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ABSTRACT

Objective We aim to characterise persistent high utilisers
(PHUs) of healthcare services, and correspondingly,
transient high utilisers (THUs) and non-high utilisers
(non-HUs) for comparison, to facilitate stratifying HUs for
targeted intervention. Subsequently we apply machine
learning algorithms to predict which HUs will persist as
PHUs, to inform future trials testing the effectiveness of
interventions in reducing healthcare utilisation in PHUs.
Design and setting This is a retrospective cohort study
using administrative data from an Academic Medical
Centre (AMC) in Singapore.

Participants Patients who had at least one inpatient
admission to the AMC between 2005 and 2013 were
included in this study. HUs incurred Singapore Dollar 8150
or more within a year. PHUs were defined as HUs for three
consecutive years, while THUs were HUs for 1 or 2 years.
Non-HUs did not incur high healthcare costs at any point
during the study period.

Outcome measures PHU status at the end of the third
year was the outcome of interest. Socio-demographic
profiles, clinical complexity and utilisation metrics of each
group were reported. Area under curve (AUC) was used to
identify the best model to predict persistence.

Results PHUs were older and had higher comorbidity
and mortality. Over the three observed years, PHUS’
expenditure generally increased, while THUs and non-
HUs’ spending and inpatient utilisation decreased. The
predictive model exhibited good performance during

both internal (AUC: 83.2%, 95% CI: 82.2% to 84.2%) and
external validation (AUC: 79.8%, 95% Cl: 78.8% to 80.8%).
Conclusions The HU population could be stratified

into PHUs and THUs, with distinctly different utilisation
trajectories. We developed a model that could predict at
the end of 1year, whether a patient in our population will
continue to be a HU in the next 2 years. This knowledge
would allow healthcare providers to target PHUs in our
health system with interventions in a cost-effective
manner.

BACKGROUND

The disproportionate concentration of the
healthcare utilisation and expenditure in a
small group of users is a common phenom-
enon observed worldwide.'™ In the USA, the
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Strengths and limitations of this study

» The study utilised a large longitudinal database of
9years, allowing the development of a stable defi-
nition of PHUs.

» The prediction models developed contained features
commonly available in most administrative databas-
es, increasing applicability in other health systems.

» Internal validation using a wide range of hyperpa-
rameters, as well as an additional round of external
validation, ensured the robustness of the models
selected.

» The PHU definition did not include patients with only
high outpatient utilisation and no inpatient utilisa-
tion, limiting generalisability of our findings to HUs
with at least one inpatient admission.

» External validation of the final prediction model was
carried out on an external data set which did not
exclude patients who died and did not have poly-
pharmacy score as a feature, resulting in findings
which must be interpreted with caution.

Agency for Healthcare Research and Quality
reported that 1% of users in 2008 accounted
for nearly 20% of all healthcare expenditure,
and that 5% of users accounted for nearly 50%
of expenditure.” In Ontario, Canada, patients
in the top 5% of expenditure accounted for
61% of combined hospital and nursing home
expenditure and almost all of mental health
and rehabilitation costs.” ® The definition of
high utilisers (HU) ranges from the top 1%
to 20% in healthcare expenditure of each
cohort. These HUs have been characterised
as a population with high levels of chronic
disease and prevalence of mental illness,'
and have been the traditional target for inter-
ventions designed to reduce healthcare util-
isation.” Unfortunately, heterogeneity in the
definition of HUs and intervention design, as
well as a lack of high-quality evidence in scien-
tific literature, renders evaluation of effec-
tiveness of these interventions difficult.”"
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Available robust evidence on these interventions is mixed,
with some studies suggesting the need for identifying and
targeting of specific patient groups for an intervention
to be effective.”? ' High utilisation in the bulk of HUs
tends to taper off over time and naturally regress to lower
utilisation, and could also potentially explain why inter-
ventions have not been successful in reducing cost or
utilisation when compared with controls.”” '* A subgroup
of patients, who do not exhibit such a regression-to-
the-mean effect and experience prolonged high utilisa-
tion, are termed persistent HUs (PHUs), and have been
defined as individuals who achieve HU status for more
than two consecutive years.” '* Various studies suggest
only 21%-40% of HUs are PHUs who remain in the top
5%-10% of expenditure 2years later.” """ Identifying
this subgroup of patients with persistent high cost for
active targeted interventions could achieve better results
in long-term reduction of healthcare utilisation and cost
to the healthcare system.

The public healthcare system in Singapore serves
around 80% of acute inpatient needs, and public hospi-
tals receive government subvention to provide subsidised
care to the resident population.”” Patients may receive
government subsidies, insurance coverage or funding
from safety net programme before they pay out-of-pocket
for acute care.””*! PHUs would hence impose a resource
burden for both the government and the health system.
Moreover, due to constraints on capacity from an ageing
population, the government has put in place measures to
prepare for the population’s long-term care needs and
move care to the community setting.”* Hence, developing
interventions for PHUs would reduce avoidable admis-
sions and shift suitable patients to be cared for in the
community setting, optimising the use of finite resources
and improving quality of care for patients.

Given the prolonged high utilisation by PHUs, there
is opportunity for early identification of these patients
for intervention to shorten the period of high utilisation.
However, it is only meaningful to identify these patients
early on before they have truly reached PHU status, and
so predictive models would best serve this purpose. To our
knowledge, only two studies have developed models for
prediction of PHU status within a HU population which
incorporate an assessment of model performance.' **
Models from both studies achieved an area under curve
(AUC) score exceeding 0.90, denoting outstanding
predictive abilities.”* With the ubiquitous adoption of
electronic health records and data sets of increasing size
and complexity in recent years,”?’ machine learning
algorithms have been utilised widely due to their ability to
learn and identify patterns in the data in absence of para-
metric assumptions.”® While some studies have attempted
to predict HUs using machine learning,”™ none of
these have been designed to predict persistence. Building
a prediction model for PHUs using machine learning
methods would not only aid in the prospective identifica-
tion of PHUs but also contribute to the limited literature
on predictive modelling for persistence. Furthermore,

most studies on HUs and persistence have been based in
the USA'; our study originating from a developed multi-
ethnic Asian country will add to the literature in this field.
With the objectives of stratifying HUs for targeted
interventions and contributing to the gap in literature on
prediction of PHUs, our study aims to characterise PHUs
and subsequently predict PHU status within a HU popu-
lation using machine learning algorithms. We will divide
the study population into three groups: (i) PHUs, (ii)
transient high utilisers (THUs), (iii) non-HUs, describe
these groups and compare their characteristics to better
understand the profiles associated with persistence.
Subsequently, we will use machine learning techniques
to develop models that distinguish PHUs from a pool
of HUs using data from the first year observed. We will
then perform both internal and external validation of the
model to evaluate the performance of the models and
demonstrate the feasibility of predicting PHUs for poten-
tial targeted interventions. The findings from this study
will add invaluable insight into the study of persistence
in high healthcare utilisation, and inform future trials to
test effectiveness of interventions in reducing healthcare
utilisation in a persistently high utilisation group.

METHODS

Description of data source

We examined data from 2005 to 2013 comprising demo-
graphics, utilisation, billing, medication and diagnosis
data for both inpatient and outpatient care in National
University Hospital, a 1000-bed Academic Medical Centre
(AMC) in Singapore for this retrospective study. Details
on the data set and its preparation have been reported
separately.” The study cohort consisted of 549109
patients aged 21 years and above who had at least one
record of either an inpatient admission, specialist consul-
tation, therapy visit or emergency attendance between 1
January 2005 and 31 December 2013.

Definitions of PHUs and THUs

Due to lack of access to standardised cost data, we
used expenditures as an estimate, a common approach
adopted in HU studies.' In our study, we defined expen-
diture as the total price of a service charged to a patient
before any government subsidies or third-party payments
(eg, payments by insurers or employers), adjusted to
2015 prices. While these billed charges may not be
reflective of the true cost of service delivery, in absence
of actual cost data, these charges serve as a good proxy
for cost as they are often correlated with the actual cost,
and systematically higher by a specified cost-to-charge
ratio.”**® We computed the expenditure for each patient
over all inpatient and outpatient settings in the hospital
for each observation year and classified patients as HUs
if they incurred expenditure in the top 10%, or at least
SG$8150 within the year. Details on the derivation of the
HU cut-off are provided in online supplementary file 1.
With our key objective of identifying a group of patients
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Patient 3: Transient HU (THU) _ Year 1: Jul 22, 2009 - Jul 21, 2010 Year 2: Jul 22, 2010 - Jul 21, 2011
e o S A

Year 3: Jul 22, 2011 - Jul 21, 2012
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Patient 4: Non-HU Year 1: Oct 07, 2006 - Oct 06, 2007 Year 2: Oct 07, 2007 — Oct 06, 2008 Year 3: Oct 07, 2008 — Oct 06, 2009 l:‘ Inpatient admission (length of stay
| indicated within)
Oct 03, 2007 Dec 19,2007 Feb 22, 2009 A Outpatient visits (includes specialist visits,
I $G$2,500 SGS300 SG$5,100 I emergency attendances, therapist visits)
I B I A I 5 days I High utilisation year: cumulative
spending in a one-year period exceeds
I I I I SG$8,150
Figure 1 lllustration of persistent high utiliser (PHU)/transient high utiliser (THU) cohort generation using three hypothetical
patients.

with extended high utilisation that could potentially be
targeted for intervention, we defined PHUs in our study
as those who met the HU criteria for three consecutive
years, and THUs as patients who met the HU criteria for
atleast 1year, butless than three consecutive years. Those
who did not meet the criterion during the study period
were classified as non-HUs.

To divide the population into groups, we first deter-
mined if a patient met the HU criteria at any point in
time, by examining each inpatient episode of the patient.
If the patient had accumulated healthcare expenditure
of SG$8150 in the lyear prior to and inclusive of the
discharge date, the patient would be classified as a HU
(figure 1). Only the first discharge date that fulfilled the
criterion was considered. That discharge date would then
be fixed as the end of Year 1 (Y1) for that patient; Year
2 (Y2) would be the next year from that date, and Year
3 (Y3) the following year. HUs who had expenditures of
at least SG$8150 in Y2 and Y3 were classified as PHUs,
while the remaining HUs were classified as THUs. For
non-HUs, the discharge date of the index admission was
defined as the end of Y1, and Y2 and Y3 were correspond-
ingly constructed. In identifying HUs, Y1 was defined
as the first 365-day period fulfilling the HU criterion as
opposed to looking at expenditure in a calendar year.
A calendar year was not used since patients who made
contact with the hospital in the later part of the calendar
year would be less likely to fulfil the HU criteria as they
would have had less time to accumulate expenditure, thus
introducing bias.

In defining PHUs and THUs, we excluded patients
who had no inpatient admissions throughout the study

period, as well as patients who recorded their first contact
in 2012 and 2013 due to non-availability of their respec-
tive Y2 and/or Y3 data. We also excluded patients who
died in Y1, as these patients would not have been a candi-
date at the end of Y1 for prediction of Y2 and Y3 HU
status. However, we included patients that died in Y2 and
Y3, given that we are trying to predict HU status using
only Y1 data, and excluding those that died in Y2 and Y3
would introduce bias by leaving only healthier individuals
in the pool. We included non-HUs as a separate cohort
for descriptive comparison as well.

Comparison of PHU, THU and non-HU groups

We first described the profiles of the three groups
defined in this study. Patient demographics at first visit
as well as clinical complexity during Y1 were reported.
Clinical complexity was measured by the Charlson
Comorbidity Index (CCMI) and polypharmacy score
(PPS). PPS measured the maximum number of unique
dispensed medications a patient was prescribed in a visit,
and demonstrated convergent and criterion validity when
compared with CCMI and measures of healthcare utilisa-
tion.” In addition, we reported their expenditure, util-
isation (inpatient, length of stay (LOS) and outpatient
visits), as well as common diagnoses and subspecialties
visited in Y1. To compare between PHU and THUs, as
well as between PHU and non-HUs, we used X2 and two-
sided Wilcoxon rank-sum tests, respectively, to compare
categorical and continuous characteristics.”® Within each
set of comparisons with a control group, we adjusted the p
values using Bonferroni’s Correction,37 and assessed statis-
tical significance using a threshold of 0.05. Thereafter, we
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examined the utilisation patterns of the PHU, THU and
non-HU groups over a 3-year period.

Feature extraction for prediction

To construct our predictive models to identify PHUs
from a HU population, we first considered the same
patient-level information from the descriptive analyses as
features, or predictors, in the models, with the exception
of mortality. In addition, we included bill components in
the model. For each visit billed to the patient, we identi-
fied the different bill components for that particular visit.
The bill components included expenditure on prescrip-
tion drugs, laboratory and radiology services, surgical
procedures, specialised investigations (non-routine diag-
nostics), doctor consultations, therapy (physiotherapy,
occupational therapy or speech therapy), miscellaneous
procedures as well as consumables, implants and appli-
ances. We subsequently aggregated the visit-level expen-
diture information into a total amount spent per patient
for Y1, and calculated the proportion of the Y1 bill that
each component accounted for. We reviewed all features
and subsequently dropped features which had missing
categorical values (eg, housing type), exhibited collin-
earity or had zero variance. A description of features and
hyperparameters used in our model is tabulated in online
supplementary file 1.

Predictive model building and validation

Given the size and complexity of our data set, we opted
to use machine learning algorithms for the prediction of
PHUs as they have been shown to be adept at handling
large volumes of high-dimensional data in healthcare
settings to enable high-quality predictions.”®** We tested
three algorithms: penalised regression, support vector
machine and extreme gradient boosting (XGBoost), and
evaluated their performance using standard metrics of
sensitivity and specificity, as well as AUC with a two-sided
DeLong’s test."' ** For internal validation of our model,
we performed repeated cross-validation with model
construction on 70% of data and evaluation of perfor-
mance on the remaining 30%. As the data set was imbal-
anced with a small number of PHUs relative to the THUs,
the THUs were under-sampled within each training itera-
tion of cross-validation.* **

In addition, to increase applicability of the model as a
predictive tool to be used as point of discharge, we iden-
tified a final model that would achieve similar predictive
performance using only a subset of features. We tested
sub-models containing different number of features with
the highest variable importance against the full model
using a two-sided DeLong’s test. This was to identify a
final sub-model with the lowest number of features that
had an AUC not significantly different from that of the
full model.” We reported the top features ranked by
relative importance, or the improvement in accuracy
the feature brought to its branch relative to the highest
ranked, which would range from 0 to 100.

We then performed external validation for the final
model. An independent data set of adult patients from
the same administrative database for 2013 to 2016 was
extracted. The HU classification process detailed in
figure 1 was applied to this validation set and the final
model was fitted to this data set to assess the performance
of the algorithm when applied to new data. Due to lack
of information on the exact medications patients were
billed for in the external validation set, we performed
both internal and external validation of the final model
without PPS as a feature. The model without PPS as a
feature was derived using the same procedure as the orig-
inal final model. The same model performance metrics
were reported. We used RStudio and the package caret for
the computation described earlier.* *°

Patient and public involvement
The study was designed and conducted without patient or
public involvement.

RESULTS

Comparison of characteristics of PHUs, THUs and non-HUs

A total of 152497 patients were included in the study
(figure 2). There were 5094 PHUs, 62159 THUs and
85244 non-HUs identified (table 1). PHUs were statisti-
cally different from both THUs and non-HUs in all demo-
graphics, disease complexity and utilisation compared.
Overall median expenditure across all settings was highest
in the PHUs, followed by the THUs and non-HUs (PHUs:
$15,015; THUs: $13,727; non-HUs: $2,942). However,
median inpatient expenditure was highest in the THUs
(PHU: $10,743; THU: $12,226; non-HU: $2,395).
Notably, PHUs and THUs had median ages 19 and 15
years greater than the non-HUs, respectively, at the point
of first contact during the study period. Median values
of CCMI were highest for the PHUs (PHUs: 2; THUs: 1;
non-HUs: 0), while the median PPS values were similar
for PHUs and THUs. The percentage of patients that
died during the study period was also highest in the PHU
group (43.5%) compared with the THU group (19.7%)
and the non-HU group (5.8%).

As seen in online supplementary file 2, diabetes, hyper-
tension and lipid disorders were found to be prevalent
conditions across all three groups. However, the highest
prevalence rates were consistently seen in the PHUs and
lowest in the non-HUs. In addition, visits to the cardiac
subspecialty were also common to the groups. We also
observed a segment of patients unique to the PHUs
who were likely to be undergoing treatment for kidney
diseases, from the high prevalence of chronic kidney
disease (25.4%) and visits to the nephrology subspecialty
(24.2%).

Examining trends in total expenditure over the first
3 years, the PHUs’ expenditure generally increased,
whereas the THUs and non-HUs’ spending decreased
drastically from Y2 onwards (figure 3). Inpatient expen-
diture and visits also followed such a similar pattern for
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Total Adult Patients
N= 549,109

Patients with no inpatient admissions (N= 344,988)

Excluded

Patients admitted after 2011 (N=47.210)

Patients who died during/after admission in YO (N=4,414)

Patients included in study
N= 152,497

Excluded

Non-High-Cost Utilisers (Non-HUs): Patients who did not

incur at least SGD 8,150 in a one-year period before

High-Cost Utilisers (HUs)
N= 67,253

discharge date (N= 85,244)

:

-

Persistent High-Cost Utilisers (PHUs)
N=5,094

Transient High-Cost Utilisers (THUs)

N=62,159

Figure 2

all groups. Importantly, we observed that the drop off
in inpatient utilisation for THUs in Y2 and Y3 was very
significant; the median inpatient utilisation across bill,
LOS and visits was all zero in Y2 and Y3 (online supple-
mentary file 3). In contrast, outpatient utilisation peaked
in Y2 across all groups, with PHUs on average incurring
above 20 visits in Y2 and Y3 while THUs and non-HUs had
few or zero visits for both years.

Comparison of performance of candidate predictive models
Table 2 summarises the performance of algorithms used
in this study for the prediction of PHUs from a pool of
67253 patients at the end of Y1. Of the three algorithms,
XGBoost performed the best in terms of AUC (83.4%,
95% CI: 82.4% to 84.4%) and sensitivity (78.7%, 95% CI:
76.5% to 80.7%). The AUC for the XGBoost model was
also statistically different from the other two models
compared (p<0.001). This full model was based on 514
features (online supplementary file 4), and we identi-
fied a final model with reduced number of features that
exhibited similar model performance (p=0.28), which
used only 51 features with the highest variable impor-
tance from the full model (figure 4). The top features for
the final model were related to comorbidity, outpatient
expenditure and prescription expenditure, followed by
age, laboratory and radiology services, specialised inves-
tigations, therapy, doctor consultations, surgical proce-
dures as well as consumables, appliances and implants. A
description of the HUs in the study population and the
external validation cohort are provided in online supple-
mentary file 5. The AUC for the validated final model
without PPS during internal validation was 83.1% (95%
CI: 82.1% to 84.1%), while the AUC during external
validation was slightly lower at 79.8% (95% CI: 78.8% to
80.8%) (online supplementary file 6).

Inclusion and exclusion criteria for persistent high utiliser (PHU)/transient high utiliser (THU) cohort.

DISCUSSION

Principal findings

In our study, we defined three groups of patients: PHUs
who were HU for 3years consecutively, THUs who were
only HU for 1 or 2years and non-HUs who did not qualify
as an HU at any time. We described the demographics,
utilisation and disease profiles of the groups and found
that PHUs were distinctly different from THUs and non-
HUs. Subsequently, we sought to predict which HUs
would go on to be PHUs at the end of 1year. We applied
different machine learning algorithms and developed a
model of excellent predictive performance. We then vali-
dated a final model with fewer features but of comparable
performance for potential implementation as a tool to be
used at point of discharge. The most important features
in the final model were related to comorbidity, outpatient
expenditure and prescription expenditure.

We identified 7% of our HU population to be PHUs,
which is markedly lower than findings from other
published studies on 3-year persistence.”'?* This could
be explained by the fact that we did not capture expen-
diture outside the hospital setting unlike these other
studies. Hence, our PHU definition may not be directly
comparable to studies that incorporate home care and
nursing care costs in their computation of healthcare
expenditure to determine persistence.® '’ Comparing
the disease profiles of the three groups of patients, the
highest prevalence of lipid disorders, diabetes, hyperten-
sion and cardiac conditions was observed in the PHUs.
Coupled with the older age and higher CCMI, PHUs
exhibited a more medically complex profile compared
with THUs and non-HUs. Of note, PHUs have been
found to be older than THUs in some studies' ***” and
younger in others,"® " *"*® and this lack of uniform asso-
ciation of age with persistence may be attributable to
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PHU vs
PHU (n=5094) THU (n=62159) Non-HU (n=85244) THU*

T
I
c
<
@
3
o
7
I
Cc
*

Number of years of 4 (3-6) 3 (1-5) 2 (2-4) —_— ok
utilisation, median

(IQR)

Total expenditure, $15015 $13727 $2042 . ok

median (IQR) ($10762-$23778) ($10125-$20207) ($1742-$4811)

Outpatient $2256 $672 $333 . o
expenditure, median  ($550-$5878) ($306-$2015) ($220-$595)
(IQR)

Inpatient length of 9 (6-15) 8 (4-13) 2 (2-4) . -
stay, median (IQR)

Year 1 demographics and clinical complexity

Charlson Comorbidity 2 (2-4) 1(0-2) 0 (0-1) - -
Index, median (IQR)

SeX, N (%) *x ok

Male 2614 (51.3%) 34318 (55.2%) 41408 (48.6%)

Chinese 3414 (67.0%) 39113 (62.9%) 48450 (56.8%)

Malay 727 (14.3%) 8001 (12.9%) 13158 (15.4%)

*
*
*
*
*
*

Housing type, N (%) n=4636 n=52161 n=71839

3-5 room and larger 3772 (81.4%) 42878 (82.2%) 59770 (83.2%)

Mortality, N (%)

During Year 2 - 6128 (9.9%) 1959 (2.3%) Hotk ok

*x2 and Wilcoxon rank-sum tests were used to perform comparisons for categorical and continuous variables, respectively.
**p<0.01; **p<0.001.
Non-HU, non-high-cost utiliser;PHU, persistent high-cost utiliser; THU, transient high-cost utiliser.

the heterogeneity in populations studied. In contrast,  was high (43.5%), especially when compared with the
the higher comorbidity burden in PHUs is consistent ~ THU group (19.7%) and the non-HU group (5.8%).
with most studies on persistence.141719 * We also found ~ This is not unexpected given the PHUs had higher
that the percentage of PHUs that died in our cohort  comorbidity.
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Figure 3 Yearly utilisation for three observation years, with yearly medians labelled. Non-HU, non-high utiliser; PHU, persistent

high utiliser; THU, transient high utiliser.

In addition, the PHUs had greatly different expenditure
and utilisation trajectories from the THUs. We observed
that THUSs’ overall utilisation and expenditure fell signifi-
cantly in Y2 and Y3 from Y1, illustrating the phenom-
enon of regression to the mean. This trend could have
been due to an acute medical need in the THUs which
tapered off after the initial period of high utilisation, and
has been noted in other HU populations.” '* 19450
contrast, PHUs’ utilisation and expenditure continued to
increase, motivating the need to target PHUs specifically
for intervention instead of HUs in general.

Strengths

Our study utilised a large longitudinal database over a
9-year period, which allowed us to study the persistence
of high utilisation in a large population over a sufficiently
long period. We were thus able to develop a stable defini-
tion for PHUs and a predictive model that performed well
in identification of PHUs. Furthermore, the approach
we took in preparing and selecting features and devel-
oping the predictive model allows for easy deployment

in a real-world setting. The model can be applied at the
point of discharge by drawing on data retrospectively,
and contains features already commonly available in
most administrative databases. In addition, we performed
internal validation using repeated cross-validation and
tested three models with a wide range of values for each
parameter to ensure the robustness of the model selected.
We also validated our final model on an external data set
with model performance similar to results from internal
validation, illustrating the generalisability and applica-
bility of our predictive tool in other patient cohorts.

Limitations

There are some limitations arising from our method-
ology. We defined PHUs using the index admission as
a frame of reference for accumulation of resource use,
and so this definition cannot be applied to patients who
incurred sizeable outpatient utilisation without any inpa-
tient admissions. Our examination of persistent high
users would hence only be generalisable to patients
with conditions and care needs relevant to the inpatient

Table 2 Summary of the performance metrics of predictions made at the end of Year 1

Model Number of features  Sensitivity (95% CIl)  Specificity (95%Cl) AUC (95% CI)
Penalised regression 102 72.7% 76.0% 81.7%

(70.3% to 74.9%) (75.4% to 76.7%) (80.6% to 82.7%)
Support vector machine 514 71.2% 75.4% 80.4%

(68.9% to 73.5%) (74.8% to 76.0%) (79.3% to 81.5%)
XGBoost 514 78.8% 71.9% 83.4%

(76.7% to 80.9%) (71.2% to 72.5%) (82.4% to 84.4%)
XGBoost 51 78.7% 72.3% 83.2%

(76.5% to 80.7%)

(71.6% to 72.9%)

(82.2% to 84.2%)

AUC, area under curve.
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Variable importance (top 51)
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Figure 4 Variable importance for 51 features in final model.

setting. As the observation year was anchored at the first
inpatient admission which met the HU criteria, it also did
notinclude instances where patients met the PHU criteria
more than once during the study period. However, in the
real-world setting, this is less of an issue as patients who
have met the criteria once would already be identified as
a high-risk patient by the healthcare system that they seek
care from. Furthermore, as the 12% of patients who died
in Y2 were included in the analysis, potential bias may
arise. While these patients may have exhibited Y1 char-
acteristics sufficient to be predicted as PHUs, they did
not survive long enough to fulfil the PHU definition. As a
result, the predictive tool we have developed would have
a higher false positive rate, and the model AUC reported
would be a conservative estimate, which would be caveats
to keep in mind in application of the tool.

In addition, the model was designed and validated
on a single AMC. Previous research in Singapore
revealed low cross-utilisation across multiple hospitals
by a general patient population,” suggesting low selec-
tion and misclassification bias in our findings due to
the use of data from only one hospital. Furthermore,
prevalence rates of PHUs in studies outside Singapore
incorporating data from multiple hospitals are similar
to our findings at 1%-4%.">"" ' This would suggest that
cross-utilisation rates of THUs and non-HUs across more
than one hospital would likely be low, and correspond-
ingly bias arising from this limitation would be modest.
Generalisation of the model to other healthcare systems
would be dependent on data and feature availability in
those settings. However, the most important features in
our models are common billing components and clinical

MMHHHMHHHHH

50 75 100
Relative importance

[*]
U

specialties routinely recorded within administrative data-
bases, or easily generated from International Classifica-
tion of Diseases diagnosis codes, increasing the ease of
applying our model in other health systems.

Also, we were unable to examine in detail the differ-
ences in socioeconomic characteristics between the
groups as only housing type was available as a proxy. As
persistent high utilisation has been noted to be concen-
trated in those of lower socioeconomic status or minority
races,4 1617 47 4 hformation such as household income,
employment status or receipt of financial support would
greatly increase the robustness of our comparisons.

Patients who died in Y1 in the external validation set
were not removed due to lack of integration of death data,
and hence the performance of the external validation
must be interpreted with caution. As detailed medication
was also not integrated into the external validation data
set, we were unable to validate our final model with PPS
as a feature. However, since the validation of the modified
final model without PPS was good with an AUC of 80%, it
appeared that the models developed perform reasonably
well as long as most important features were present.

Implications for clinicians and policymakers

Our findings suggest that our PHU population is medi-
cally complex and tend to have recurrent high utilisa-
tion across multiple settings, and interventions should
be tailored to this profile. Integrated care approaches
involving case management, care coordination and
disease management could potentially reduce healthcare
use by this group of high risk patients.” In addition, given
the high mortality rate, integrating palliative care into
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interventions targeted at PHUs could also be a suitable
approach to manage cost and improve quality of life in
this group.52 The distinctly different utilisation trajec-
tories between PHUs and THUs reaffirm the necessity
of stratifying the HU population to identify the correct
subgroup of patients, to effectively deliver interventions
for these high need patients.”

Our findings also suggest that there are ways to opti-
mise the way we select patients for intervention. At
present, most intervention programmes that target high
utilisation patients enrol patients based on a one-off
assessment of whether they incurred utilisation above a
specified threshold. Such enrolment criteria would not
be able to distinguish PHUs and THUs. An evaluation of
a post-discharge intervention programme for HUs where
enrolment was based on utilisation in Y1, and interven-
tion was delivered in Y2, did not show an improvement
of Y2 healthcare utilisation over matched controls.”* Both
the HUs and control patients in this study showed similar
decrease in their high utilisation over time, illustrating
the phenomenon of regression to the mean. This finding
supports our observation on the need for refinement of
enrolment criteria to better identify and target subgroups
with increased risk of prolonged utilisation (ie, PHUs).
The predictive tool we have developed in this paper will
facilitate the targeting of PHUs from a pool of HUs that
health systems already routinely identify and intervene
on. A more targeted approach would allow healthcare
systems to focus such resource intensive interventions on
the group that is most likely to require and benefit from
these interventions.

Unanswered questions and future research

Prediction of PHUs to identify and target them early for
intervention is thus crucial. In our study, we were able
to show that our models can predict prospectively which
patients in our health system are likely to be PHUs with
protracted high levels of healthcare utilisation. While we
hypothesise that these PHUs would be better targets for
healthcare utilisation reducing interventions as compared
with HUs as a larger group, follow-up studies would need
to be conducted to validate this. Given the scope of the
study, we have not tested if the PHUs respond differently
to various intervention programmes aimed at reducing
utilisation. Future work will involve collaborations with
groups beyond the AMC in this study that are respon-
sible for the delivery of interventions to high utilisation
groups. These collaborations would test the utility of
our approach in identifying PHUs and providing these
patients with different targeted interventions. Separately,
testing the predictive tool in different populations and
with varying HU thresholds would validate our method-
ology in different contexts. These further studies would
test both the ability of the model to identify suitable
targets in a real-world setting, and the impact of interven-
tions targeting this group of PHUs as opposed to THUs
and controls.

CONCLUSION

Persistent high-cost utilisers are a high-risk subgroup of
patients with complex clinical needs and high expendi-
ture and utilisation. While interventions could potentially
accrue the largest benefits if this subgroup is targeted
effectively, few to date have focused on identifying and
intervening on this group. In our study, we constructed
a definition for the identification of PHUs from a HU
population, profiled the PHUs and compared them
with the THUs and non-HUs. We demonstrated that the
HU population could be stratified to reveal a subgroup
of patients with recurrent high utilisation over time,
which was distinct from the majority of patients who had
transient high utilisation. Subsequently, we developed
a machine learning model with the ability to predict at
the end of lyear, whether a patient in our population
will continue to be a HU in the next 2years, which is a
novel approach to the prediction of persistence in health-
care utilisation. This knowledge would allow healthcare
providers to more effectively target patients who have
persistent utilisation, with existing or new interventions
to make a greater impact in a cost-effective manner.
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