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Abstract

Context. The growth of patient reported outcome measures data in palliative care provides an opportunity for machine
learning to identify patterns in patient responses signifying different phases of illness.

Objectives. The study will explore if machine learning and network analysis can identify phases in patient palliative status
through symptoms reported on the Integrated Palliative Care Outcome Scale (IPOS).

Methods. A partly cross-sectional and partially longitudinal observational study was undertaken using the Australasian Kar-
nofsky Performance Scale (AKPS); Integrated Palliative Care Outcome Scale (IPOS); Phase of Illness (POI). Patient palliative
records (n= 1507, 65% stable, 20% unstable, 9% deteriorating, 2% terminal) from 804 adult patients enrolled in a New Zealand
palliative care service were analysed using a combination of statistical, machine learning and network analysis techniques.

Results. Data from IPOS showed considerable variation with phase. Also, network analysis showed clear associations between
items by phase. Six machine learning techniques identified the most important variables for predicting possible transition
between phases of illness. Network analysis for all patients showed that Poor Appetite and Loss of Energy were central IPOS
items, with Loss of Energy linked to Drowsiness, Shortness of Breath and Lack of Mobility on the one hand, and Poor Appetite
linked to Nausea, Vomiting, Constipation and Sore and Dry Mouth on the other.

Conclusion. These preliminary results, when coupled with the latest technological developments in mobile apps and wear-

able technology, could point the way to increased use of digital therapeutics in continuous palliative care monitoring. ] Pain
Symptom Manage 2022;63:747—757. © 2021 The Authors. Published by Elsevier Inc. on behalf of American Academy of Hospice and Pallia-
tive Medicine. This is an open access article under the CC BY-NC-ND license (hitp://creativecommons.org/licenses/by-ne-nd/4.0/).
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EDITORIAL NOTE Debra Parker Oliver, PhD, MSW

This paper may be challenging to read but is worth the thought it provokes. It challenges us to think of ways technology can
improve our care.

Key Message

technological developments in mobile apps and wearable

Preliminary risk prediction using ML and identification
of key symptom networks, when coupled with the latest

technology, could pave the way to increased use of digital
therapeutics in continuous palliative care monitoring.
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Background

Measurement based palliative care in general and
patient reported outcome measures (PROMs) in par-
ticular constitute key strategies for ensuring timely
appropriate delivery of quality of health services." Mea-
surement based care involves the use of regularly mea-
sured symptoms to inform treatment decisions,
whereas evidence-based care relies on evidence from
research studies or practice. The use of measurement
based care in mental health service delivery and deci-
sion making, for instance, has resulted in superior out-
comes compared to treatment as usual and these
outcomes transcend patient diagnosis and clinician fac-
tors.” Growing evidence suggests that in comparison to
complex and burdensome evidence-based practices,
measurement based care is a simple intervention that
could produce substantial impact on patient out-
comes.””

Of particular interest is whether patient-driven
methods for measurement based care can be merged
with appropriate analytic methods for identifying pat-
terns in PROMs data that may indicate a possible
change in level and type of support care required to
improve quality of life and survival rates. That is, while
clinical measurements provide one source of valuable
data, there is a growing realization that most palliative
and end-of-ife care in future will be provided in hospi-
ces or at home rather than in clinics and hospitals.”
Access to specialist facilities is likely to be limited, with
increasing emphasis on PROMs by care-givers to pro-
vide appropriate care and support. This foreseeable
trend towards increasing use of PROMs is not matched
by progress in the application of methods and techni-
ques from artificial intelligence (AI) and machine
learning (ML) for improving the quality of care
through non-specialist decision support. Measurement-
based care is a data-driven approach suited for the
application of methods from ML that ‘learn’ from the
data to identify underlying patterns and make classifi-
cations and predictions based on those patterns. Al is
involved if such learning produces models that resem-
ble human reasoning.7 Also, the vision of digital thera-
peutics (DTX) in palliative care, whereby digital sensors
use internet technology for measuring and storing
healthcare data to improve therapeutic intervention,”
requires the merging of everyday technologies such as
mobile apps and wearable devices with ML to augment
care delivery, especially in non-clinical settings such as
private homes and social care settings.” A number of
applications of ML in healthcare are now documented,
including automated classification and prediction of
cardiovascular risk, eye disease, and personalized can-
cer risk from genomic information'’

So far, papers in Al and ML dealing with palliative
care have typically followed statistical practice in trying

to predict mortality rather than changes in palliative
care status, and applying random forests, feature selec-
tion and logistic regression to general medical records
rather than palliative-specific measurement outcomes
(see'! for a review). Deep learning (DL), an area of
ML that uses mathematical and statistical models
inspired by brain processing,'” has also been tried'” to
predict mortality and whether patients would benefit
from palliative care by using a combination of clinical
features including disease diagnosis and patient demo-
graphics. That study used the previous year’s electronic
health records of patients to predict mortality over the
next 12 months, with the ML model learning to sepa-
rate positive patients (those who have a recorded date
of death in their electronic health records) from nega-
tive cases (patients without a recorded date of death).
Due to imbalances in the data set (prevalence of death
at 7%), traditional accuracy figures were difficult to
apply but the study reported an average precision (the
ratio of correctly predicted positive cases to the total
number of positive cases) of 0.69. Another key initiative
involving a DL model'* used electronic health records,
clinical notes as well as demographic data of dementia
patients to predict mortality within six months, one
year or two years. Receiver Operating Characteristic
(ROC) curves are used in ML classification and predic-
tion models to summarize the relationship between
true positive rate and false positive rate. A ROC figure
of 0.5 denotes no model discrimination, above 0.7 as
acceptable and above 0.8 as very good. The DL model
achieved ROC AUC figures of 0.978, 0.956 and 0.943,
respectively. Topics extracted from health notes identi-
fied possible predictive topics such as cognitive func-
tion and laboratory testing in the absence of
interpretability of DL models, which are considered
‘black box’ because of a lack of transparency and
interpretability concerning how input data are trans-
formed to output.'” More interpretable ML decision
trees (gradient-boosted trees) used electronic health
records for chemotherapy patients, including palliative
care patients, to predict 30-day mortality after start of a
new regimen. The model used over 5000 predictors
and achieved AUC figures of 0.94 for all patients and
0.924 for palliative care patients across all cancers. Pre-
dictors were identified through proportion of variance
explained by each variable, with cancer of the brain
and other nervous systems being the top predictor, fol-
lowed by age and specific prior diagnoses.'® A combina-
tion approach involving logistic regression, gradient
boosting and random forests using electronic health
records and demographic data for oncology patients
predicted six-month mortality with AUC figures
between 0.86 and 0.88. Variable importance measures
identified albumin and alkaline phosphate levels as
well as diagnostic codes for solid tumour with and with-
out metastasis.'” Also, there is wide variability in the
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accuracy of clinicians’ predictions of prognosis and sur-
vival (around 78% for cancer and less for non-cancer),
indicating that predicting survival is a challenging task
for both clinicians and ML.""

None of the palliative care mortality studies has
dealt with predicting level or type of palliative care
required, or how to predict possible transition from
one level to another. Also, while EHRs have been used
in previous studies, there is currently very little under-
standing of how to use PROMs palliative care data for
identifying level of palliative care and change of level
of care given differences in such data after admission.
In particular, the association between PROMs meas-
ures and phase of illness, which is critical for identify-
ing the most appropriate care strategies, is still not fully
understood and is gaining more attention.'’ There is
growing acceptance that definitions of ‘phase of illness’
need to be standardized internationally as part of the
strategy to improve quality of palliative care.” The defi-
nitions used in this study are as follows™ :

Stable: When the patients problems are being man-
aged by the current plan of care and family/carer sit-
uation stable.

Unstable: When there is a need for a new plan of care
to manage new symptoms, escalating current symp-
toms or change in family situation.

Deteriorating: Patient’s plan of care requires constant
review and / or family circumstances are changing.
Terminal: Death is likely within days.

Another challenge will be converting any under-
standing of reasons for change of phase into a practical
monitoring solution in all palliative care settings (clini-
cal and non-clinical) without requiring constant and
possibly intrusive measurement.

The present study will explore the feasibility of
applying ML and network analysis to palliative care
PROMs data, in order to provide useful information to
support future timely decision-making. The study will
identify if ML can model differences in phase of illness
by identifying different association patterns in pallia-
tive-specific PROMs. Identifying key symptom changes
on PROMs through ML may enable prompt early out-
reach in non-clinical settings to provide early interven-
tions and help ease the transition or possibly prevent
rapid deterioration.

Methods

Study Setting

[blinded for review] is a charitable trust that pro-
vides palliative care for approximately 230 community
dwelling patients living in a mixed urban and rural geo-
graphical area of [blinded], New Zealand. Palliative
health and social care are provided predominantly as

outpatients, in a patient’s home environment with
some specialist medical and nursing services provided
in Hospice House (inpatient). Patients are accepted if
they have life-limiting conditions with a life-expectancy
of less than 12 months and complex or high palliative
care needs, and normally remain in the service until
death. In contrast to other parts of New Zealand, these
patients are more likely to be indigenous Maori or of
Pacific ethnicity and have lower socioeconomic status.

Design

The present data-based study is an observational psy-
chometric study implementing measurement based
palliative care, assessed to be low-risk. Exemption from
further ethics approval was granted by the New Zealand
Health and Disability Ethics Committee since the data
being used in this study had already been gathered and
stored for routine monitoring purposes. Also, patients
whose anonymised data were used in the research had
signed a consent to have their de-identified data used
for research or audit purposes.

Participants

Patients under the care of Hospice during the data
collection period were included if they were aged 18 or
above and able to complete the English language study
measures independently or with support. Patients were
excluded if the clinical team judged them as being too
unwell or distressed to participate, or had very limited
English language or moderate to severe cognitive
impairment. The data were collected between January
2018 and October 2019.

Study Measures

The Palliative care Outcome Scale (POS)* was a
psychometrically reliable tool”” " that was refined and
became the Integrated Palliative care Outcome Scale
(IPOS;™) with evidence of reliability and validity.”**’
The IPOS measures symptom burden through ten
items on a zero to four Likert scale (ranging from ‘not
at all’ (0) to ‘overwhelmingly’ (4) and a summative
total score is calculated. Patients self-assess or, if they
are not able, complete the items with help from family
members or caregivers. A description of the items and
labels can be found in (Table 1) and associated cap-
tion.

The clinician-scored Australasian Karnofsky Perfor-
mance Scale (AKPS;™) is based on observations of a
patient’s performance in the domains of work, activity,
and self-care. Scores range from 100% (normal, no
complaints, no evidence of disease) down to 0% when
the patient has died. Criteria are given for increments
of 10% (see caption to Table 1 for more details). In the
present study the AKPS provides a measure of corrobo-
ration between self-administered IPOS items and
expert-provided clinical judgement.
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Table 1
Overview of Patient Demographics and Diagnosis

Total Patients = 751 n %

Gender Female 374 49.8
Male 376 50.1
Not specified 1 0.1

Ethnicity Caucasian 405 53.9
Maori 96 12.8
Pacific Island 82 10.9
Asian 49 6.5
Other 119 15.8

Diagnosis Oncological cancer 548 73.0
Organ failure 127 16.9
Haemotological cancer 37 4.9
Dementia 11 1.5
Other 28 3.7

The Phase of Illness (POI; 'Y) classifies patients
according to their care needs into one of five, distinct
stages of illness (stable, unstable, deteriorating, termi-
nal/dying, deceased). Patients can move back and for-
ward through the first four phases, and a change of
phase signals a requirement to undertake a holistic
reassessment. The POI has validity in capturing infor-
mation related to clinical need and has acceptable
interrater reliability.”’ Its use here is to group patients
for sub-group analysis.

Analysis

First, descriptive statistics were used including per-
centages and correlations (7) to check on questionnaire
properties and reliability for subsequent analysis. Since
the purpose here is exploratory with no specific
research hypotheses, no adjustments were made to
Pvalues to take into account multiple testing. Imputa-
tion of missing IPOS values was also undertaken to
maximise data entry (details below). Second, analysis
of variance (ANOVA) and psychometric networks™
were used to explore group comparisons using phase,
where nodes represent IPOS items and edges the asso-
ciations between items.

Psychometric network analysis is a rapidly growing
area in health science aimed at identifying structural
relations among psychological and other health-related
variables through graphical representations, where
nodes represent variables such as attitudes, cognitive
states, symptoms and behaviours, and links (edges) rep-
resent a statistical relationship, usually correlation or
other forms of association measures, that convey infor-
mation about the strength or direction of the relation-
ship.?’“ The aim is to identify mutually-influencing
relationships among variables to explain a phenome-
non rather than extract dominant, latent factors.?' Par-
tial correlations were used for edge calculation, where
correlations between two variables are calculated after
removing the effects of all other variables.” Spring
layout (a force-directed graph drawing algorithm™)
was adopted for network visualisation, where edges are

regarded as springs pulling nodes together. Larger
edge weights (partial correlations) imply a stronger
inter-node attractive force. Nodes, however, have a
repulsive force and the aim is to produce a graph that
reaches equilibrium between edge attraction and node
repulsion. Nodes with the strongest links tend to be
placed at the centre of the graph using this method.
Centrality measures provide further information on
network nodes, such as ‘betweenness’ (how well a node
acts as a connecting point based on the number of
paths through that node to other nodes), ‘closeness’
(how close a node is to other nodes using the average
weight of the paths from that node) and ‘degree’ (the
sum of all weights from that node, or strength”"). Cen-
trality measures are presented as standardized z scores
to allow comparison. Third, classification by phase was
achieved through supervised ML techniques. Six tech-
niques were used given that no previous ML approach
to modelling IPOS data appears to have taken place:
neural networks, naive Bayes, decision forest, ID3,
logistic model tree, random forest. These techniques
cover a range of black box, statistical, rule-induction
and tree-based methods. ROC AUC figures are pro-
vided for comparison between ML techniques, where
phase is the class of interest.

Patient Details

Patients enrolled in the Hospice between December
2017 and September 2019 had their routinely collected
assessment data included in the study. A total of
1434 separate assessments were made of 751 patients
almost equally split between females and males, with
ages ranging from 23 to 101 years (mean = 71.9,
median = 73.0, SD = 13.7). The majority of patients
were Caucasian (54%) and the main cause of disease
was oncological cancer (73%). Table 1 provides an
overview of the sample demographics and diagnosis.
The average number of assessments per patient was
1.91, with 61.1% of patients assessed once, 16.2%
assessed twice, 9.3% assessed three times, and 5.5%
assessed four times. The remaining 4.6% of patients
had a range between 7 (three patients) and 12 (one
patient) assessments.

Results

Descriptive

Table 2 provides an overview of all 10 IPOS items,
summed IPOS score and AKPS score. The average rate
of missing values per IPOS item was 2.1%, leading
to 178 cases (12.4%) not being included in any analysis
that required a full set of scores due to listwise deletion.
Little’s missing completely at random value test”
was P = .018, indicating that data were not missing
completely at random and therefore could be imputed
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Table 2

Overview of 10 IPOS Items (0 = not at all; 1 = Slightly; 2 = Moderately; 3 = Severely; 4 = Overwhelmingly), Total IPOS SCORE
(Summed IPOS Items) and AKPS Score (0 = Dead; 10 = Comatose or Barely Rousable; 20 = Almost Totally Bed-bound, Requir-
ing Extensive Nursing Care by Professionals/Family; 30 = Almost Completely Bed-bound; 40 = In Bed More Than Fifty Percent

of the Time; 50 = Considerable Assistance and Frequent Medical Care Required; 60 = Able to Care for Most Needs, but

Requires Occasional Assistance; 70 = Able to Care for Self but Unable to Work or Carry on Other Normal Activities; 80 = Normal
Activity Requires Effort, Signs and Symptoms of Disease More Prominent; 90 = Minor Signs of Illness Present; 100 = No Com-
plaints or Evidence of Disease). The Final Two Columns Describe the IPOS Items and Revised IPOS SCORE After Imputation

Item Original Imputed n= 1434
Missing
n. Mean Standard Deviation Count Percent Mean Std. Deviation

Pain 1410 1.40 1.13 24 1.7 1.40 1.13
Shortness of breath 1408 1.19 1.14 26 1.8 1.19 1.13
Weakness or lack of energy 1407 1.96 1.09 27 1.9 1.96 1.09
Nausea 1405 0.53 0.88 29 2.0 0.53 0.88
Vomiting 1413 0.23 0.62 21 1.5 0.24 0.64
Poor appetite 1409 1.20 1.20 25 1.7 1.20 1.19
Constipation 1408 0.84 1.10 26 1.8 0.84 1.09

Sore or dry mouth 1387 0.90 1.02 47 3.3 0.91 1.02
Drowsiness 1394 1.00 1.05 40 2.8 1.02 1.05
Poor mobility 1405 1.45 1.22 29 2.0 1.46 1.22
SCORE 1256 10.52 6.06 178 12.4 10.75 6.09
AKPS 1370 60.82 16.53 64 4.5 - -

using linear regression from samples with complete
data. The range of missing values was constrained to
between zero and four in line with the original IPOS
item allowable values, with rounding to the nearest
integer.

Reliability analysis (one way random, single mea-
sure) of the 10 IPOS items produced a Cronbach’s « of
0.78, indicating good internal consistency, with an aver-
age inter-item correlation of r=.26. Factor analysis con-
firmed that the 10 IPOS items could not be reduced to
a smaller set of underlying components, with each item
contributing on average 10% of the variance in the
entire data using varimax rotation.

The average AKPS score was 60.82% (median = 60,
st.dev. 16.53, st.err 0.45, n = 1370), with 64 missing val-
ues due to AKPS not being measured at the same time
as IPOS items. AKPS score was significantly and nega-
tively correlated with IPOS score (r= —.34, P <.001), as
expected. That is, low AKPS scores signify worse states
than high scores, and low IPOS item scores signify bet-
ter states than high scores. Significant negative correla-
tions also persisted for every item of IPOS with AKPS
except for Nausea.

Subgroup Analysis and Network Analysis

947 patient records indicated Phase one (Stable),
291 Phase two (Unstable), 124 Phase three (Deteriorat-
ing) and 20 Phase four (Terminal), with 51 missing val-
ues due to Phase not being measured at the same time
as IPOS items. Table 2 provides a breakdown of IPOS
total score and AKPS, with both measures varying sig-
nificantly by phase overall (P < .001) and indicating
that at least one group differs from other groups.

When scores were compared by phase pairwise (post-
hoc analysis), only IPOS scores for the first group
(Stable) could be significantly distinguished from other
groups. AKPS scores were significantly different
between all phases (P < 0.001), however. The 51 miss-
ing phase records were removed from further analysis.
The ML and network analyses were conducted on the
remaining 1383 patient records with full IPOS and
phase values.

Fig. 1 provides the partial correlation network for
the 10 IPOS items, irrespective of phase, and can be
considered the ‘reference’ network for IPOS where
correlations between pairs of items are generated with
variances from all other variables controlled for. Simi-
larly, Fig. 2 provides the partial correlation networks
for each of Stable, Unstable, Deteriorating and Termi-
nal. Fig. 3 provides the standardized centrality plots for
each node in terms of betweenness, closeness and
degree by phase.

Network analysis for all patients showed that Poor
Appetite and Loss of Energy were central IPOS items,
with Loss of Energy linked to Drowsiness, Shortness of
Breath and Lack of Mobility on the one hand, and
Poor Appetite linked to Nausea, Vomiting, Constipa-
tion and Sore and Dry Mouth on the other (Fig. 1).
Loss of Energy and Poor Appetite are central to all
phases, according to network analysis (Fig. 2), indicat-
ing their importance and influence on other symp-
toms.”” Centrality measure of betweenness, closeness
and degree all indicate that these two IPOS symptoms
have the highest standardized values (just under +2.0)
and form a coherent and cohesive substructure
(Fig. 3). Network links show increasingly negative
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@ PAIN=Pain;
SOB=Shortness of breath;

LOE=Weakness or lack of energy;
NAUS=Nausea;
VOMI=Vomiting;

APP=Poor appetite;
CNST=Constipation;

SDM=5Sore or dry mouth;

DRW=Drowsiness;
MOB=Poor mobility.

Fig. 1. Network for all 10 TPOS items using partial correlation (every pair of associations having the effects of all other items
removed) and spring layout (n = 1383). Green edges signify positive associations and red edges negative. Thickness of line signi-
fies strength of correlation.
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Fig. 2. Partial correlation network visualisations for Stable (n =948), Unstable (n — 291), Deteriorating (n = 124) and Terminal
(n=20), using spring layout.
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Fig. 3. Centrality plots for Betweenness, Closeness and Degree by phase for IPOS nodes in Fig. 2 (see Fig. 1 for item descrip-

tions).

associations through phases, indicating that an increase
in one symptom leads to a decrease in another symp-
tom (Fig. 2).

Machine Learning (ML)

The 10 IPOS items and AKPS were used to predict
phase through ML. After a series of initial experiments
to determine suitable parameters for neural network
learning, a two hidden-layer perceptron (10 input
nodes, two layers of 50 hidden nodes, output layer of
four nodes with one node per phase) was used for clas-
sifying and predicting phases (10-fold cross-validation)
using the 11 variables. Subsequent experiments identi-
fied five other ML techniques for comparison (naive
Bayes, decision forest, ID3, logistic model tree, random

forest). Given the imbalance of cases in the four
phases, precision-recall curves (PRCs) were calculated
in addition to ROC area under curve (AUC). Table 3
provides an overview of the final AUC and PRC figures
using six ML techniques. A deeper ML exploration
focusing on separating Stable from Unstable provided
no significant improvement in the results.

Discussion

Machine learning with the six applied techniques
was moderately successful in being able to correctly
predict cases falling within phases, with average ROC
AUC figures of 0.639, 0.60, 0.627 and 0.724 for the four

Table 3
Breakdown of IPOS Score and AKPS by Phase

Measure Phase n Mean Std. Deviation Std. Error 95% Confidence Interval for Mean
Lower Bound Upper Bound
IPOS Stable 948 9.38 5.51 0.18 9.03 9.74
Unstable 291 12.99 6.09 0.36 12.29 13.69
Deteriorating 124 14.18 6.52 0.59 13.02 15.34
Terminal 20 16.35 5.74 1.28 13.66 19.04
Total 1383 10.67 6.06 0.16 10.35 10.99
AKPS Stable 941 64.06 14.64 0.48 63.12 65.00
Unstable 287 59.34 14.21 0.84 57.69 60.99
Deteriorating 122 47.38 16 1.47 44.46 50.29
Terminal 20 12.00 11.52 2.58 6.61 17.39
Total 1370 60.82 16.53 0.45 59.95 61.70
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stages of Stable, Unstable, Deteriorating and Terminal,
respectively (Table 3). These figures provide prelimi-
nary support for the feasibility of ML in predicting
stages in palliative care. However, PRC figures
decreased from Stable to Terminal (from 0.724 to less
than 0.1), leading to reduced relevance of the model
for the later stages due to greater proportions of
patients being in earlier palliative stages. Repeating the
analysis with larger datasets with equal representation
across phases may help to increase the relevance of ML
for patients in these later stages.

The lack of underlying latent factors or components
in TPOS is demonstrated by each item contributing
equally and separately to the overall variance. The aver-
age and median AKPS scores of 61% — 60% are in line
with previously reported figures for this measure.”
ANOVA showed that IPOS total score and AKPS varied
significantly by phase, with post-hoc analysis showing that
this was confined to the Stable and Unstable groups.
AKPS scores were significantly and negatively correlated
with IPOS items (except Nausea), as expected, providing
further assurance concerning the reliability of the data
and their use in machine learning and network analysis.

While the AUC figures are not as high as previous
ML for mortality prediction, this could be due to the
non-homogeneity of the patient population in terms of
disease. Nevertheless, the study has identified ML
benchmarks for further research on phase prediction
using IPOS items and AKPS. Experienced clinical
researchers and caregivers also have difficulty in pallia-
tive care prognosis’’ indicating that there is still much
to learn about how to combine the most appropriate
measures and judgements into a reliable prediction
framework concerning possible transition of phase.

The identification of clusters of central IPOS items
using network analysis provides a direction for key
symptoms to detect in future digital therapeutics in pal-
liative care. Mobile apps and wearable technologies
could focus on sensors dealing with the central symp-
toms found in this study of pain, weakness, mobility,
nausea and shortness of breath. Regular (e.g., hourly)
readings from these sensors can constitute automatic
and non-intrusive methods for detecting possible
change in level in advance of patientreported out-
comes or periodic clinical assessment. For instance, for
patients considered stable, increases in associations
between sensor readings for pain, weakness, nausea,
poor mobility and loss of appetite could signal a possi-
ble change of level to unstable. For patients considered
unstable, increases in association between shortness of
breath, pain and weakness, as well as drowsiness and
nausea, may be early indicators of transition to deterio-
rating. For patients considered deteriorating, further
increases in association between weakness, poor mobil-
ity and drowsiness, and between vomiting and nausea,
could be early indicators of transition to terminal.

Terminal
0.300
0.102
0.058
0.016
0.030
0.039
0.091

Deteriorating

PRC

0.197
0.178
0.189
0.096
0.157
0.207
0.171

Unstable
0.582
0.318
0.309
0.215
0.291
0.276
0.332

Stable
0.768
0.812
0.781
0.706
0.790
0.781
0.773

=20)

Terminal (n
0.944
0.789
0.705
0.515
0.656
0.732
0.724

124)

Deteriorating (n

1383)
0.641
0.680
0.639
0.519
0.634
0.648
0.627

(total n=
ROC AUC
=291)

Unstable (n
0.582
0.649
0.631
0.503
0.621
0.614
0.600

=948)

Stable (n
0.632
0.695
0.657
0.554
0.645
0.651
0.639

10 input; 2 x 50 hidden; 4 output
10 trees with penalized attributes

Unpruned decision tree

Logistic model trees

Table 4
Outcomes for Six Machine Learning Methods for Predicting Phase Using ROC AUC (Area Under Curve) and PRC (Precision-recall Figures) Using 10-Fold Cross-Validation
Forest of random trees

Decision Forest PA

ML Type
Perceptron
Naive Bayes
ID3

LMT

Random Forest
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Mobile and wearable sensors and systems already
exist for mobility (steps taken and distance travelled),
weight, calories consumed, blood pressure, sleep levels,
balance and other range of motion analysis. Increased
use of virtual reality headsets has led to the need to
identify possible ‘cybersickness’ (nausea, vomiting)
through physiological measurements of heart rate vari-
ability, blood pressure, galvanic skin reaction and
breathing.” Heart rate variability in older adults has
also been shown to correlate with physical health sta-
tus.” Decreased movement and increased pain in the
present study was associated with deterioration in
phase. Decrease in movement could be detected early
through wearable sensors and medical teams notified
to allow early preventative intervention. Data gathered
from these sensors and systems can feed into a continu-
ously updated patient profile for use by both specialists
and non-specialists in addition to their periodic moni-
toring activities. Such is the progress in these systems
and technologies in digital therapeutics that the ques-
tion for palliative care is not whether they will be used
but when and how. How and if this technology should
enter palliative care is an emerging discussion’ and is a
consideration based on philosophical stance and mod-
els of care. The present paper is intended to offer one
of many potential tools for future researchers and clini-
cians to consider.

Limatations

The data set is heterogeneous with regard to disease,
with varying numbers in each category and a prepon-
derance (over 70%) in oncological cancer. The gener-
alizability of the modelling results to patients with
other diseases and performance scores needs further
exploration. Also, patients in the deteriorating and ter-
minal phase constitute a relatively small 11.5% of the
cohort, leading to possible bias in results towards
patients in the other two phases limiting the ability to
make predictions in the later phases. This drop-off in
assessments in the later phases reflects the emphasis of
the service focus on implementing measurement at ini-
tial intake assessments."’ While some of the data is lon-
gitudinal in that some patients were measured more
than once, the measurement intervals varied as did the
number of measurements per patient. It was not possi-
ble to conduct an analysis of phase change over time in
a consistent and reliable manner. Finally, the relatively
small number of samples made any attempt to produce
cross-validated models using ML difficult.

Conclusion

The present study demonstrated a novel application
of network analysis to understand changes of phase in
patient conditions. Previous research had focused on
survival prediction and mortality rates, and have

analysed general patient health records rather than
specific palliative care data. As far as we are aware, this
is the first time that palliative-specific data have been
exclusively used in network analysis and ML. Future
research using larger samples is needed to explore the
phase changing by diagnostic groups and the applica-
tion of wearable devices in the palliative care context.
Together with ML and network analysis, digital thera-
peutics has the potential to enhance clinical decision
making to improve the quality of care across settings
where palliative care is delivered.
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