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Abstract
Background: When older adult patients with hip fracture (HFx) have unplanned hospital readmissions within 30 days of
discharge, it doubles their 1-year mortality, resulting in substantial personal and financial burdens. Although such unplanned
readmissions are predominantly caused by reasons not related to HFx surgery, few studies have focused on how pre-existing
high-risk comorbidities co-occur within and across subgroups of patients with HFx.
Objective: This study aims to use a combination of supervised and unsupervised visual analytical methods to (1) obtain an
integrated understanding of comorbidity risk, comorbidity co-occurrence, and patient subgroups, and (2) enable a team of clinical
and methodological stakeholders to infer the processes that precipitate unplanned hospital readmission, with the goal of designing
targeted interventions.
Methods: We extracted a training data set consisting of 16,886 patients (8443 readmitted patients with HFx and 8443 matched
controls) and a replication data set consisting of 16,222 patients (8111 readmitted patients with HFx and 8111 matched controls)
from the 2010 and 2009 Medicare database, respectively. The analyses consisted of a supervised combinatorial analysis to identify
and replicate combinations of comorbidities that conferred significant risk for readmission, an unsupervised bipartite network
analysis to identify and replicate how high-risk comorbidity combinations co-occur across readmitted patients with HFx, and an
integrated visualization and analysis of comorbidity risk, comorbidity co-occurrence, and patient subgroups to enable clinician
stakeholders to infer the processes that precipitate readmission in patient subgroups and to propose targeted interventions.
Results: The analyses helped to identify (1) 11 comorbidity combinations that conferred significantly higher risk (ranging from
P<.001 to P=.01) for a 30-day readmission, (2) 7 biclusters of patients and comorbidities with a significant bicluster modularity
(P<.001; Medicare=0.440; random mean 0.383 [0.002]), indicating strong heterogeneity in the comorbidity profiles of readmitted
patients, and (3) inter- and intracluster risk associations, which enabled clinician stakeholders to infer the processes involved in
the exacerbation of specific combinations of comorbidities leading to readmission in patient subgroups.
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Conclusions: The integrated analysis of risk, co-occurrence, and patient subgroups enabled the inference of processes that
precipitate readmission, leading to a comorbidity exacerbation risk model for readmission after HFx. These results have direct
implications for (1) the management of comorbidities targeted at high-risk subgroups of patients with the goal of pre-emptively
reducing their risk of readmission and (2) the development of more accurate risk prediction models that incorporate information
about patient subgroups.
(JMIR Med Inform 2020;8(10):e13567) doi: 10.2196/13567
KEYWORDS
unplanned hospital readmission; visual analytics; bipartite networks; precision medicine

Introduction
Background
Although it is well known that hip fractures (HFx) in older
adults are a leading cause of morbidity, long-term functional
impairment, and mortality [1], these outcomes are exacerbated
when such patients are readmitted to the hospital within 30 days
of hospital discharge after surgery, in addition to doubling their
risk of 1-year mortality [2].
While many readmissions are unavoidable, unplanned hospital
readmissions can easily negate the functional gains painstakingly
achieved through weeks of post–acute rehabilitation and can
increase the risk of infections acquired during hospital stays
[3]. This loss is over and above the costs to caregivers and
relatives who have to relive the stress of the original HFx
episode, reorganize their work schedules to care for the patient,
resulting in loss of productivity, and restart rehabilitation after
discharge [3]. Across all conditions, unplanned readmissions
cost almost US $17 billion annually in the United States [4],
making them an ineffective use of costly resources and therefore
closely scrutinized as a marker for poor quality by the Centers
for Medicare & Medicaid Services (CMS) [5]. Consequently,
the CMS instituted the Hospital Readmissions Reduction
Program (HRRP) [6], which has imparted penalties on hospitals
if their 30-day readmission rates exceeded the national average.
Although such incentives initially appeared to improve the
readmission rates in US hospitals [7], recent reports argue that
the start of the HRRP coincided with an increase in mortality
among older adults [6,8]. This could have been because, as
hospitals tightened their policies for readmission, many older
adult patients were denied care, resulting in increased mortality.
Furthermore, the decrease in readmission rates might merely
reflect changes in the administrative and billing practices rather
than an improvement in care [9]. These results suggest a need
for more targeted research to comprehend the processes that
precipitate readmission and clinical interventions that address
the underlying causes of hospital readmission.

Methods Used to Analyze the Risk of Pre-Existing
Comorbidities in Hospital Readmission
As hospital readmissions in the older adult HFx population are
predominantly for reasons not related to the HFx surgery [10],
several studies have focused on using supervised machine
learning methods to determine how pre-existing comorbidities
(defined as one or more conditions or diseases co-occurring
with a primary condition such as HFx) increased the risk of
readmission [2,10-14]. Most of these studies have focused on
https://medinform.jmir.org/2020/10/e13567
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using logistic regression to analyze the risk of readmission of
single comorbidities. For example, a recent study using
Medicare data conducted for the CMS, analyzed patients with
total hip or total knee arthroplasty to construct a logistic
regression model with variables including 29 comorbidities to
predict readmission [14]. Although the above descriptive and
predictive approaches have provided important insights into the
role of comorbidities in the readmission of patients with HFx,
such studies do not focus on understanding how multiple
comorbidities co-occur within and across subgroups of patients,
a critical step in the design of targeted interventions to reduce
readmissions.
Although the co-occurrence of pre-existing comorbidities has
not yet been analyzed in readmitted patients with HFx, it has
been analyzed in other index conditions [15-18], such as chronic
obstructive pulmonary disease (COPD), and in patient
populations, such as in older adults [19-21]. Such studies have
focused on using unsupervised machine learning methods such
as clustering (eg, hierarchical and partitioning clustering),
dimensional reduction methods (eg, principal component
analysis), and visual analytics (eg, network visualization and
analysis). These include a recent questionnaire-based study of
senior Australians that compared several unsupervised clustering
methods to analyze patterns of multimorbidities (2 or more
co-occurring conditions or diseases irrespective of an index
condition) in the population [20]. The results found frequent
co-occurrences, such as high blood pressure and diabetes, across
the study population. Another study used unipartite networks
(where nodes represented comorbidities, and edges between
pairs of comorbidities represented the frequency of
co-occurrence in patients) to identify clusters of frequently
co-occurring comorbidities [21].
Although these studies have revealed the feasibility and
appropriateness of using unsupervised methods to analyze the
co-occurrences of comorbidities, they have typically focused
on a unipartite analysis (clustering of only comorbidities) of
the data and therefore cannot reveal complex patterns of patient
heterogeneity hidden within those co-occurrences. Furthermore,
such analyses cannot reveal the nature and degree of overlap
among such subgroups. Understanding the complexities in such
overlapping patient subgroups and their risk for readmission
has direct relevance to clinician stakeholders in inferring the
underlying processes involved in precipitating readmission and
for the design of targeted interventions to reduce the risk of
readmission.
Therefore, we explored an approach that integrates a supervised
combinatorial method with an unsupervised bipartite network
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to address 3 questions: (1) Which combinations of comorbidities
confer high risk for readmission in patients with HFx? (2) How
do high-risk comorbidities co-occur within and across subgroups
of readmitted patients with HFx? (3) What is the association
between comorbidity risk, comorbidity co-occurrence, and
patient subgroups?

Methods
Overview
As shown in Figure 1, we addressed our 3 research questions
by using a supervised machine learning method to address the
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first question, an unsupervised visual analytical method to
address the second question, and an integrated visualization of
both results to address the third question. Our goal was to
analyze which combinations of comorbidities confer high risk
for readmission and how those high-risk comorbidities co-occur
within and across patient subgroups. This integrated visual
analytical approach was designed to explicitly enable clinician
stakeholders using a team-centered informatics [22] approach
to comprehend the complex association of comorbidity risk,
comorbidity co-occurrence, and patient subgroups, with the
goal of designing targeted interventions, a cornerstone of
precision medicine.

Figure 1. Overview of the analytical method based on 3 research questions. The steps and data shown are schematic to illustrate the overall approach
and are elaborated on in the analytical method section.

Data Selection
Our data consisted of a training data set extracted from the
2010 inpatient Medicare claims data (the most current Medicare
data set to which we had access) and a replication data set
extracted from the 2009 inpatient Medicare claims data (the
next most current dataset). In 2010, Medicare provided health
insurance to approximately 48 million Americans, of which 40
million were older adults (≥65 years), representing 93% of all
older adult Americans. Furthermore, the eligible claims were
from 6204 medical institutions from across the United States,
thereby confirming this to be one of the few data sets that are
highly representative of the US older adult population and its
care.
https://medinform.jmir.org/2020/10/e13567
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As is commonly done in analytical studies of claims data, we
used Medicare Severity-Diagnosis Related Group (MS-DRG)
codes to define our population. The MS-DRG codes are used
by physicians to categorize Medicare beneficiaries into payment
groups for the purposes of billing. We operationally defined
patients with HFx as those who were discharged from an acute
care hospital with the MS-DRG codes 480, 481, or 482. To
isolate the association of pre-existing comorbidities with the
risk of readmission and to maintain homogeneity of our study
population, we included only patients without hospital
complications. Furthermore, we included only patients who
were enrolled in Medicare part A but not in a health maintenance
organization (a type of health insurance that limits coverage to
care from contracted doctors) during the period of 90 days after
JMIR Med Inform 2020 | vol. 8 | iss. 10 | e13567 | p. 3
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discharge, in addition to patients who survived 90 days after
hospital discharge.
For both the training and replication data sets, we extracted (1)
the data of all patients with HFx without hospital-acquired
complications who were readmitted within 30 days of discharge
and (2) an equal number of controls matched for age, gender,
and race, who were not readmitted within 90 days of discharge.
This 90-day window of no readmittance represents an episode
of care proposed by CMS for patients with HFx [23], indicating
that the controls are substantially free from complications that
result in readmission during this period, thereby allowing an
effective comparison with the cases.
The above inclusion and exclusion criteria for patients resulted
in a training data set consisting of 16,886 patients (8443 cases
and 8443 controls), and a replication data set consisting of
16,222 patients (8111 cases and 8111 controls) for a total of
33,108 patients with HFx (Multimedia Appendix 1). For each
of the above patients, we extracted their status on 70 high-level
comorbidities (Multimedia Appendix 2) as defined by
hierarchical condition categories (HCCs) [24], which represent
the range of conditions typically encountered in older adults.
As our index condition was HFx, we excluded it as a
comorbidity, resulting in the status of 69 HCC comorbidities
across 33,108 patients with HFx in the Medicare database. This
retrospective study was approved by the Institutional Review
Board of the University of Texas Medical Branch. The Medicare
data files used for the study were in the research identifiable
format, and the records were anonymized and deidentified before
the analysis. Therefore, the analysis of the data did not require
informed consent. Furthermore, a data use agreement was
completed, which met all CMS privacy and confidentiality
requirements.

Analytical Methods Based on Research Questions
Which Combinations of Comorbidities Confer High Risk
for Readmission in Patients With HFx?
To address this research question, we used a supervised
combinatorial method to identify and replicate comorbidities
that conferred high risk for readmission. Combinatorial methods
have been used to analyze the prevalence of comorbidity
combinations [19] and the risk of developing multimorbidities
[25]. Here, we used the latter approach to identify which
combinations of comorbidities confer significant risk for
readmission. This analysis was performed first to base all
subsequent analyses on only those comorbidities that were
significant and replicated in another year.
We identified high-risk comorbidities in the training data set
consisting of 16,886 patients (8443 cases and 8443 controls)
by first removing all cases and controls that had none of the 69
comorbidities, resulting in 13,644 patients. Furthermore, similar
to other studies on comorbidities [20], we removed 32
low-prevalence comorbidities that together occurred in less than
1% of the remaining patients (Multimedia Appendix 3), resulting
in 13,512 patients in the training data set.
Next, we calculated the risk of remaining comorbidities across
patients. As the patients had a median of 2 comorbidities in the
https://medinform.jmir.org/2020/10/e13567
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HCC list, we measured the risk of all pairs of comorbidities
using 2 tests. First, we used a pairwise overall test that
measured the odds ratio (OR) of each pair of the 69
comorbidities compared with the rest of the patients and reported
95% confidence intervals. Second, we selected those pairs that
were significant at P<.05 after correcting for multiple testing
using the false discovery rate (FDR) method [26]. For each of
the above comorbid pairs that were significant, we used a
pairwise directionality test to determine the direction of their
risk. Here, we conducted 2 tests: (1) A and B versus A and (2)
A and B versus B, where A and B represent the sets of patients
with comorbidities A and B, respectively. Within each test, we
used the FDR to correct for multiple testing and considered
P<.05 after adjustment to be significant.
To test for replication of the significance and direction of the
comorbidity pairs, we repeated the above analyses using the
replication data set. As the patients in the test data also had a
median of 2 comorbidities, we analyzed which of the significant
pairs in the training data were also significant and had the same
risk direction in the replication data set. Significant comorbidity
pairs that had an identical direction of risk in each data set were
selected for subsequent analyses. All tests of statistical
significance were two-sided, and the analyses were performed
using R version 3.6.1 (R Foundation for Statistical Computing;
Multimedia Appendix 4).

How do High-Risk Comorbidities Co-Occur Within and
Across Subgroups of Readmitted Patients With HFx?
To analyze how the above significant and replicated pairs
co-occurred in readmitted patients with HFx, we used
unsupervised bipartite networks. As shown in Figure 2, a
network consists of nodes and edges; nodes represent one or
more types of entities (eg, patients or comorbidities), and edges
between the nodes represent a specific relationship between the
entities. As shown in the upper left-hand part of Figure 2, a
unipartite network has nodes that are of the same type (typically
used to analyze co-occurrence of comorbidities [21]). In
contrast, as shown in the lower left-hand part of Figure 2, a
bipartite network has nodes that are of 2 types, and edges exist
only between the 2 types, such as between patients (circles) and
comorbidities (triangles). This quantitative and visual
representation, which integrates patients and their comorbidities
in a single representation, enables stakeholders to infer the
mechanisms in each patient subgroup, a corner stone of precision
medicine.
To analyze the data, we used the following steps: (1) represented
the data as a bipartite network where nodes represented either
patients or comorbidities, and the edges represented the presence
or absence of a comorbidity; (2) identified patient subgroups
and their most frequently co-occurring comorbidities using
bicluster modularity [27,28] and tested its significance through
comparisons with 1000 random permutations of the data; (3)
used the Rand index (RI) [29] to measure the similarity of
comorbidity co-occurrence between the training and replication
data sets, and tested the RI significance; and (4) used the
ExplodeLayout algorithm [30] to separate the biclusters, with
the goal of reducing the visual overlap among them, thereby
enhancing their comprehensibility.
JMIR Med Inform 2020 | vol. 8 | iss. 10 | e13567 | p. 4
(page number not for citation purposes)

JMIR MEDICAL INFORMATICS

Bhavnani et al

Figure 2. The distinction between a unipartite network, a bipartite network, and how the latter can be used to identify biclusters of patients and
comorbidities.

What is the Relationship Between Comorbidity Risk,
Comorbidity Co-Occurrence, and Patient Subgroups?
CoRisk Network Analysis: Integration of Risk,
Co-Occurrence, and Patient Subgroups
The results from the supervised risk analysis and the
unsupervised bipartite network analysis were integrated into a
single network visualization. This was achieved by representing
the high-risk and replicated pairs and their direction (identified
in research question 1) using a directed unipartite network,
where nodes represented the comorbidities and directed edges
represented the direction of that risk. This unipartite network
was superimposed onto the bipartite network of readmitted
patients with HFx and comorbidities (described in research
question 2) resulting in a co-occurrence risk (CoRisk) network.
We define this CoRisk network visualization as the merging of
2 networks: (1) a bipartite network consisting of nodes
representing patients and comorbidities, with edges representing
their pairwise relationship and (2) a comorbidity risk network
consisting of weighted directed edges between the comorbidities
representing the risk and direction of significant and replicated
comorbidity pairs. This integration of the supervised and
unsupervised analytical results was designed to enable clinician
stakeholders to interpret the relationship between high-risk pairs
of comorbidities, their co-occurrence, and patient subgroups.
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Clinical Interpretation of CoRisk Network
The CoRisk network was presented to a stakeholder team
specializing in geriatrics and hospital re-admission, in addition
to a biostatistician, who together examined the clinical
meaningfulness of the risk, co-occurrence, and patient
subgroups. The stakeholders were asked to visually analyze the
CoRisk network and use their domain knowledge to (1) infer
the underlying process that precipitated re-admission and (2)
provide corroborative evidence from published literature to
support their inferences.

Results
In this section, we present the results of our analysis based on
the 3 research questions:

Which Combinations of Comorbidities Confer High
Risk for Readmission in Patients With HFx?
As shown in Table 1, the pairwise overall test identified 24
pairs (all rows shown in the table) that were significant in the
training data set. Furthermore, the pairwise directionality test
identified 10 pairs that were significant in both directions, 13
that were significant only in one direction, and 1 that was not
significant in either direction (for clarity, only significant results
are shown for the pairwise directionality test in Table 1).
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Table 1. The 24 comorbidity pairs that had significantly higher risk for readmission in the training data set, of which 11 replicated (serial number pairs
1-11) in the test data by being significant in the same direction.
Serial
number

Comorbidity pair
A

B

Pairwise overall test

Pairwise directionality test

(A&B) vs (A + B + not A &
not B)

(A&B) vs A

ORa
(95% CI)

False discovery
rate P valu

OR (95%
CI)

(A&B) vs B
False discovery
rate P value

OR (95% False discovery
CI)
rate P value

1

CHFb

COPDc

1.62
(1.401.89)

<.001

1.24 (1.05- .019
1.47)

1.36
(1.151.61)

.004

2

CHF

MCMCTd

1.81
(1.462.25)

<.001

1.38 (1.10- .01
1.73)

1.33
(1.051.69)

.03

3

CHF

Renal failure (I- 1.49
V)
(1.311.70)

<.001

NSe

1.34
(1.151.55)

.003

4

CHF

Stroke

1.99
(1.402.83)

.005

1.50 (1.05- .04
2.14)

NS

NS

5

Diabetes (without CHF
complications)

1.47
(1.251.73)

<.001

1.53 (1.28- .000
1.83)

NS

NS

6

Arrhythmias

Renal failure (I- 1.38
V)
(1.201.60)

.001

NS

1.20
(1.021.41)

.04

7

RF(I-V)

MCMCT

1.59
(1.281.96)

.001

1.37 (1.10- .01
1.71)

NS

NS

8

COPD

Renal failure (I- 1.46
V)
(1.221.74)

.002

NS

1.26
(1.041.52)

.03

9

Diabetes (without COPD
complications)

1.47
(1.211.77)

.004

1.49 (1.22- .001
1.83)

NS

NS

10

Stroke

Renal failure (I- 2.39
V)
(1.553.69)

.004

NS

2.04
(1.323.17)

.005

11

Vascular disease

MCMCT

2.03
(1.392.98)

.009

1.70 (1.13- .02
2.53)

NS

NS

12

CHF

Arrhythmias

1.46
(1.301.64)

<.001

NS

1.25
(1.091.43)

.005

13

Arrhythmias

COPD

1.62
(1.381.89)

<.001

1.36 (1.15- .002
1.62)

1.34
(1.121.60)

.005

14

Arrhythmias

Stroke

2.23
(1.633.04)

<.001

1.85 (1.35- .001
2.54)

NS

NS

15

Stroke

COPD

3.18
(1.875.41)

.001

2.03 (1.15- .02
3.60)

2.56
(1.504.36)

.004

16

Arrhythmias

Hemiple2.18
gia/hemiparesis (1.513.16)

.002

1.80 (1.24- .006
2.62)

2.12
(1.383.25)

.004
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NS
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NS

NS
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Comorbidity pair
A

a

B
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Pairwise overall test

Pairwise directionality test

(A&B) vs (A + B + not A &
not B)

(A&B) vs A

ORa
(95% CI)

False discovery
rate P valu

OR (95%
CI)

(A&B) vs B
False discovery
rate P value

OR (95% False discovery
CI)
rate P value

17

Angina

Arrhythmias

1.85
(1.382.49)

.003

1.92 (1.38- .001
2.68)

1.53
(1.132.07)

.02

18

CHF

Hemiple2.25
gia/hemiparesis (1.493.40)

.005

1.70 (1.12- .02
2.57)

2.11
(1.333.34)

.005

19

Cardio-respirato- CHF
ry failure

1.65
(1.282.13)

.005

1.70 (1.25- .003
2.31)

NS

NS

20

Vascular disease

Renal failure (I- 1.63
V)
(1.272.10)

.005

1.39 (1.04- .04
1.85)

1.40
(1.081.81)

.02

21

COPD

MCMCT

1.58
(1.242.03)

.01

NS

NS

NS

22

Septicemia/shock Renal failure (I- 2.51
V)
(1.494.22)

.02

2.85 (1.47- .006
5.52)

2.14
(1.273.61)

.01

23

Intestinal obstruc- Arrhythmias
tion

2.36
(1.453.84)

.02

2.17 (1.25- .01
3.77)

1.94
(1.183.17)

.02

24

Stroke

Hemiple1.78
gia/hemiparesis (1.262.53)

.04

NS

1.63
(1.082.46)

.03

NS

NS

OR: odds ratio.

b

CHF: congestive heart failure.

c

COPD: chronic obstructive pulmonary disease.

c

MCMCT: major complications of medical care and trauma.

d

NS: not significant.

Next, we identified which of the above 24 pairs replicated by
identifying comorbidity pairs that were identical in their
significance and direction in the replication data set. As shown
in Table 1, of the 24 pairs, 11 pairs (highlighted in blue and
pink) replicated in the replication data set. Of these, 2 pairs
(serial number pairs 1-2) were significant in both directions,
and 9 pairs (serial number pairs 3-11) were significant only in
one direction. The overlapping pairs resulted in 8 unique
comorbidities: congestive heart failure (CHF), COPD, major
complications of medical care and trauma (MCMCT), RF I-V,
stroke, diabetes without complications (diabetes), arrhythmias,
and vascular disease.
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How Do High-Risk Comorbidities Co-Occur Within
and Across Subgroups of Readmitted Patients With
HFx?
Visualization
To comprehend how high-risk comorbidities co-occurred across
patients, we conducted a bipartite network analysis. The nodes
consisted of the 8 significant and replicated comorbidities
implicated in risk for readmission from the above combinatorial
analysis, and all readmitted patients with HFx with at least one
of those comorbidities (n=6150). As shown in Figure 3, the
bipartite network analysis revealed 7 biclusters of patients and
high-risk comorbidities.
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Figure 3. Bipartite network of significant and replicated comorbidities and re-admitted patients with HFx from the training data set.

Quantitative Verification and Layout Refinement
The network had a modularity of 0.440, which was significant
(P<.001; Medicare=0.440; random mean 0.383 [0.002])
compared to 1000 random permutations of the network while
preserving the network size (number of nodes) and network
density (number of edges). The corresponding network
generated from the replication data set also had 7 biclusters, a
modularity of 0.444, which was also highly significant (P<.001;
Medicare=0.444; random mean 0.379 [0.002]) compared to
1000 random permutations of the data while preserving network
size and density.

Replication of Modularity and Comorbidity
Co-Occurrence
The co-occurrence of comorbidities within and across clusters
(as measured by the RI) between the training and replication
data sets was significant (P=.02; Medicare=0.929; random mean
0.869 [0.027]), indicating a strong similar and significant
co-occurrence pattern of comorbidities in the 2 networks. The
training and test bipartite networks were therefore strongly
biclustered (as measured by the similarly high biclustered
modularity), highly significant (as measured by the permutation
test), had a similar pattern of co-occurrence (as measured by
the RI and its significance), and had the same number (7) of
biclusters.
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Although the above quantitative analysis revealed a significant
and replicated overall clustered topology, a visual analysis of
the network revealed 2 important patterns related to comorbidity
co-occurrence and heterogeneity within patient subgroups:
Comorbidity Co-Occurrence
As shown in Figure 3, 6 comorbidities belonged to
single-comorbidity biclusters, whereas 2 comorbidities
co-occurred in the same cluster. This indicates that although
many patients in one bicluster had comorbidities in another (as
shown by the many edges between the clusters), the bicluster
overlap in most cases was not strong enough to pull
comorbidities into the same bicluster. One exception was the
bicluster with RF and diabetes, where there were many patients
with both, resulting in them being pulled together into the same
bicluster.
Heterogeneity Within Patient Subgroups
As shown in Figure 3, each bicluster had a set of patients with
only one comorbidity (in the outer side of the bicluster), and
another set of patients with more than one comorbidity (in the
inner side of the bicluster), revealing an additional level of
heterogeneity within each bicluster. As shown in Table 2, the
biclusters had different proportions of one or more
comorbidities. For example, only 30% of patients in the
arrhythmia bicluster had more than one high-risk comorbidity
compared with 78% of patients in the vascular disease cluster.
This bicluster-specific heterogeneity, as measured by the ratio
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of patients with one to many comorbidities, was significantly
different across the 7 biclusters (X26=868.6; N=6150; P<.001).

the patient heterogeneity at the network-wide level and at the
bicluster-specific level, revealing the real-world variations in
the comorbidity profiles of patients with HFx.

The bipartite network analysis therefore not only revealed how
the comorbidities co-occurred across patient subgroups but also
Table 2. The number of patients with one or more comorbidities across the 7 biclusters (patients with one comorbidity in the RF and diabetes bicluster
had either RF or diabetes).

a

Number of comorbidi- CHFa, n (%)
ties

Arrhythmia, n Stroke, n
(%)
(%)

MCMCTb,
n (%)

COPDc, n
(%)

Vascular disease, n (%)

Renal failure
and diabetes, n
(%)

Total, n (%)

Comorbidities=1

536 (50)

545 (69.8)

37 (13.7)

337 (39.4)

510 (41.3)

114 (21.7)

1062 (75.32)

3141 (51.07)

Comorbidities>1

536 (50)

236 (30.2)

233 (86.3)

518 (60.6)

726 (58.7)

412 (78.3)

348 (24.7)

3009 (48.93)

Total

1072 (100)

781 (100)

270 (100)

855 (100)

1236 (100)

526 (100)

1410 (100)

6150 (100)

CHF: congestive heart failure.

b

MCMCT: major complications of medical care and trauma.

c

COPD: chronic obstructive pulmonary disease.

What is the Relationship Between Comorbidity Risk,
Comorbidity Co-Occurrence, and Patient Subgroups?
As shown in Figure 4, the CoRisk network revealed how the
high-risk pairs were (1) related to each other, (2) their
directionality, and (3) how they were related to the patient
subgroups. This integrated network enabled stakeholders to
identify 2 sets of comorbidities. The first set (diabetes and RF)
consisted of comorbidities that can have multi-organ
consequences and is therefore referred to as systemic diseases.
In contrast, the second set (CHF, arrhythmia, stroke, MCMCT,
COPD, and vascular disease) consisted of comorbidities that
had mainly organ-specific consequences. For example, while
cardiac arrhythmia could potentially have systemic
consequences, this comorbidity is specific to the
electrophysiological properties of the heart.
As the clinician stakeholders were most interested in the
interrelationship of risk between multi-organ and organ-specific
comorbidities, we bolded all the edges that started from an
organ-specific comorbidity (CHF, arrhythmia, stroke, MCMCT,
and COPD) and ended at a multi-organ comorbidity (RF or
diabetes). As shown in Figure 4, all the remaining edges pointed
toward RF and diabetes, forming an asymmetrical hub (more
edges pointing in than those pointing out). This meant that the
implicated pairs connecting the nodes had significantly higher
risk compared with RF and diabetes alone, but not significantly
higher risk compared with the other members of the pair. For
example, the directed edge starting from COPD and pointing
to diabetes indicated that patients with COPD and diabetes have
a significantly higher risk compared with diabetes alone, but
not a significantly higher risk compared with COPD alone.
The asymmetrical risk hubs of RF and diabetes suggested that
because they have multi-organ consequences, their outcomes
are largely chronic and therefore require considerable severity
on their own before they become the sole risk factors for
readmission (note that the HCC definition of RF has a wide
range from Stage I to V, possibly resulting in several patients
with RF being in the early stages). However, when they co-occur
with an organ-specific disease such as CHF, arrhythmia, stroke,
https://medinform.jmir.org/2020/10/e13567
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MCMCT, or COPD, it can exacerbate those pre-existing
conditions leading to a significantly higher risk of readmission.
This pattern of asymmetrical risks resulted in the following
hypothesis for a 2-tiered comorbidity exacerbation risk model
with significantly higher risk at each subsequent tier:
1.
2.

Tier 1 risk (only multi-organ comorbidities): RF, diabetes.
This tier consists of patients in the RF-diabetes cluster.
Tier 2 risk (multi-organ plus organ-specific comorbidities):
RF plus CHF or arrhythmia or stroke or MCMCT or COPD
(patients in the inner part of the biclusters) in addition to
patients with CHF, arrhythmia, stroke, MCMCT, or COPD
(patients in the outer part of the respective biclusters).

Combining the above risk model with their own domain
experience, the physician and the occupational therapist on the
stakeholder team inferred hypotheses for the processes
precipitating readmission in patients with HFx and provided
corroborative evidence from the literature to support their
inferences. They noted that when a patient is discharged from
a hospital after an HFx surgery, the standard-of-care in
generating discharge notes and order sets is focused on wound
healing, postoperative delirium, mobilization, rehabilitation,
and nutritional needs [31,32]. However, despite these guidelines,
older adult patients, particularly those in skilled nursing
facilities, regularly suffer from dehydration and malnutrition
[33-37]. These conditions can worsen compromised renal
function [38] as well as glycemic control in diabetics, ultimately
triggering the deterioration of existing organ-specific
comorbidities such as CHF and COPD [39-41]. Unfortunately,
by the time symptoms of exacerbation in comorbidities are
detected, the patient’s health may have considerably declined,
requiring urgent care, triggering an unplanned hospital
readmission.
The nurse practitioner on the stakeholder team further stated
that a contributing factor to the above cascade of events could
be the lack of multidisciplinary care when patients with HFx
are discharged after surgery. As stated in a recent review [42],
HFx management “requires physicians to anticipate problems
that may arise during recovery, whether the complications are
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(page number not for citation purposes)

JMIR MEDICAL INFORMATICS
from hip fracture and immobility, exacerbations of chronic
diseases, or problems with social and psychological support...it
takes a team of dedicated professionals working together
seamlessly to deliver care appropriate for patient goals, and to
maximize recovery.” In fact, although an increase in the number
of registered nurses and multidisciplinary care teams has been
associated with reduced 30-day readmission rates and improved
health outcomes [43-45], such post–acute care is not yet
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widespread. The results of the analysis, combined with domain
experience and corroborating evidence, enabled the clinician
stakeholders to infer that the generation of discharge notes and
order sets before discharge and the level of multidisciplinary
care after discharge could be prime targets for reducing the risk
of hospital readmission in specific subgroups of patients with
HFx.

Figure 4. CoRisk network showing the integrated results from the supervised combinatorial analysis and the unsupervised bipartite network analysis.
The numbers on the nodes refer to the odds ratios of comorbidities that were significantly associated to 30-day readmissions, the numbers on the edges
refer to the ORs of pairs that were significant based on the pairwise overall test, and the direction of the edges represent the pairs that were significant
and replicated in the same direction based on the pairwise directionality test. CHF: congestive heart failure; COPD: chronic obstructive pulmonary
disease; w/o compl: without complications; MCMCT: major complications of medical care and trauma.

Discussion
Implications for Designing Targeted Interventions and
Predictive Models
Our approach to integrate the results from supervised and
unsupervised approaches into the CoRisk network helped to
reveal (1) the overlap among the high-risk pairs, resulting in
the stakeholders identifying the asymmetrical hub, and (2) the
relationship of high-risk pairs to the network-wide and
bicluster-specific patient heterogeneity. These results enabled
the clinician stakeholders to infer hypotheses about the processes
that precipitate readmission through a comorbidity exacerbation
risk model. These results have the following implications for
the design of interventions and predictive modeling.
https://medinform.jmir.org/2020/10/e13567
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Design of Postoperative Interventions
When a patient with HFx is discharged, the discharge notes and
order sets could state which of the seven high-risk pre-existing
comorbidities exist in the patient, with the respective
recommendations for recognizing the early signs of the
worsening of those comorbidities. For example, patients with
RF should be monitored by rehabilitation or home health
providers for urine output or weight gain, and those with
diabetes should have more than usual monitoring of blood
glucose during the convalescent period. However, patients with
both RF and CHF should have their volume status more closely
monitored, as they are more likely to develop an acute CHF
exacerbation than patients with CHF alone. This is because
patients with RF have a reduced ability to regulate the volume
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status and small fluctuations can precipitate acute CHF
exacerbation, resulting in cardiorenal syndrome [46].

understanding of the domain, which might miss important
patterns in the data.

Furthermore, rehabilitation providers (physical therapists,
physicians, registered nurses, and social workers) should be
specifically trained to recognize and report changes in physical
status, such as reduced oral intake, which might be an early
warning of impending exacerbation of the specific comorbidities
identified in the analysis. Finally, given the scarcity of rehab
resources, clinicians could use the 2-tiered significant risk profile
discussed above in triaging care, such as conducting more
frequent evaluations of patients with HFx with COPD and RF
compared with those with only RF. Future clinical trials could
test whether improved discharge notes and order sets, in addition
to early identification and treatment of worsening comorbidities
through multidisciplinary team monitoring, can help to reduce
the risk of readmission in patients with HFx.

In contrast to the above approach of selecting patient subgroups,
we believe our approach can enable the automatic identification
of patient stratification that is data-driven and furthermore tested
for significance and replicability, as we have demonstrated.
Such information could then be used to develop stratified
regression models to test whether they reveal heterogeneity in
prediction accuracy for one or more patient subgroups. For
example, stratified regression models could be developed and
tested for each of the 7 clusters shown in Figure 3. Furthermore,
given that each of the clusters had an outer subgroup (with only
one high-risk comorbidity) and an inner subgroup (with more
than one high-risk comorbidity), future regression models could
also be targeted at each of these subgroups within biclusters,
depending on their prevalence. Finally, each of the above
regression models could test for interactions among the 11
high-risk comorbidity pairs shown in Table 1.

Design of Preoperative Interventions
The results also suggest that combinations of high-risk
comorbidities could be used to fine-tune the current criteria to
select patients who should undergo HFx surgery. For example,
certain comorbidity combinations could simply reflect the
overall poor performance status of a patient, for whom
postoperative interventions, no matter how robust, might end
up being largely ineffective in preventing readmission. Future
models could identify which subsets of patients have such
unmodifiable readmission risks that outweigh the benefits of
surgery and therefore could be better served with more
conservative approaches.

Design of Predictive Models
The bipartite network analysis of patients and comorbidities
showed significant and replicated heterogeneity among the
readmitted patients based on their comorbidity profiles.
However, current logistic regression models designed to predict
readmission do not consider such heterogeneity in readmitted
patients. For example, the regression model developed for CMS
to predict readmission in arthroplasty or hip replacement patients
[14] uses a single model to predict readmission for all patients.
Although this model was an important advancement in
predicting readmission in this population, it assumes that all
patients can be modeled using a uniform set of coefficients for
the same variables, an assumption that could conceal
heterogeneity in readmitted patients and affect the accuracy of
prediction in patient subgroups.
As stated by the biostatistician on the stakeholder team, a
common approach to address such heterogeneity is to develop
stratified regression models [47,48], one for each stratum of the
population. The mathematical intuition underlying stratified
regression models is that regression models can achieve a better
fit to subsets of the data that are homogenous compared with a
single regression model that is fitted to all of the data. For
example, recognizing that races have different risks for
developing type 2 diabetes, a recent study demonstrated that
race-stratified regression models resulted in improved prediction
accuracy for a racial subgroup [47]. However, such patient
stratifications are typically selected based on an a priori
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Improvements achieved through stratified regression models
are dependent on a host of factors, including the degree of
homogeneity in patient subgroups, the adequacy of sample size
within those subgroups, and the tradeoff between prediction
accuracy and model complexity. Future research should,
therefore, determine whether stratified regression models based
on automatically identified patient subgroups can produce more
robust predictive models for hospital readmission.

Strengths and Limitations
The strength of this study is that we integrated the results from
well-known methods with novel approaches, which together
enabled a deeper understanding of the associations between
risk, co-occurrence, and subgroups. This in turn led to insights
related to targeted interventions (a critical goal of precision
medicine), in addition to the design of predictive models.
Furthermore, the analytical results were replicated in another
year, demonstrating its generalizability. Critical to this process
was the team-centered informatics approach [22] we pursued
at each step of the project, which used intuitive visual analytical
representations to span the disciplinary boundaries of clinicians
and methodology stakeholders, enabling them to comprehend
and address the complexity in a large data set.
A limitation of this study is that we tested the method on just
one index condition, and our ongoing research [49] is testing
the approach on other index conditions. Furthermore, the
interpretability of the clusters could be enhanced by constructing
additional figures wherein the patient nodes are colored based
on covariates important to hospital readmission (eg, age, gender,
race, length of hospital stay, and reason for readmission), in
addition to determining which of them are significantly higher
and lower across the clusters. Finally, the prevalence and
severity of comorbidities may vary in patients receiving care
in clinics, acute care hospitals, skilled nursing facilities, and
nursing home settings. Therefore, future research should analyze
whether the results vary across different care settings.
Fully cognizant that few data sets are without limitations, we
consciously chose to analyze Medicare data because of its scale
(enabling us to have adequate numbers of patients when
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analyzing patient heterogeneity), availability of data over
multiple years (enabling us to test external replicability), and
generalizability (enabling us to analyze data from patients and
hospitals across the United States). However, given that
Medicare data are collected mainly for administrative purposes,
it has well-known limitations, including the lack of test results,
which could enable a finer understanding of the severity of
comorbidities. Furthermore, comorbidities associated with
mental health are known to be undercoded in the Medicare
database, which could bias our results. Therefore, when clinical
data across hospitals become available in future (eg, through
the PCORnet [50] funded by the Patient-Centered Outcomes
Research Institute [PCORI] and through the Accrual to Clinical
Trials network [51] funded by the National Center for
Advancing Translational Sciences [NCATS]), we intend to
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repeat our analysis using clinical data, but we fully realize that
such data might have limitations that are yet unknown.
Methodologically, our approach of integrating supervised and
unsupervised visual analytical approaches is just one of the
many possible ways such integration can be achieved [52]. In
our future research, we plan to explore other integration
strategies with a specific focus on enabling clinician
stakeholders to go beyond the analyses of prevalence and risk,
enabling inferences for the underlying processes precipitating
readmission. Such improvements in data and methods should
enable discharge planners and providers in rehabilitation
facilities to more accurately predict which patients will be
readmitted and to select targeted interventions to reduce the risk
of readmission and, consequently, the concomitant burden on
patients and caregivers.
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