Khoshnood, A.; Ohlsson, M.; Ekelund, U.; Holmqvist, L.D.; Lingman, M. Improving Machine Learning
30-Day Mortality Prediction by Discounting Surprising Deaths. J. Emerg. Med. 2021, 61, 763–773. [CrossRef]

19. Lee, R.Y.; Brumback, L.C.; Lober, W.B.; Sibley, J.; Nielsen, E.L.; Treece, P.D.; Kross, E.K.; Loggers, E.T.; Fausto, J.A.; Lindvall, C.;
et al. Identifying Goals of Care Conversations in the Electronic Health Record Using Natural Language Processing and Machine
Learning. J. Pain Symptom Manag. 2021, 61, 136–142.e2. [CrossRef] [PubMed]

20. Lin, Y.-J.; Chen, R.-J.; Tang, J.-H.; Yu, C.-S.; Wu, J.L.; Chen, L.-C.; Chang, S.-S. Machine-Learning Monitoring System for Predicting
Mortality Among Patients with Noncancer End-Stage Liver Disease: Retrospective Study. JMIR Med. Inform. 2020, 8, e24305.
[CrossRef]

21. Macieira, T.G.R.; Yao, Y.; Keenan, G.M. Use of Machine Learning to Transform Complex Standardized Nursing Care Plan Data
into Meaningful Research Variables: A Palliative Care Exemplar. J. Am. Med. Inform. Assoc. 2021, 28, 2695–2701. [CrossRef]

22. Manukyan, V.; Durieux, B.N.; Gramling, C.J.; Clarfeld, L.A.; Rizzo, D.M.; Eppstein, M.J.; Gramling, R. Automated Detection of
Conversational Pauses from Audio Recordings of Serious Illness Conversations in Natural Hospital Settings. J. Palliat. Med. 2018,
21, 1724–1728. [CrossRef] [PubMed]

23. Nieder, C.; Mannsåker, B.; Yobuta, R. Independent Validation of a Comprehensive Machine Learning Approach Predicting
Survival After Radiotherapy for Bone Metastases. Anticancer Res. 2021, 41, 1471–1474. [CrossRef]

24. van Helden, E.J.; Vacher, Y.J.L.; van Wieringen, W.N.; van Velden, F.H.P.; Verheul, H.M.W.; Hoekstra, O.S.; Boellaard, R.; Menke-
van der Houven van Oordt, C.W. Radiomics Analysis of Pre-Treatment [18F]FDG PET/CT for Patients with Metastatic Colorectal
Cancer Undergoing Palliative Systemic Treatment. Eur. J. Nucl. Med. Mol. Imaging 2018, 45, 2307–2317. [CrossRef]

25. Wang, L.; Sha, L.; Lakin, J.R.; Bynum, J.; Bates, D.W.; Hong, P.; Zhou, L. Development and Validation of a Deep Learning
Algorithm for Mortality Prediction in Selecting Patients with Dementia for Earlier Palliative Care Interventions. JAMA Netw.
Open 2019, 2, e196972. [CrossRef]

26. Yang, T.Y.; Kuo, P.-Y.; Huang, Y.; Lin, H.-W.; Malwade, S.; Lu, L.-S.; Tsai, L.-W.; Syed-Abdul, S.; Sun, C.-W.; Chiou, J.-F. Deep-
Learning Approach to Predict Survival Outcomes Using Wearable Actigraphy Device Among End-Stage Cancer Patients. Front.
Public Health 2021, 9, 730150. [CrossRef] [PubMed]

27. Zhang, H.; Li, Y.; McConnell, W. Predicting Potential Palliative Care Beneficiaries for Health Plans: A Generalized Machine
Learning Pipeline. J. Biomed. Inform. 2021, 123, 103922. [CrossRef] [PubMed]

28. Parikh, R.B.; Manz, C.; Chivers, C.; Regli, S.H.; Braun, J.; Draugelis, M.E.; Schuchter, L.M.; Shulman, L.N.; Navathe, A.S.; Patel,
M.S.; et al. Machine Learning Approaches to Predict 6-Month Mortality Among Patients with Cancer. JAMA Netw. Open 2019, 2,
e1915997. [CrossRef]

29. Alcorn, S.R.; Fiksel, J.; Wright, J.L.; Elledge, C.R.; Smith, T.J.; Perng, P.; Saleemi, S.; McNutt, T.R.; DeWeese, T.L.; Zeger, S.
Developing an Improved Statistical Approach for Survival Estimation in Bone Metastases Management: The Bone Metastases
Ensemble Trees for Survival (BMETS) Model. Int. J. Radiat. Oncol. Biol. Phys. 2020, 108, 554–563. [CrossRef]

30. Lau, F.; Downing, G.M.; Lesperance, M.; Shaw, J.; Kuziemsky, C. Use of Palliative Performance Scale in End-of-Life Prognostication.
J. Palliat. Med. 2006, 9, 1066–1075. [CrossRef] [PubMed]

31. Pirovano, M.; Maltoni, M.; Nanni, O.; Marinari, M.; Indelli, M.; Zaninetta, G.; Petrella, V.; Barni, S.; Zecca, E.; Scarpi, E.; et al. A
New Palliative Prognostic Score: A First Step for the Staging of Terminally Ill Cancer Patients. Italian Multicenter and Study
Group on Palliative Care. J. Pain Symptom Manag. 1999, 17, 231–239. [CrossRef] [PubMed]

32. Anota, A.; Hamidou, Z.; Paget-Bailly, S.; Chibaudel, B.; Bascoul-Mollevi, C.; Auquier, P.; Westeel, V.; Fiteni, F.; Borg, C.; Bonnetain,
F. Time to Health-Related Quality of Life Score Deterioration as a Modality of Longitudinal Analysis for Health-Related Quality
of Life Studies in Oncology: Do We Need RECIST for Quality of Life to Achieve Standardization? Qual. Life Res. 2015, 24, 5–18.
[CrossRef]

33. Temel, J.S.; Greer, J.A.; Muzikansky, A.; Gallagher, E.R.; Admane, S.; Jackson, V.A.; Dahlin, C.M.; Blinderman, C.D.; Jacobsen, J.;
Pirl, W.F.; et al. Early Palliative Care for Patients with Metastatic Non-Small-Cell Lung Cancer. N. Engl. J. Med. 2010, 363, 733–742.
[CrossRef] [PubMed]

34. Hui, D.; Mori, M.; Watanabe, S.M.; Caraceni, A.; Strasser, F.; Saarto, T.; Cherny, N.; Glare, P.; Kaasa, S.; Bruera, E. Referral Criteria
for Outpatient Specialty Palliative Cancer Care: An International Consensus. Lancet Oncol. 2016, 17, e552–e559. [CrossRef]

35. Lindvall, C.; Lilley, E.J.; Zupanc, S.N.; Chien, I.; Udelsman, B.V.; Walling, A.; Cooper, Z.; Tulsky, J.A. Natural Language Processing
to Assess End-of-Life Quality Indicators in Cancer Patients Receiving Palliative Surgery. J. Palliat. Med. 2019, 22, 183–187.
[CrossRef] [PubMed]

36. Brizzi, K.; Zupanc, S.N.; Udelsman, B.V.; Tulsky, J.A.; Wright, A.A.; Poort, H.; Lindvall, C. Natural Language Processing to Assess
Palliative Care and End-of-Life Process Measures in Patients with Breast Cancer with Leptomeningeal Disease. Am. J. Hosp.
Palliat. Care 2020, 37, 371–376. [CrossRef]

37. Windisch, P.; Koechli, C.; Rogers, S.; Schröder, C.; Förster, R.; Zwahlen, D.R.; Bodis, S. Machine Learning for the Detection
and Segmentation of Benign Tumors of the Central Nervous System: A Systematic Review. Cancers 2022, 14, 2676. [CrossRef]
[PubMed]

38. Nelson, S.J.; Zeng, K.; Kilbourne, J.; Powell, T.; Moore, R. Normalized Names for Clinical Drugs: RxNorm at 6 Years. J. Am. Med.
Inform. Assoc. 2011, 18, 441–448. [CrossRef]

39. McDonald, C.J.; Huff, S.M.; Suico, J.G.; Hill, G.; Leavelle, D.; Aller, R.; Forrey, A.; Mercer, K.; DeMoor, G.; Hook, J.; et al. LOINC, a
Universal Standard for Identifying Laboratory Observations: A 5-Year Update. Clin. Chem. 2003, 49, 624–633. [CrossRef]

http://doi.org/10.1016/j.jemermed.2021.09.004
http://doi.org/10.1016/j.jpainsymman.2020.08.024
http://www.ncbi.nlm.nih.gov/pubmed/32858164
http://doi.org/10.2196/24305
http://doi.org/10.1093/jamia/ocab205
http://doi.org/10.1089/jpm.2018.0269
http://www.ncbi.nlm.nih.gov/pubmed/30183468
http://doi.org/10.21873/anticanres.14905
http://doi.org/10.1007/s00259-018-4100-6
http://doi.org/10.1001/jamanetworkopen.2019.6972
http://doi.org/10.3389/fpubh.2021.730150
http://www.ncbi.nlm.nih.gov/pubmed/34957004
http://doi.org/10.1016/j.jbi.2021.103922
http://www.ncbi.nlm.nih.gov/pubmed/34607012
http://doi.org/10.1001/jamanetworkopen.2019.15997
http://doi.org/10.1016/j.ijrobp.2020.05.023
http://doi.org/10.1089/jpm.2006.9.1066
http://www.ncbi.nlm.nih.gov/pubmed/17040144
http://doi.org/10.1016/S0885-3924(98)00145-6
http://www.ncbi.nlm.nih.gov/pubmed/10203875
http://doi.org/10.1007/s11136-013-0583-6
http://doi.org/10.1056/NEJMoa1000678
http://www.ncbi.nlm.nih.gov/pubmed/20818875
http://doi.org/10.1016/S1470-2045(16)30577-0
http://doi.org/10.1089/jpm.2018.0326
http://www.ncbi.nlm.nih.gov/pubmed/30328764
http://doi.org/10.1177/1049909119885585
http://doi.org/10.3390/cancers14112676
http://www.ncbi.nlm.nih.gov/pubmed/35681655
http://doi.org/10.1136/amiajnl-2011-000116
http://doi.org/10.1373/49.4.624


Cancers 2023, 15, 1596 12 of 12

40. Bernstam, E.V.; Warner, J.L.; Krauss, J.C.; Ambinder, E.; Rubinstein, W.S.; Komatsoulis, G.; Miller, R.S.; Chen, J.L. Quantitating
and Assessing Interoperability between Electronic Health Records. J. Am. Med. Inform. Assoc. 2022, 29, 753–760. [CrossRef]

41. Scheibner, J.; Sleigh, J.; Ienca, M.; Vayena, E. Benefits, Challenges, and Contributors to Success for National eHealth Systems
Implementation: A Scoping Review. J. Am. Med. Inform. Assoc. 2021, 28, 2039–2049. [CrossRef] [PubMed]

42. Lehne, M.; Sass, J.; Essenwanger, A.; Schepers, J.; Thun, S. Why Digital Medicine Depends on Interoperability. NPJ Digit. Med.
2019, 2, 79. [CrossRef]

43. Ellis, D.; Dvorak, J.; Hirschowitz, L.; Judge, M.; Kwiatkowski, A.; Srigley, J.; Washington, M.K.; Wells, M. The International
Collaboration on Cancer Reporting (ICCR): Development of Evidence-Based Core Data Sets for Pathology Cancer Reporting.
Pathology 2013, 45, S9. [CrossRef]

44. Rubin, D.L.; Kahn, C.E., Jr. Common Data Elements in Radiology. Radiology 2017, 283, 837–844. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1093/jamia/ocab289
http://doi.org/10.1093/jamia/ocab096
http://www.ncbi.nlm.nih.gov/pubmed/34151990
http://doi.org/10.1038/s41746-019-0158-1
http://doi.org/10.1097/01.PAT.0000426752.37463.b8
http://doi.org/10.1148/radiol.2016161553
http://www.ncbi.nlm.nih.gov/pubmed/27831831

	Introduction 
	Methods 
	Literature Search 
	Data Extraction 

	Results 
	Disclosures and Declarations 
	Data and Code Availability 
	Machine Learning 
	Use Case: Machine Learning for Mortality Prediction 
	Use Case: Machine Learning to Support Data Annotation in Palliative Care Research 
	Use Case: Machine Learning for Predicting Morbidity under Palliative Therapy 
	Use Case: Machine Learning for Response Prediction for Palliative Therapy 

	Discussion 
	Conclusions 
	References

