
The Pre-Adaptation of a Stroke-Specific Self-Management 
Program among Older Adults

Timothy Reistetter, PhD, OTR, FAOTA1 [Professor], Kimberly Hreha, EdD, OTR/L2 [Assistant 
Professor], Julianna M. Dean, PhD3 [Assistant Professor], Monique R. Pappadis, PhD4 

[Associate Professor], Rachel R. Deer, PhD5 [Assistant Professor], Chih-Ying Li, PhD, 
OTR/L6 [Assistant Professor], Ickpyo Hong, PhD, OT7, Annalisa Na, PhD, PT8 [Assistant 
Research Professor], Sara Nowakowski, PhD9 [Associate Professor], Hashem M. Shaltoni, 
MD10 [Assistant Professor], Suresh K. Bhavnani, PhD11 [Professor]
1Department of Occupational Therapy, School of Health Professions, University of Texas Health 
Science Center at San Antonio, 7703 Floyd Curl Drive, San Antonio, TX 78229-3900

2Department of Orthopaedic Surgery, Occupational Therapy Doctorate Division, School of 
Medicine, Duke University, 40 Duke Medicine Circle, Durham, NC 27710

3Department of Clinical, Health, and Applied Sciences, College of Human Sciences and 
Humanities, University of Houston-Clear Lake, 2700 Bay Area Blvd, Houston, TX 77058

4Department of Population Health and Health Disparities, School of Public and Population Health, 
University of Texas Medical Branch, 300 University Blvd, Galveston, TX 77555

5Department of Nutrition, Metabolism and Rehabilitation Sciences, University of Texas Medical 
Branch, 300 University Blvd, Galveston, TX 77555

6Department of Occupational Therapy, University of Texas Medical Branch, 300 University Blvd, 
Galveston, TX 77555

7Department of Occupational Therapy, Yonsei University, 135 Backun Hall, Yonsei Univroad 1, 
Wonju, Gangwon-do, Republic of Korea, 26493

8Department of Physical Therapy and Rehabilitation Sciences, Drexel University, 1601 Cherry 
Street, Philadelphia, PA 19102

9Department of Medicine, Baylor College of Medicine, One Baylor Plaza, Houston, TX 77030

10Department of Neurology, University of Texas Medical Branch, 300 University Blvd, Galveston, 
TX 77555

11Department of Population Health and Health Disparities, School of Public and Population 
Health, 300 University Blvd, Galveston, TX 77555

Abstract

Corresponding Author: Kimberly Hreha, EdD, OTR, School of Medicine, Department of Orthopaedic Surgery, Division of 
Occupational Therapy Doctorate, 40 Duke Medicine Circle, Durham, NC 27710, Phone: +1 919-6607596, khreha318@gmail.com. 

Declaration of Conflicting Interests: The authors declare that there is no conflict of interest.

HHS Public Access
Author manuscript
J Aging Health. Author manuscript; available in PMC 2023 October 01.

Published in final edited form as:
J Aging Health. 2023 October ; 35(9): 632–642. doi:10.1177/08982643231152520.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Objectives: Managing multimorbidity as aging stroke patients is complex; standard self-

management programs necessitate adaptations. We used visual analytics to examine complex 

relationships among aging stroke survivors’ comorbidities. These findings informed pre-adaptation 

of a component of the Chronic Disease Self-Management Program.

Methods: Secondary analysis of 2013–2014 Medicare claims with stroke as an index condition, 

hospital readmission within 90 days (n=42,938), and 72 comorbidities. Visual analytics identified 

patient subgroups and co-occurring comorbidities. Guided by the framework for reporting 

adaptations and modifications to evidence-based interventions (FRAME), an interdisciplinary 

team developed vignettes that highlighted multimorbidity to customize the self-management 

program.

Results: There were five significant subgroups (z=6.19, p<.001) of comorbidities such as obesity 

and cancer. We constructed 6 vignettes based on the 5 subgroups.

Discussion: Aging stroke patients often face substantial disease-management hurdles. We used 

visual analytics to inform pre-adaptation of a self-management program to fit the needs of older 

adult stroke survivors.
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Introduction

Stroke is a leading cause of disability, institutionalization, readmission, and death 

(Mozzafarian et al., 2015). While improvements in the early detection of stroke and its 

rapid treatment have helped reduce mortality rates in stroke patients, many often face 

substantial disease-management hurdles once they return to the community (Mozaffarian et 

al., 2015). In other words, aging with multiple chronic conditions coupled with increased 

burden of disease is a challenge that needs management. There is evidence that these 

challenges frequently result in negative and costly outcomes, such as exacerbation of 

existing comorbidities, development of new chronic conditions, and unplanned hospital 

readmissions (Lui & Nguyen, 2018; Pearson et al., 2011). Participating in rehabilitation 

is one way aging stroke survivors can decrease the negative impacts of stroke (Cramer et 

al., 2017). Such rehabilitation should be goal-directed, multidimensional, interdisciplinary, 

and patient centered (Kristensen et al., 2016). Rehabilitation treatment also should contain 

an education component, given its importance in post-stroke care (Eames et al., 2010). 

Education should be individualized, clearly presented, and also offered to caregivers (Eames 

et al., 2010).

A constantly growing focus area in stroke rehabilitation is chronic disease management 

(Wagner et al., 2001). Patient education has been the core of chronic disease management 

for many years (Wagner et al., 2001). Patient education programs focus on compliance 

with disease-specific concerns and address broad problems experienced by individuals with 

the disease (McGowan, 2012). However, over the past twenty years there has been a shift 

from not only providing the needed information to patients about their chronic diseases and 

their consequences, but also instructing them on how they can manage their own condition 
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over time (Eames et al., 2010). This improves not only the patient’s education of the 

chronic condition, but also facilitates the patient’s self-efficacy and self-confidence in the 

management of their disease (Eames et al., 2010). Self-management programs focus on 

self-efficacy and self-confidence by having patients identify problems that are specific to 

their situations. During self-management, patients are taught problem solving with dialogue 

from peers and healthcare workers to support personal behavior change (Lorig & Holman, 

2003). Current analyses of self-management studies recommend a combination of both 

patient education and self-efficacy-oriented problem solving (McGowan, 2012).

Of the numerous chronic disease management programs in the literature, the Stanford 

Chronic Disease Self-Management Program (CDSMP; Lorig et al., 2001) has been widely 

researched and has been identified as an exceptional model for geriatric care (Ory et al., 

2015). The CDSMP has been shown to be effective in improving outcomes for patients 

with chronic conditions such as arthritis, diabetes, cardiovascular diseases, and respiratory 

diseases (Adepoju et al., 2014; T. J. Brady et al., 2013; T. M. Brady et al., 2011; Cameron-

Tucker et al., 2014; Lorig et al., 1999; Smeulders et al., 2009). The core component shared 

by all models is patient self-management support, which includes goal setting, problem 

solving, and lifestyle behavior education (Lorig & Holman, 2003). The CDSMP content is 

delivered in a group format, following a published manual and includes six self-management 

skills: problem solving, decision-making, appropriate resource utilization, forming a patient-

provider partnership, action planning, and implementing action necessary to manage health 

issues autonomously (Lorig & Holman, 2003). The intent of the program is to help patients 

better manage chronic conditions with a program that can be applicable to several chronic 

conditions. Overall, the CDSMP establishes an important connection between clinical 

practice and the community experiences of older adults managing comorbidities.

Although the intent of the CDSMP was developed for several chronic conditions and not 

intended to be disease specific (Franek, 2013), it has been used with certain populations 

(Horrell & Kneipp, 2017), including stroke survivors (Lorig et al., 2001). To our knowledge, 

there are only two studies that identified the need to make modifications to the CDSMP 

specifically intended for people with stroke (Fugazzaro et al., 2021; Wolf et al., 2017). Wolf 

et al., used the standard CDSMP intervention in persons with mild stroke and modified some 

aspects but did not customize the program specifically to those with stroke. Unfortunately, 

the results did not demonstrate significantly better outcomes compared to the control group 

who received no active intervention (Wolf et al., 2017). The authors conclude that a tailored 

version of the CDSMP may be necessary and could then be effective for use in stroke 

survivors with multiple chronic conditions (Wolf et al., 2017). Second, Fugazzaro et al. 

incorporated five adaptations into an Italian version of the CDSMP (Fugazzaro et al., 

2021). An example of one adaptation is the delivery of simplified content because of 

cognitive impairments that stroke survivors frequently experience. The study concluded 

that the adaptations helped patients to adhere to the program, utilize the resources that the 

CDSMP manual provides, and supported the implementation of structured self-management 

interventions (Fugazzaro et al., 2021). These findings support the need for a tailored, stroke-

specific CDSMPs to optimize patient outcomes.
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To successfully modify a program to be stroke-specific, it is important to follow an 

established adaptation framework based in implementation science. The FRAME, or 

framework for reporting adaptations and modifications to evidence-based interventions, 

was developed to help guide and report modifications to evidence-based programs. The 

FRAME helps create purposeful alterations of an intervention, and it is a necessity in 

implementation science (Stirman et al., 2013). In FRAME, the goal of the modification, 

when the modification occurs, what is modified, and what level are among some of the 

questions considered in the framework. Additionally, adaptations can be either pre-adapted 

or in response to challenges during the implementation phase. FRAME allows interventions 

to be continually tailored to meet individuals’ needs (i.e., aging adults living with multiple 

comorbidities), in attempts to improve the effectiveness of the intervention (Kirk et al., 

2020).

It is well documented that aging individuals with stroke have a substantial number of 

comorbidities (Gallacher et al., 2014; Pearson et al., 2011) and that these comorbidities have 

a negative effect on patient outcomes (Karatepe et al., 2008; McCann & Lawrence, 2020; 

Pearson et al., 2011). For example, more than half of stroke survivors have greater than four 

comorbidities resulting in more cost and use of healthcare services (Gruneir et al., 2016). 

Therefore, it is important to consider these comorbidities and address them by evaluating 

existing models of care for older patients, developing new models or making adaptations to 

existing ones such as self-management.

Currently, there is a research gap on how to successfully facilitate a self-management 

program for older adults living with multiple comorbidities in addition to the acute stroke 

event. Visual analytics is a data-driven technique to identify and visualize patient subgroups 

and their most frequently co-occurring comorbidities. While this is the first study to use 

bipartite networks to examine subgroups of older stroke survivors based on frequently 

co-occurring comorbidities, previous studies have used this method to analyze heterogeneity 

in other diseases with a wide range of molecular and clinical variables (S. Bhavnani et 

al., 2014; S. K. Bhavnani, Dang, et al., 2014; S. K. Bhavnani, Drake, et al., 2014; S. K. 

Bhavnani et al., 2011, 2012, 2013, 2015, 2018). Hence, bipartite networks have been widely 

found to be beneficial for identifying co-occurring comorbidities. For patients with stroke, 

co-existing comorbidities may individually appear less clinically severe, but together can 

impose health and psychosocial limitations that have medical and functional consequences.

Many older adults are living with complex multimorbidity after stroke. Initial attempts to 

use standardized self-management program suggested a need to customize the program for 

stroke. Our goal was to fill this gap using a data-driven visual analytics method that captures 

the complexity of comorbidities in older adults with stroke. Armed with this information, 

we pre-adapted the CDSMP with the inclusion of vignettes and activities to facilitate 

problem solving, decision-making, and action planning among older adult stroke survivors. 

The overall goal of this project was to develop a customized self-management program 

for older individuals with stroke. Therefore, the specific study objectives were to (1) use 

visual analytics to characterize the combinations of chronic conditions from a secondary 

dataset of stroke survivors, and (2) use these combinations to inform the pre-adaptation of 
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a component of the CDSMP. The anticipated outcome of the study is an adaptation to the 

CDSMP that better aligns with the complexity of aging stroke patients.

Materials and Methods

The focus of this study is the pre-adaptation of an evidence-based program used for older 

adults to benefit the health of stroke survivors (Ory et al., 2015). We used findings from 

visual analytics to inform the customized pre-adaptations. Therefore, our methods are 

broken into two sections that correspond to each of the objectives of the study: visual 

analytics and pre-adaptations. These allow us to provide a practical application to translate 

complex data into actionable interventions.

Visual Analytics

Design and Dataset—This study was a retrospective analysis of United States Medicare 

claims records from the Medicare Provider Analysis and Review and Master Beneficiary 

Summary files 2013–2014, of older adult patients >65 years old following an index stroke as 

defined by MS-DRG 61–66. Medicare is a comprehensive dataset with detailed information 

on beneficiary comorbidities (Hong et al., 2018). We identified beneficiaries readmitted 

to the hospital within 90 days of discharge for inclusion in the analysis. The CDSMP 

is most often implemented in community settings, and the 90-day window allowed us to 

incorporate stroke patients who were living in the community, whereas a commonly-used 

30-day window may have included rehabilitation service delivery (Middleton et al., 2018). 

This resulted in 42,938 beneficiaries. This study was approved by the Institutional Review 

Board as an expedited review at University of Texas Medical Branch; therefore, no consent 

was required.

Variables—The outcome variable, 90-day readmission, was dichotomized. We captured all 

comorbidities of readmitted patients. To categorize these, we first applied the Centers for 

Medicare and Medicaid Services (CMS) Hierarchical Conditions Categories (HCCs) based 

on the quality measure specifications for readmission (Evans, 2011). Next, the remaining 

comorbidities were grouped by clinical experts in neurology, social work, psychology, and 

stroke rehabilitation. For example, CMS quality measure specifications group six cancer 

diagnostic codes, and our clinical experts added the diagnostic code of “other neoplasm” 

to this grouping. Therefore, there were seven total diagnostic codes for the group labeled 

“Cancer”. The final number used in the analyses was 72 comorbidities (Appendix 1), which 

were dichotomized.

Analysis—To identify patient subgroups and their most frequently co-occurring 

comorbidities, we used bipartite networks, a visual analytical approach (Newman, 2010). 

Bipartite network analysis can automatically identify and visualize biclusters (referred to 

as “subgroups” here) —groups made up of two categories of things—consisting of both 

patients and their characteristics such as comorbidities (Newman, 2010). The quantitative 

output provides the number, size, and statistical significance of the subgroups consisting of 

patients and their most frequently co-occurring comorbidities. The visual output generates a 

network which looks like a spider web where patients and comorbidities are represented 
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as circles and triangles called “nodes”, and the association between a patient and a 

comorbidity is represented with a line or “edge” between the respective pair of patient and 

comorbidity. Furthermore, patients and their most frequently co-occurring comorbidities are 

separated into the quantitatively-identified subgroups. The resulting network visualization 

enables domain experts and clinicians to more quickly interpret the frequently co-occurring 

comorbidities of patients in a subgroup, to infer their clinical phenotypes and underlying 

mechanisms, and to design potential interventions.

To analyze the data, we used R (version 3.6.2; The R Foundation, 2019) to perform the 

following steps. First, we represented the data as a bipartite network, where nodes represent 

either patients (circles) or comorbidities (triangles), and the edges (lines connecting 

them) represent the presence of a comorbidity for that patient. Second, we identified 

patient subgroups and their most frequently co-occurring comorbidities using bicluster 

modularity (Chauhan et al., 2016; Treviño et al., 2015). Modularity is a number that 

ranges from −0.5 to +1, which indicates how strongly clustered a network is, with 

higher numbers indicating stronger clusteredness (Chauhan et al., 2016; Treviño et al., 

2015). Bipartite modularity code is available online from https://cran.r-project.org/web/

packages/BipartiteModularityMaximization/index.html. Next, we tested the significance of 

the clusteredness by randomly generating 1,000 networks while preserving the number 

of patients and comorbidities and the distribution of comorbidity prevalence in the data. 

Then we compared the modularity generated from the real network to the distribution of 

modularities generated from the above random networks to test whether the clusteredness 

in the real network was statistically significant. Although patients may have comorbidities 

in other clusters within the network, this test shows that the separation is statistically 

significant, such that patients and comorbidities belong in their respective subgroups more 

than expected by chance alone. Finally, we used the ExplodeLayout algorithm (S. K. 

Bhavnani et al., 2017; Dang et al., 2016) to separate the biclusters (i.e., subgroups) for 

reducing the overlap between the subgroups, while preserving the distances within the 

subgroups, with the goal of improving their interpretability. This algorithm modifies only 

the visualization of the network, but not the underlying data or the boundaries and members 

of the subgroups. ExplodeLayout is an algorithm written in R and available online from 

(https://github.com/UTMB-DIVA-Lab/epl; S. K. Bhavnani et al., 2017; Dang et al., 2016).

Pre-adaptations

Network Interpretation—The network of subgroups was then presented to 11 individuals 

including nine clinicians and two researchers on the multidisciplinary stroke team. 

The individuals included stroke neurologists, psychologists, social workers, rehabilitation 

clinicians (i.e., occupational and physical therapists), and research scientists who study older 

adults. The team provided written feedback where they named the cluster (i.e., subgroup) 

and evaluated the meaningfulness of the subgroup to stroke rehabilitation.

Vignette Development—The FRAME guided the team’s modification to the existing, 

evidence-based CDSMP with the goal of adapting the program for older adult stroke 

survivors. With FRAME, we address five components: 1) who makes the adaptation, 2) what 

content is modified, 3) what context is modified, 4) for whom the modification is made, 
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and 5) what the nature of the content modification is. The interdisciplinary team of experts 

were those making the pre-planned adaptations. The modification of content was the guided 

discussion of multimorbidity. The context modification was the vignette format added for 

a specified CDSMP session. The adaptations targeted individual participants at the group 

level. The nature of the adaptation was the added element of the vignette. The vignettes 

described a fictional example of a stroke survivor living with at least two comorbidities 

and detailed a scenario on a topic which would occur in the CDSMP curriculum, thus 

preserving the fidelity of the CDSMP. Overall, the reason for the modification was to better 

fit older adult stroke survivors’ comorbidity self-management. In the standard CDSMP, the 

discussions are designed as open-ended group discussions in which all group members 

may engage. Now, these structured conversations could provide more context around self-

management of multiple comorbidities in addition to the stroke, which is based on real 

data from visual analytics and supported by topics written about in the literature (Benjamin, 

2020; Prior & Suskin, 2018).

Results

Visual Analytics

Table 1 presents the demographics of the patients in the cohort and the 72 comorbidities. 

The bipartite network analysis revealed five biclusters (i.e., “subgroups”, Figure 1). The 

analysis showed significant clusteredness (Modularity=0.17, z=6.19, p<.001). As noted in 

the methods, the visualization of the subgroups preserves the network’s edges and nodes. 

Therefore, the gray edges seen between subgroups in Figure 1 represent relationships 

between patients and comorbidities in other subgroups. However, as the network revealed 

significant clusteredness, these edges are visual in nature and do not affect the significance 

of the clustering.

Pre-adaptations

Network Interpretation—Our multidisciplinary team conceptualized and characterized 

the five patient subgroups based on comorbidities in each subgroup as follows: 1) 

Obesity/Diabetes (Pink), 2) Immunity/Infection, Neurological Diseases, Major Psychiatric/

Depression (Orange), 3) Brain/Vascular, Neurodegenerative Diseases (Yellow), 4) Heart, 

Lungs/Pulmonary Diseases (Blue), and 5) Cancer, Other Psychiatric Disorders (Purple) 

(Figure 1).

Vignette Development—The team selected multiple pairs of comorbidities from each 

subgroup consistent with the findings from visual analytics. They were selected for the 

purpose of developing clinical case vignettes to facilitate discussions and activities during 

CDSMP sessions. Table 2 gives examples of these case vignettes. It also describes how 

the case vignettes correspond to each weekly session of the CDSMP, when they are used, 

and during which specific activities they appear in the CDSMP curriculum. For example, 

the sixth vignette incorporates the activity of “talking to your healthcare provider” using a 

fictional stroke survivor also living with Parkinson’s and legal blindness. In this scenario, 

we said that this person uses technology to write down anything that they need to remember 

from the appointment. The technology is speech-to-text on an iPad. This way, the person 
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does not have to struggle to hold the pen (Parkinson’s), they can see what they wrote (legal 

blindness), and they can remember all that was discussed (stroke).

Discussion

Stroke is complex, and national guidelines recommend the use of self-management 

programs to support stroke survivors in coping with the long-term consequences and barriers 

to activity participation after the event (Holman & Lorig, 2004; van Veenendaal et al., 

1996; Winstein et al., 2016). However, standardized self-management programs may not 

acknowledge multimorbidity among older stroke survivors. Therefore, this study fills this 

gap by pre-adapting the CDSMP, a self-management program shown to be very effective 

in older adults. To do this, we used a data-driven visual analytics approach that captured 

the complexity of relationships between older adult stroke survivors and their comorbidities. 

Based on these relationships, we included vignettes and activities to facilitate problem 

solving, decision-making, and action planning tailored to this population.

Our large data visual analytics approach revealed unique combinations of chronic 

comorbidities for stroke survivors readmitted to the hospital within 90 days of discharge. 

Specifically, we found five significant and specific profiles comprised of multiple co-

occurring comorbidities, characterized as: 1) Obesity/Diabetes, 2) Immunity/Infection, 

Neurological Diseases, Major Psychiatric/Depression, 3) Brain/Vascular, Neurodegenerative 

Diseases, 4) Heart, Lungs/Pulmonary Diseases, and 5) Cancer, Other Psychiatric Disorders. 

These represent a complex combination of multiple comorbidities associated with 

readmission in a stroke group. Our findings confirm that stroke survivors have multiple 

comorbidities that co-occur in statistically and clinically significant patterns.

Exploring co-occurring comorbidities among subgroups of stroke survivors is necessary to 

improve our understanding of the challenges that impact self-management and to enhance 

medical management and rehabilitation following stroke. Clinicians and specialists must 

consider the application of the clusters to self-management strategies. However, clustered 

comorbidities could be interpreted as a pre-established group of conditions known to 

be related, a new relationship that has yet to be considered, or a relationship with 

limited clinical implications. Therefore, the quantitative analysis should be accompanied 

by qualitative analysis by domain experts. Implementing precision rehabilitation driven by 

large data visual analytics represents a promising technique with the potential to improve 

functional and medical outcomes while improving self-efficacy.

Comorbidities from each subgroup were used to pre-adapt an aspect of the CDSMP. Instead 

of the current approach of targeting single comorbidities (Fugazzaro et al., 2021; Wolf et al., 

2017), our pre-adapted program facilitates the management of multiple commonly occurring 

comorbidities across stroke patients. The program includes traditional patient education with 

self-management tools in a peer group to encourage discussion in a supported environment 

led by CDSMP-trained facilitators. The purpose of including these adaptations was to 

ensure that the self-management intervention meets the needs of older adults who likely 

have multiple comorbidities. This is significant because we know comorbidities commonly 

co-occur in aging stroke survivors (Pearson et al., 2011). Adaptations were made to the 
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discussion section that occurred prior to a CDSMP activity. Our approach to adaptation 

was to create fictional case vignettes using the visual analytics output and supported by 

literature to create a focused and tailored discussion instead of using an open discussion 

format. Consistent with the CDSMP, a case vignette was developed for each of the six 

sessions. The anticipated impact is that the pre-adapted self-management program will be 

more appropriate than standard self-management programs. This is in line with the findings 

from Ferretti’s work with adults aging with developmental disabilities where a modified 

CDSMP showed higher completion rates (Ferretti & McCallion, 2019).

There are some limitations to this study. The analysis was applied only to comorbidities 

within one dataset. Each patient subgroup has other characteristics (e.g., demographics and 

functional outcomes) which are not highlighted in the network. Such information could 

help in better understanding the patient subgroups, which could inform the design of the 

tailored interventions. Additionally, our data did not show whether patients received PAC 

services after their acute discharge. However, as the goal of this study was to pre-adapt a 

self-management program based on comorbidities, the comorbidities characterized would be 

applicable to those who received or did not receive PAC after discharge.

The main implication of this study is that the pre-adaptation provides a tailored program that 

bridges big data with actionable interventions for older adult stroke survivors. These pre-

adaptations can be performed by community workers who are facilitating the management 

of comorbidities in this population. Pre-adaptation of the CDSMP acknowledges to the 

patients, families, caregivers, and providers that these comorbidities relate to one another.

There are many avenues for future research. Although our results were found to be 

statistically and clinically significant, the analysis should be repeated in an independent 

dataset to test whether the pattern of comorbidity co-occurrence replicates, using methods 

such as the Rand Index. Furthermore, as stroke disproportionately affects older adults, 

women, and ethnic minorities, future analyses should include not only comorbidities but 

also demographics and other relevant variables. Future clinical trials are needed to test the 

hypothesis that treating multiple symptoms and comorbidities with an adapted CDSMP will 

prevent future complications and health problems when managing multiple comorbidities. 

Finally, future research should include implementation studies to determine the feasibility of 

the now-adapted CDSMP for stroke survivors. In other words, methods of visual analytics 

and implementation science together may help inform the development of specific strategies 

that can address disparities in stroke care and improve healthcare outcomes.

In conclusion, our study provides an innovative application of visual analytics to target 

individualized self-management programs based on older adults’ commonly co-occurring 

comorbidities. Our work suggests an approach to improve upon patient education programs 

(Jones & Riazi, 2011) and capitalizes on self-management with a pre-adapted, tailored 

program for aging individuals with stroke. This approach in the future should allow 

more effective pre-adaptations of self-management programs and may help to increase 

self-efficacy and overall rehabilitation outcomes for older adults following stroke.
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Figure 1. 
The five subgroups from the visual analytics output.
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Table 1:

Demographics of the stroke cohort (N=42,938).

N (%)

Sex

Male 17,966 (41.8)

Female 24,972 (58.2)

Age

66–69 4,803 (11.2)

70–74 7,430 (17.3)

75–79 8,158 (19.0)

80–84 8,974 (20.9)

85+ 13,573 (31.6)

Race

Non-Hispanic White 33,856 (78.8)

Black 5,447 (12.7)

Hispanic 2,358 (5.5)

Asian/Pacific Islander 780 (1.8)

American Indian/Alaska Native 190 (0.4)

Other 228 (0.5)

Unknown 79 (0.2)

Stroke Type

Arterial Ischemic Stroke 26,884 (62.6)

Intracerebral Hemorrhage 2,498 (5.8)

Subarachnoid Hemorrhage 552 (1.3)

Transient Ischemic Attack 8,526 (19.9)

Other* 4,478 (10.4)

*
‘Other’ stroke type included: 433.x0 (occlusion and stenosis of precerebral arteries without mention of cerebral infarction); 434.x0 (occlusion of 

cerebral arteries without mention of cerebral infarction).
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Table 2.

Chronic Disease Self-Management Program sections and corresponding adaptations based on visual analytic 

results

Self-Management sections 
and specific activity and 
topic

Examples of adapting the activity using a stroke case vignette to guide the 
discussion

Visual Analytic 
cluster color and co-
morbidities that our 
case vignette stroke 
survivor also was 
experiencing

Session 1, Activity 4: 
Getting a good night sleep

In this case vignette, the stroke survivor has hemiparesis. The suggestion includes 
taking a water pill/diuretic (which was prescribed by her doctor because of the 
hypertension) during the day, so that the person will not be interrupted at night 
because of the need for frequent urination.

Blue cluster, 
hypertension and lung 
fibrosis

Session 2, Activity 3: 
Physical exercise brainstorm

In this case vignette, the stroke survivor has difficulty thinking clearly and 
remembering things. The suggestion includes exercising with friends, keep the 
exercises scheduled in her calendar, use reminders in her cell phone, and keep the 
exercises routine the same time of day.

Blue cluster, pneumonia 
and chronic obstructive 
pulmonary disorder

Session 3, Activity 3: Pain 
and fatigue

In this case vignette, the stroke survivor cannot independently walk or complete 
self-care tasks because of weakness. The suggestion is to mix activity with rest, 
and use relaxation and meditation techniques when in bed, first thing in the 
morning.

Purple cluster, cancer and 
anxiety

Session 4, Activity 3: 
Healthy eating

In this case vignette, the stroke survivor lives alone and also has double vision. 
The suggestion is to use an online meal service or online food delivery, this way 
she can check the food labels by enlarging the font, using techniques to reduce the 
double vision, in order to make healthy choices.

Pink cluster, morbid 
obesity and diabetes 
mellitus

Session 5, Activity 5: 
Dealing with depression

In this case vignette, the stroke survivor has vertigo from the stroke. The 
suggestion to how she can feel less depressed would be to call a friend, ask 
her doctor if home counseling sessions would be appropriate, complete deep 
breathing/meditation exercises, or even have a friend visit her in her home and do 
manicures.

Orange cluster, 
depression and 
osteoporosis

Session 6, Activity 2: 
Working with your 
healthcare provider and 
having good communication

In this case vignette, the stroke survivor has a spastic hand because of the stroke. 
The suggestion included the person using technology such as an iPad to write 
questions, because he could use the speak command option, instead of writing and 
make the font larger.

Yellow cluster, legally 
blind and Parkinson’s

J Aging Health. Author manuscript; available in PMC 2023 October 01.


	Abstract
	Introduction
	Materials and Methods
	Visual Analytics
	Design and Dataset
	Variables
	Analysis

	Pre-adaptations
	Network Interpretation
	Vignette Development


	Results
	Visual Analytics
	Pre-adaptations
	Network Interpretation
	Vignette Development


	Discussion
	References
	Figure 1.
	Table 1:
	Table 2.

