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ABSTRACT
Objective Measures of variation in end- of- life (EOL) care 
intensity across hospitals are typically summarised using 
unidimensional measures. These measures do not capture 
the full dimensionality of complex clinical care trajectories 
over time that are needed to inform quality improvement 
efforts. The objective is to develop a novel visual map of 
EOL care trajectories that illustrates multidimensional 
utilisation over time.
Setting United States’ National Cancer Institute or 
National Comprehensive Cancer Network (NCI/NCCN)- 
designated hospitals.
Participants We identified Medicare claims for fee- for- 
service beneficiaries with poor prognosis cancers who 
died between April and December 2016 and received the 
preponderance of treatment in the last 6 months of life at 
an NCI/NCCN- designated hospital.
Design For each beneficiary, we transformed each 
Medicare claim into two elements to generate a two- 
dimensional individual- level heatmap. On the y- axis, 
each claim was classified into a categorical description 
of the service delivered by a healthcare resource. On the 
x- axis, the date for each claim was converted into the day 
number prior to death it occurred on. We then summed 
up individual- level heatmaps of patients attributed to 
each hospital to generate two- dimensional hospital- level 
heatmaps. We used four case studies to illustrate the 
feasibility of interpreting these heatmaps and to shed light 
on how they might be used to guide value- based, quality 
improvement initiatives.
Results We identified nine distinct EOL care delivery 
patterns from hospital- level heatmaps based on signal 
intensity and patterns for inpatient, outpatient and 
home- based hospice services. We illustrate that in most 
cases, heatmaps illustrating patterns of multidimensional 
healthcare utilisation over time provide more information 
about care trajectories and highlight more heterogeneity 
than current unidimensional measures.
Conclusions This study illustrates the feasibility of 
representing multidimensional EOL utilisation over time 
as a heatmap. These heatmaps may provide potentially 
actionable insights into hospital- level care delivery 
patterns, and the approach may generalise to other serious 
illness populations.

INTRODUCTION
Researchers have documented large, system-
atic variations in Medicare fee- for- service 

spending and service use that are seemingly 
unrelated to health outcomes.1 From a policy 
perspective, wide variations in end- of- life 
(EOL) treatment intensity across hospitals 
have raised concerns about inefficiencies and 
inequities in the Medicare programme.2–4 
From a clinical perspective, they raise 
concerns about the quality of care delivered.5 
To address these concerns, policy- makers and 
providers need more granular information to 
understand how and where these variations 
arise in order to support interventions to 
address these variations.

Variations in EOL treatment intensity 
have been described using unidimensional 
measures. Administrative claims data are 
used to calculate healthcare utilisation 
measures, such as total spending, hospital 
days or fraction of patients receiving a partic-
ular service (eg, intensive care unit (ICU) 
admission or hospice enrolment). In many 
cases, measures are not directly actionable 
(eg, spending, hospital days). In addition, 
measures often describe use of a specific 
healthcare service (eg, hospital care, hospice 
care). Consequently, these measures do not 
capture the full dimensionality of complex 
clinical care, where a multidimensional set of 
providers from multiple specialties provide 
care across many settings akin to an archi-
pelago of disconnected healthcare islands.6 

STRENGTHS AND LIMITATIONS OF THIS STUDY
 ⇒ The development of healthcare delivery heatmaps 
provides detailed multidimensional end- of- life util-
isation over time.

 ⇒ Healthcare delivery heatmaps are developed from 
the same administrative claims data used to calcu-
late quality measures but offer increased productiv-
ity and efficiency.

 ⇒ Only cancer centres with National Cancer Institute 
or National Comprehensive Cancer Network desig-
nation were included in this study, therefore findings 
cannot be generalised to other hospitals providing 
cancer care.
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Consequently, these unidimensional variables are typi-
cally described from the reference frame of a specific 
healthcare island, yet, improving its measures may require 
an upstream decision change at a prior island along the 
patient’s journey from island to island. For example, 
when increasing hospice utilisation is a goal, this can only 
be achieved through increasing upstream referrals from 
non- hospice providers. Consequently, understanding a 
typical upstream utilisation pattern can serve as an action-
able target for interventions. In other words, improving 
care quality becomes more actionable with a shift in refer-
ence frame from the entities comprising the healthcare 
system to a patient’s trajectory through the healthcare 
system. By introducing the element of time, it becomes 
clearer how services are utilised relative to each other.

To date, efforts to more fully describe the longitudinal 
trajectory and dimensionality of complex clinical care 
have included combining unidimensional measures into 
sets of unidimensional numerical values7 8 or analysing the 
longitudinal change of a single unidimensional measure 
using group- based trajectory modelling.9 We use systems 
engineering modelling to extend these approaches. 
Specifically, we explore the feasibility of using adminis-
trative claims to construct a map that models the dynamic 
utilisation of healthcare across dimensions of time, service 
location and service intensity or burdensomeness. These 
maps are developed at the patient level and describe all 
healthcare utilisation longitudinally in several categori-
sations to represent the multidimensionality of complex 
care. Patient- level maps are then aggregated to visualise 
patterns of care for cohorts of patients. Patient cohorts 
can be aggregated based on patient characteristics, such as 
clinical condition, identity measures such as gender, race, 
ethnicity, geographic residence or unit of the delivery 
system, such as a hospital or primary care practice. In 
the current paper, we focus on National Cancer Institute 
(NCI) and/or National Comprehensive Cancer Network 
(NCCN) cancer centres and showcase three illustrative 
examples to demonstrate the feasibility of this approach. 
Further, we seek to illustrate how depicting longitudinal 
and multidimensional EOL healthcare delivery utilisation 
as a heatmap visually conveys dynamic utilisation informa-
tion that is more granular and, therefore, may be more 
actionable than traditional unidimensional measures.

METHODS
This section describes the methodology to develop 
individual- level dynamic utilisation heatmaps, then 
aggregate them into hospital- level dynamic utilisation 
heatmaps. First, we define the cohort of decedents in 
the Medicare claims data. Next, we describe the process 
whereby each decedent was assigned to the hospital where 
they received the preponderance of their care. We then 
calculated individual- level EOL care heatmaps. Finally, 
we sum these up to construct hospital- level heatmaps for 
each hospital. We showcase the dynamic utilisation heat-
maps in three case examples.

Patient and public involvement
The current phase of the work is computational, with a 
focus on feasibility. The Data Use Agreement with the 
Center for Medicare and Medicaid Services does not 
allow us to involve patients and the public at this stage. 
The next stage of the work will involve patients and the 
public to provide input on key assumptions and to assess 
the usability of these heatmaps as quality improvement 
tools.

Data
We identified Medicare fee- for- service beneficiary health-
care utilisation using a 100% sample of 2015–2016 Centers 
for Medicare and Medicaid Services (CMS) files, which 
included 126 434 decedents with poor prognosis cancers 
(defined below). We included: (1) the Master Beneficiary 
Summary file, (2) the Medicare Provider Analysis and 
Review (MedPAR) file, (3) the Physician/Supplier Carrier 
file, (4) the Outpatient file and (5) the Hospice file. From 
the Master Beneficiary file, we obtained beneficiary- level 
information including date of death. From the MedPAR, 
Carrier, Outpatient and Hospice files, we obtained dates 
of service, hospital provider, service provided and place 
of service information. Furthermore, online supple-
mental appendix A details the fields that correspond to 
this information.

Cohort definition
We identified beneficiaries with poor prognosis cancers 
who died between 1 April 2016 and 31 December 2016 
between the ages 66 and 99, had continuous inpatient 
and outpatient Medicare insurance in the last 6 months 
of life and had at least one hospital discharge or at least 
two clinician visits in the last 6 months of life with cancer 
diagnosis codes associated with a high risk of near- term 
death and at least one hospital admission for cancer 
care in the last 6 months of life. We included beneficia-
ries for whom we had complete 6- month look- back data 
coded using the International Classification of Diseases, 
Tenth Revision (ICD- 10) codes, which began in October 
2015. The look- back period was used to identify the time 
period for which all healthcare utilisation data would be 
captured and comorbidities for risk adjustment in the 
parent project.10 We identified patients with poor prog-
nosis cancers to specify a decedent cohort for whom 
death was more likely attributable to cancer and clini-
cians would have been aware that time could be short.11 
Poor prognosis cancers were defined based on methods 
from Iezzoni et al10 that were adapted to the current ICD- 
10, Clinical Modification.12 More detailed cohort devel-
opment is described elsewhere.12

Hospital assignment
Only beneficiaries with at least one hospital admission 
for cancer in the last 6 months of life were attributed to a 
particular hospital providing the preponderance of their 
care for hospital measure calculations.10 13 We defined 
cancer care hospitalisations as those with a primary 
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diagnosis of cancer or a secondary diagnosis of poor 
prognosis cancer.10

We obtained hospital characteristics from the 2015–
2016 Medicare Provider of Services file. We included 
hospitals with a focus on cancer care by identifying 
hospitals recognised as cancer centres by the NCI and/
or NCCN, hereafter referred to as ‘NCI/NCCN cancer 
centres’.14 15 We separately analysed centres with multiple 
satellite affiliates as geographically unique institutions.

EOL care quality metrics
The cohort used to generate the individual and hospital 
heatmaps was the same cohort that was used to generate 
Dartmouth’s publicly available 2016 EOL cancer care 
quality measures12: (1) hospital admission in the last 
30 days of life; (2) ICU admission in the last 30 days of 
life (National Quality Forum (NQF) #0213); and (3) 
non- referral to hospice (NQF #0215). The Dartmouth 
Atlas adjusted these measures following a modified 
algorithm,16 including age, sex (not race), Agency for 
Healthcare Research and Quality Clinical Classifications 
Software defined cancers of the lung, haematological and 
vague types;15 and Iezzoni chronic conditions.1012 17 The 
principal investigator of the 2016 Dartmouth Atlas EOL 
cancer care quality report (AEB) elected not to adjust for 
race due to the problematic nature of attributing varia-
tion to a political construct that may reflect such complex 
epidemiologic risk phenomena as exposure to racism, 
high social needs, economic privation and environmental 
exposures, among others.18 The Dartmouth Atlas publicly 
available 2016 EOL total Medicare spending, which we 
downloaded for deaths occurring in 2016 by Hospital 
https://data.dartmouthatlas.org/eol-chronic/#by-year, 
included all chronic illness deaths (not just cancer) and 
was adjusted for age, sex, race, primary chronic condi-
tion, and whether patients had more than one of the nine 
chronic conditions.

Dynamic utilisation heatmap development
We transformed each cancer cohort beneficiary’s longi-
tudinal healthcare utilisation into an individual dynamic 
utilisation heatmap. A heatmap uses colours to commu-
nicate high and low values for a two- dimensional map. 
Formally, a dynamic utilisation heatmap is a visual repre-
sentation of a two- dimensional ‘scheduled event list’19—a 
mathematical construct in discrete- event simulation used 
to capture events and their occurrence time to simulate 
the behaviour of a system. Here, an event represents the 
use of a healthcare system capability, a construct based 
on a previously developed systems engineering frame-
work for healthcare delivery systems,20–22 that rests on 
heterofunctional graph theory.23 Briefly, a healthcare 
system capability represents a system’s ability to perform 
an activity by a healthcare system resource for a patient 
in the form of a subject+verb+operand to describe what 
action can be performed (activity) by whom or what 
(resource) for a patient (operand). We initially catego-
rised activities (verbs) into the highest- level abstraction of 

previously defined healthcare functions (transportation, 
measurement, decision and treatment).20 We catego-
rised resources (subjects) into five high- level place- based 
resources (home, residential facility, outpatient facility, 
emergency department (ED) and inpatient facility). 
Together, the combination of activities and resources, 
such as outpatient measurement, represents the set 
of healthcare delivery system capabilities provided to 
patients. We began with the highest- level capabilities.

We identified several categories with very few occur-
rences and others that needed to be described and high-
lighted in more detail. The process to identify these 
categories included: a data- driven approach to identify 
categories with few occurrences and consensus- based 
discussions involving input from clinicians/system scien-
tists to review clinical relevance and frequency of catego-
ries to identify meaningful groups. The final capability 
categories included: (1) home health treatment at home, 
(2) hospice treatment at home, (3) visits at residential 
facilities, (4) measurement at outpatient, (5) visits at 
outpatient, (6) treatment at outpatient, (7) transporta-
tion to an ED, (8) measurement at ED, (9) visits at ED, 
(10) treatment at ED, (11) measure at inpatient, (12) 
visits at inpatient and (13) treatment at inpatient. Here, 
visits represent provider encounters to capture care 
decision- making. These high- level place- based resources 
are service locations (ie, home, residential facility, outpa-
tient, ED and inpatient) organised with increasing values 
to generally relate to an increasing level of burdensome-
ness to the patient, as assessed by the study team and clini-
cian consultants.

Algorithmically, we transformed administrative claims 
into a set of system capabilities and the times they 
occurred. First, we extracted the subject+verb+operand 
and date for each claim. Second, we identified system 
resources (subjects) in part A claims using facility type 
codes and in part B claims using place of service codes, 
as detailed in online supplemental appendix A. Third, 
we identified system functions (verbs) using Berenson- 
Eggers Type of Service (BETOS) codes, described further 
in online supplemental appendix A. Fourth, we identified 
beneficiaries (operands) using the beneficiary ID. We 
converted each claim date into the number of days from 
death as the occurrence time. We then combined activ-
ities and resources to calculate the system capabilities. 
Finally, the system capabilities and occurrence times were 
mapped with a value of 1 into the corresponding two- 
dimensional voxel in the patient- level dynamic utilisation 
heatmaps. In other words, the voxel value in a dynamic 
utilisation heatmap corresponds to the number of claims 
with a specific system capability (row) for a specific day 
before death (column). This created a patient- level 
heatmap. Although these individual- level heatmaps may 
be of interest, they cannot be shared according to CMS 
suppression rules because they represent a single person’s 
potentially identifiable healthcare use.

Once the patient- level dynamic utilisation heatmap was 
created for each beneficiary, we constructed hospital- level 
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dynamic utilisation heatmaps in three steps. First, we 
summed the dynamic utilisation heatmaps from all 
beneficiaries attributed to the same hospital. Second, 
we normalised each hospital- level dynamic utilisation 
heatmap by the number of beneficiaries included in the 
first summing step. Third, we checked that each heatmap 
voxel comprised data from at least 11 patients to comply 
with CMS suppression rules. Otherwise, the voxel value 
was filtered to 0.

Analysis
We illustrate the feasibility and potential usability of 
hospital- level dynamic utilisation heatmaps in four cases.

In case 1, we describe and classify hospitals based on 
the set of signals in the hospital- level dynamic utilisation 
heatmaps. First, we calculated the numerical cumulative 
sum for each hospital to incorporate the element of time 
for each system capability (row). We then classified each 
numerical cumulative sum into one of three quartiles: 
first (low), second (medium) and third (high). Finally, 
each hospital was classified as low, medium or high as a 
two- dimensional ranking for the most prominent inpa-
tient and hospice signals.

In case 2, we compare the two- dimensional heatmap 
categories and unidimensional spending. We plotted 
unidimensional spending for each hospital and the two- 
dimensional heatmap categories identified in case 1. 
The two- dimensional heatmap categories were ordered 
following three steps. First, inpatient and hospice low, 
medium or high categories were individually assigned a 

quartile value, where the value of 3 represents ‘higher’ 
quality and 1 represents ‘lower’ quality.5 For inpatient, 
low, medium and high corresponds to 3, 2 and 1, respec-
tively. For hospice, low, medium and high corresponds to 
1, 2 and 3, respectively. Second, the inpatient and hospice 
values were summed. Third, the summed values were 
used to order the two- dimensional heatmap categories 
from least to greatest. For example, high inpatient and 
medium hospice dimensions would lead to a calculation 
of 1+2 for a value of 3. In the case of ties, we ordered the 
poorer inpatient value first, for example, high–medium 
(1+2) then medium–low (2+1). Therefore, we ordered 
heatmap categories into high–low, high–medium, 
medium–low, high–high, low–low, medium–medium, 
medium–high, low–medium and low–high.

In case 3, we compare information from hospital- level 
heatmaps and two- dimensional quality measures. We 
plotted quality measures on a two- dimensional scatter 
plot and colour- coded each hospital point based on the 
hospital heatmap categories identified in case 1. We 
plotted two figures with non- referral to hospice (NQF 
#0215) on the x- axis and either inpatient admission in 
the last 30 days of life or ICU admission in the last 30 days 
of life (NQF #0213) on the y- axis.

In case 4, we compare the hospice at home heatmap 
signal and the non- referral to hospice (NQF #0215) quality 
measure to showcase dynamic versus static information.

All heatmap development, analyses and visualisation 
were completed using open- source Python 2.7.12 (http://
www.python.org/).

RESULTS
Beneficiary and hospital statistics
Among 126 434 Medicare decedents with poor prognosis 
cancers, a total of 10 119 were attributed to 54 NCI/NCCN 
cancer centres, with an average of 187 beneficiaries (SD 
124) per centre and a range of 44–633 beneficiaries.

Case 1
Hospital- level dynamic utilisation heatmaps included 
13 capabilities on the y- axis, grouped by place of service 
(ie, inpatient, ED, outpatient and home) . For advanced 
cancer decedents in the last 6 months of life, we observed 
hospital- level heatmap signals in the measure/visit/treat 
at inpatient, measurement at outpatient and hospice at 
home capabilities. The measure+visit+treat inpatient 
signal cumulative sum (inpS) was used to classify each 
hospital inpatient signal as low (inpS<50.44), medium 
(50.44<inpS<81.30) or high (inpS>81.30). The cumula-
tive hospice signal sum (hosS) was used to classify each 
hospital hospice signal as low (hosS<10.44), medium 
(10.44<hosS<16.45) or high (hosS>16.45). The combina-
tion of these groups led to nine possible inpatient- hospice 
combinations: low–low, medium–low, high–low, low–
medium, medium–medium, high–medium, low–high, 
medium–high and high–high. Figure 1 shows a represen-
tative heatmap for each of the nine patterns. Given modal 

Figure 1 A representative hospital- level dynamic utilisation 
heatmap from a single National Cancer Institute/National 
Comprehensive Cancer Network hospital for each of the 
nine heatmap colour categories classified based on inpatient 
and hospice longitudinal signals. Each letter is a hospital. 
The colour border is the category of hospital, based on the 
hospital’s ‘signal’ intensity for inpatient care (columns) and 
hospice care (rows). The ‘heat’ of the voxel indicates the 
intensity of service utilisation, with blue (cool) being low 
intensity of use and red (hot) being high intensity of use. (A) 
High–low (red), (B) high–medium (magenta), and (C) high–high 
(orange), (G) low–low (olive), (H) low–medium (green), (I) low–
high (lime), (D) medium–low (purple), (E) medium–medium 
(blue), (F) medium–high (cyan). The ‘measure at outpatient’ 
pattern is present in heatmaps (A) and (C). Note: only 8 out of 
the 13 rows with significant signals have been included here.

http://www.python.org/
http://www.python.org/
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population preferences for receiving EOL care at home 
rather than in the hospital,24 25 high inpatient signal 
intensity and low hospice signal intensity would gener-
ally correlate with worse EOL quality. In comparison, low 
inpatient signal and high hospice signal intensity would 
generally correlate with better EOL quality. Table 1 shows 
the number of hospitals classified for each of the nine 
groups.

Table 1 also highlights the groups with the ‘measure 
at outpatient signal’. At eight hospitals, we identified a 
unique high signal intensity in outpatient capability with 
a cumulative outpatient signal sum (outpS>61.59). The 
signal was strongest among three cancer centres that 
belonged to the same healthcare system but operated 
in three different and distant states (Mayo Jacksonville, 
Florida; Mayo Phoenix, Arizona; and Mayo Rochester, 

Minnesota). In addition, we identified weaker but observ-
able signals in five other cancer centres across different 
states (Ronald Reagan UCLA, Los Angeles, California; H 
Lee Moffit Cancer Center & Research Institute, Tampa, 
Florida; Northwestern Memorial Hospital, Chicago, Illi-
nois; Robert Wood Johnson University Hospital, New 
Brunswick, New Jersey; and St. Luke’s Health Baylor, 
Houston Texas). The ‘measure at outpatient signal’ for 
Robert Wood Johnson University (A) and St. Luke’s 
Health Baylor (C) are shown in figure 1. Examples of 
BETOS codes aggregating to these intense signals at these 
eight sites include T1H (Lab tests—other (non- Medicare 
fee schedule)), T1D (Lab tests—blood counts) and T1A 
(Lab tests—routine venipuncture (non- Medicare fee 
schedule)). This strong ‘measure at outpatient signal’ 
can arise if: (1) a large proportion of patients contin-
ually receive a low- to- moderate number of tests in an 
outpatient setting or (2) a moderate- to- low proportion of 
patients continually receive a large number of tests in an 
outpatient setting or (3) a combination of the former and 
the latter.

Case 2
We plotted the Dartmouth Atlas total EOL spending 
for each hospital versus the heatmap categorisation 
based on the two dimensions of inpatient and hospice 
signals in figure 2. Hospitals with the ‘highest- quality’ 
two- dimensional heatmap category (low inpatient and 
high hospice) showed the lowest spending pattern 
(low–high). Other heatmap categories, both ‘good’ (eg, 
medium–high) or ‘poor’ (eg, high–low), showed a large 
range of total Medicare spending. Figure 2 suggests that 
(1) different care delivery patterns can lead to similar 
spending costs and (2) similar care delivery patterns can 
lead to very different spending costs. In other words, 
while measures of spending focus on how much money 
is spent, heatmaps provide a visual explanation of how 
the money is spent. Therefore, a univariate measure of 
spending is insufficient to understand care delivery prac-
tices and hides a significant amount of heterogeneity.

Case 3
We plotted ICU admission in the last 30 days of life (NQF 
#0213) and non- referral to hospice (NQF #0215), and we 
colour- coded each hospital based on the heatmap cate-
gory described in case 1. We repeated this analysis for 
inpatient admission in the last 30 days of life and non- 
referral to hospice (NQF #0215) in figure 3. Neither plot 
showed a strong clustering of points in the same heatmap 
colour category. Figure 3 shows that many hospitals with 
extreme quality measure values of more than two stan-
dard deviations from the mean tended to be classified 
into the expected most extreme heatmap categories. For 
example, the Robert Wood Johnson University Hospital 
(A) was classified in the red category with high inpa-
tient and low hospice, as the quality measures suggest. 
However, figure 3 also shows many hospitals with average 
quality measures that tended to fall around the mean 

Table 1 Classification of hospital- level heatmaps into nine 
possible groups based on three hospice at home signal 
groups (low, medium, high), three measure/visit/treat at 
inpatient signal groups (high, medium, low)

Classification of
Inpatient Signals

High Medium Low

Classification of 
Hospice Signals

Low 8* 1 1

Medium 2 22* 3

High 1* 10* 6*

*Indicates that the group includes at least one hospital with a 
‘measure at outpatient’ signal.

Figure 2 A plot of total Medicare spending on the x- 
axis, and two- dimensional heatmap categories, on the y- 
axis, for each of the 54 National Cancer Institute/National 
Comprehensive Cancer Network hospitals. Hospitals with 
the ‘highest- quality’ two- dimensional heatmap category of 
low inpatient and high hospice showed the lowest spending 
pattern (low–high). Other heatmap categories, both ‘good’ 
(eg, medium–high) and ‘poor’ (eg, high–low), showed a 
large range of total Medicare spending. This figure suggests 
that (1) different care delivery patterns can lead to similar 
spending costs and (2) similar care delivery patterns can lead 
to a large range of spending.
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and within the same quadrant of univariable space were 
classified into different heatmap categories. For example, 
hospitals B, C, G and I appear close to each other based 
on their quality measures. Still, each hospital was classi-
fied into a different heatmap category. Furthermore, the 
University of Alabama Hospital (I), with average inpa-
tient admissions and non- referral to hospice, was clas-
sified into the highest quality category of low inpatient 
and high hospice use, highlighting much more heteroge-
neity within the ‘middle’ average hospitals. Thus, aggre-
gate quality measure values hide a significant amount of 
heterogeneity.

Case 4
In figure 4(1), we visualised the ‘hospice at home’ signal, 
sorted by the non- referral to hospice quality measure 
values (NQF #0215). The hospice at home signal for the 
last 4 months prior to death demonstrates the dynamic 
referral of patients into hospice over time. Even for 
centres with identical unidimensional non- referral to 
hospice values, heatmap colours highlight the hetero-
geneity in patterns leading to a similar final value at the 
time of death. To highlight this heterogeneity, figure 4(2) 
expands four hospital heatmaps with an identical 38% 
non- referral to hospice value (NQF #0215) for the day of 
death but with heterogeneous hospice heatmap signals 
over time. The first hospital shows very early referral 
starting 60 days before death with a slow increase over 
time and a very fast referral rate for the last 10 days. In 
contrast, the fourth hospital shows a later referral start 
but a faster, steady referral rate per day.

DISCUSSION
In this retrospective cohort of Medicare fee- for- service 
decedents with poor prognosis cancers who received care 
at NCI and/or NCCN cancer centres, we demonstrate the 
feasibility of developing dynamic utilisation heatmaps at 
the EOL that provide rich insight into patterns of system-
atically different EOL care for their advanced cancer 
patients. Furthermore, we illustrate that the same Medi-
care data inputs can generate more granular and poten-
tially actionable patterns of healthcare delivery utilisation 
using heatmaps that ontologically model both ‘what care 
was provided’ and ‘by whom’.

Our approach is feasible. It relies on the same data 
inputs used for calculating Dartmouth Atlas and NQF- 
type measures.26–28 It can be programmed using open- 
source software to provide quantitatively and visually 
differentiated patterns. Such an approach is responsive 
to calls by Panzer et al to provide ‘room for new methods, 
such as pursuing analysis of big data to sift through large 
amounts of data in search of hidden patterns that could 
guide creative improvements’.29 In addition, this work 
provides a concrete exemplar of integrating discrete 
event simulation and big data, described as a means of 
transforming healthcare delivery to be efficient and 
patient centred.30 We argue that by including both the 

Figure 3 A scatter plot of inpatient admission in the 
last 30 days of life by non- referral to hospice in the last 
6 months National Quality Forum (NQF) #0215, colour- coded 
with the nine inpatient- hospice heatmap classifications 
(legend). Squares represent hospitals with a high measure 
at outpatient signal. The letters represent the nine hospitals 
from figure 1. No strong clustering of points appears for 
the same heatmap colour category, even for hospitals 
within the same quadrant of univariable space (eg, B, C, G 
and I). The University of Alabama Hospital (I) with average 
unidimensional quality measures was classified into the 
highest quality category (lime), suggesting much more 
heterogeneity within the ‘middle’ average hospitals. Thus, 
aggregate unidimensional quality measures hide a significant 
amount of heterogeneity.

Figure 4 (1) Hospice at home signal for the 54 National 
Cancer Institute/National Comprehensive Cancer Network 
hospitals sorted by increasing values of non- referral to 
hospice, National Quality Forum (NQF) #0215. (2) The 
heatmaps for four hospitals with the same NQF value 
illustrate heterogeneous rates of referral to hospice over time. 
They visualise both the number of people and the length of 
time in hospice. In contrast, other metrics such as ‘mean 
hospice length of stay’ average the number of people and 
time, thus, hiding the visible heterogeneity here.
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longitudinal and multidimensional aspects of care, 
dynamic utilisation heatmaps more closely approximate 
a reference frame clinicians use to conceptualise patient 
trajectories of care.31–33 Therefore, it may more easily map 
onto how they think and make decisions about patients.

For example, Barnato et al developed an EOL intensity 
measure. They validated it as a real hospital attribute,34 yet 
as a single value, it does not provide detailed longitudinal 
information for specific services performed at distinct 
places of service. Heatmap patterns need not rely on the 
decedent follow- back method, as they can also be gener-
ated based on an index diagnosis. This is because the 
underlying heatmap methodology generates individual- 
level heatmaps that align healthcare utilisation across 
patients using either a start or end date. Furthermore, 
hospital- level heatmaps are simply the sum of aligned 
individual- level heatmaps. Consequently, several heat-
maps could be used to create informative comparative 
summary information by summing across patients within 
any patient cohort group, such as age, race, sex, diagnosis 
or any provider cohort group (such as physician group 
practice). While CMS Data Use Agreement suppression 
rules35 prohibit sharing individual- level heatmap exem-
plars here, we imagine that patient- level dynamic utilisa-
tion heatmaps could allow patients to compare their own 
historical healthcare utilisation relative to other ‘patients 
like me’.36 37 This is feasible today through the CMS Blue 
Button 2.0 digital technology, which provides Medicare 
beneficiaries access to their data and allows third- party 
developers or researchers to develop applications for 
patients to access and view their historical healthcare util-
isation.38–40 Future work will explore whether and how 
patients might use such information.

We demonstrate that we can identify meaningful differ-
ences in patterns of multidimensional healthcare delivery 
utilisation from these heatmaps. First, heatmaps relay 
potentially actionable longitudinal information other-
wise averaged out when calculating quality measures and 
spending. For example, by capturing the full referral to 
hospice behaviour over time, we can observe and poten-
tially evaluate differences between quality- improvement 
strategies. Earlier referral to hospice can now be distin-
guished from later referral to hospice; otherwise, captured 
as the same value using quality measures. Longitudinal 
information can be used to address unintended conse-
quences of quality measurement, including the perverse 
incentives that lead to gaming to improve measures arti-
ficially.41 For instance, the non- referral to hospice value 
can be artificially improved by discharging patients from 
the hospital to hospice shortly before death, leading to 
short hospice stays (ie, 7 days or less), which limits the 
clinical benefit to patients and family.42 43 In an attempt to 
capture longitudinal information, a metric measuring the 
percent of patients who died of cancer and spent fewer 
than 3 days in hospice was introduced.44 While this begins 
to bring in longitudinal information, heatmap images 
allow for the analysis of a much longer time window, espe-
cially when the effect on timing is unknown. Second, the 

multidimensional information relays the overall care of 
a population and takes into account specific behaviours 
within different parts of the overall system (inpatient, 
outpatient, etc) For example, improving access to outpa-
tient palliative care services can lead to changes in utilisa-
tion behaviour in both referral to hospice and inpatient 
or ICU use at the EOL. Taken together, the ability to visu-
alise longitudinal and multidimensional utilisation can 
more easily support system- wide strategies for improving 
EOL cancer care. System- wide strategies are especially 
valuable when different parts of the healthcare organisa-
tion have large differences between quality values, which 
may lead to varying levels of willingness to change. Unlike 
previously developed longitudinal care trajectories, which 
can represent a single variable or a set of events in a single 
variable,9 45 46 dynamic utilisation heatmaps provide longi-
tudinal and multidimensional information incorporating 
both service and resource used.

The strengths of this study include the ability to effi-
ciently combine multidimensional and longitudinal data 
to describe specific signals within a hospital, for varying 
times relative to death, that are calculated at the patient 
level and can be aggregated by several patient charac-
teristics. Nevertheless, our analysis has limitations. We 
restricted the analyses to include only beneficiaries with 
at least one inpatient admission for purposes of hospital 
attribution. Future analyses will include these beneficia-
ries by removing the hospitalisation requirement and 
attributing based on active treatment receipt, including 
home hospice, in the year prior to death. Commensu-
rate with prior work, we attributed a beneficiary’s full 
EOL treatment to a single centre at which they received 
the preponderance of EOL inpatient services,12 47–49 yet 
patients do travel to receive care from other facilities 
during the last 6 months of life. Therefore, the hospital 
patterns may not be explicitly for those delivered by the 
hospital, but they represent the patterns received by the 
patients attributed to the hospital. As healthcare finan-
cial models continue to shift from fee- for- service towards 
value- based care, we expect this limitation would provide 
very useful information to hospitals.

Dynamic utilisation heatmaps do not serve as a prescrip-
tive tool for change. Instead, they serve as a descriptive tool 
to complement on- the- ground clinical knowledge and 
provide guidance to explore causal relationships, referral 
patterns or decision- making. While dynamic utilisation 
heatmaps elucidate behaviours that emerge from a hospi-
tal’s population, these behaviours should not be attributed 
only to the providers or hospital system. Indeed, health-
care utilisation in claims simply indicates the decision 
to use service and provides no direct information about 
the level of shared decision- making between providers 
and patients and their families or individual- level pref-
erences. Therefore, when reflecting on behaviours that 
emerge from these heatmaps, it is essential to question or 
ascertain decision choices by both the providers/hospital 
system and patients and their families. The field of indus-
trial engineering and operations research uses heatmaps 
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and simulations to inform decision- making at the level 
of individual hospital processes.50–56 This paper demon-
strates the feasibility of extending these approaches by 
using administrative claims. Future work will be needed 
to explore the usability and acceptability of these heat-
maps by decision makers and to assess the validity of 
our study team’s valuations of the relative burdensome-
ness (ie, location on the y- axis) of particular place- based 
resources.

Dynamic utilisation heatmaps are not risk adjusted as 
may be typically performed for quality measures. Since 
dynamic utilisation heatmaps have real representations of 
time and quantities, it is more challenging to risk- adjust 
using classic regression models.16 Alternatively, cohorts 
could be further separated by specific patient character-
istics, because they were created on an individual patient 
level. Additionally, we focused on 54 NCI/NCCN centres 
because they set national standards for high- quality care; 
future work could analyse the community- based providers 
who provide care to most US patients with cancer.

In summary, our findings illustrate our ability to repre-
sent longitudinal and multidimensional EOL healthcare 
delivery as a heatmap image. These dynamic utilisation 
heatmaps are developed from the same administrative 
claims data used to calculate quality measures. They can 
elucidate the dynamic behaviours in EOL cancer care 
delivery in a reference frame closer to how clinicians 
conceptualise trajectories of care and thus how they think 
and make decisions about patient care. In future direc-
tions, we will develop multilayer heatmaps with each layer 
incorporating more detailed categories. Consequently, 
these rich heatmaps may provide actionable information 
for operational and clinical decision- making and high-
light when and where such decisions impact care. Finally, 
we anticipate that a holistic understanding of care will 
also be of interest to researchers, as well as to patients 
and their families.
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