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Summary

What is already known about this topic?

Health systems are encouraged to add social and behavioral measures to
electronic health records (EHRs), but there is limited research that demon-
strates how to leverage this information.

What is added by this report?

We assessed 2 social factors collected from EHRs — social isolation and
homelessness — in predicting 30-day potentially preventable readmis-
sions to hospital.

What are the implications for public health practice?

Because social and behavioral factors affect patient health, health care
systems must rethink the way these measures are defined and captured in
EHRs. Our study illustrates how social factors (ie, homelessness and so-
cial isolation) can be leveraged for predictive modeling of acute care out-
comes.

Abstract

Introduction
The effect of social factors on health care outcomes is widely re-
cognized. Health care systems are encouraged to add social and
behavioral measures to electronic health records (EHRs), but lim-
ited research demonstrates how to leverage this information. We
assessed 2 social factors collected from EHRs — social isolation
and homelessness — in predicting 30-day potentially preventable
readmissions (PPRs) to hospital.

Methods
EHR data were collected from May 2015 through April 2017 from
inpatients at 2 urban hospitals on O‘ahu, Hawai‘i  (N = 21,274).
We performed multivariable logistic regression models predicting
30-day PPR by living alone versus living with others and by docu-
mented homelessness versus no documented homelessness, con-
trolling for relevant factors, including age group, race/ethnicity,
sex, and comorbid conditions.

Results
Among the 21,274 index hospitalizations,  16.5% (3,504) were
people living alone and 11.2% (2,385) were homeless; 4.2% (899)
hospitalizations had a 30-day PPR. In bivariate analysis, living
alone  did  not  significantly  affect  likelihood  of  a  30-day  PPR
(16.6% [3,376 hospitalizations] without PPR vs 14.4% [128 hos-
pitalizations] with PPR; P = .09). However, documented home-
lessness did show a significant effect on the likelihood of 30-day
PPR in  the  bivariate  analysis  (11.1% [2,259  hospitalizations]
without PPR vs 14.1% [126 hospitalizations] with PPR; P = .006).
In multivariable models, neither living alone nor homelessness
was significantly associated with PPR. Factors that were signific-
antly associated with PPR were comorbid conditions, discharge
disposition, and use of an assistive device.

Conclusion
Homelessness predicted PPR in descriptive analyses. Neither liv-
ing alone nor homelessness predicted PPR once other factors were
controlled. Instead, indicators of physical frailty (ie, use of an as-
sistive device) and medical complexity (eg, hospitalizations that
required assistive care post-discharge, people with a high number
of comorbid conditions) were significant. Future research should
focus on refining, collecting, and applying social factor data ob-
tained through acute care EHRs.
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Introduction
Because of widespread recognition of the relationship between so-
cial factors and health care outcomes, the Institute of Medicine
(IOM) provided recommendations for social and behavioral do-
main measures to be documented in the electronic health record
(EHR) (1). Many health systems now collect some data on social
factors, but practical and logistical questions remain, including
how to feasibly and systematically collect such data during routine
clinical care and how to use these data for more effective popula-
tion health management (1–3).

“Social connection and isolation” was one domain recommended
by IOM (4). A lack of social relationships has been associated
with numerous health outcomes, including illness, functional de-
cline, and death (5–7). Two substantial gaps exist in the literature.
First, limited research has been done on whether social isolation
plays a role in overall health care use (8,9). Second, the measure
of social isolation is typically collected outside the EHR, via self-
reported survey or interview (5,10–12). Thus, these measures are
rarely found in analyses of administrative inpatient data.

Another critical social factor potentially contributing to inpatient
health care use and readmission is homelessness. Homeless status
also is not routinely collected by health care systems in the EHR,
and it has been associated in several recent studies with readmis-
sions and with overall illness and early death (13,14).

Our objective was to examine whether variables for social isola-
tion and homelessness as captured in a health system’s EHRs over
2  years  predicted  30-day  potentially  preventable  readmission
(PPR), a key measure of health care quality (15). We hypothes-
ized that people who were documented as living alone or home-
less would have a higher likelihood of PPR than those without
these designations.

Methods
Data and inclusion criteria

We collected EHR data for 25,717 people aged 18 or older who
had at least 1 inpatient hospitalization from May 1, 2015, through
April 30, 2017, at 2 midsized urban hospitals on O‘ahu, Hawai‘i .
Any hospitalizations that resulted in death were excluded from the
analysis (n = 1,101). These data uniquely identified individuals
longitudinally. By using this unique identifier, each person’s first
inpatient hospitalization during the study period was identified.
These initial hospitalizations were flagged to indicate whether they
resulted in a 30-day PPR (yes/no) by using the 3M PPR methodo-
logy (16). The 3M PPR methodology has been extensively used
and validated (17). People with subsequent readmission encoun-

ters were excluded from the sample (n = 949) to prevent high-use
patients from biasing our understanding of demographic and clin-
ical factors predicting PPR in general. The institutional review
board of Hawai‘i  Pacific Health approved our study.

Hospitalizations that were not considered eligible under the 3M
PPR methodology were also excluded (n = 2,393). These were, for
example, people re-admitted for conditions that were not clinic-
ally related (eg, a hospital admission for pneumonia followed by a
hospitalization for an appendectomy), people admitted with mul-
tiple traumas (where multiple hospitalization may be medically ne-
cessary),  and people currently  in  chemotherapy treatment  and
likely to return to the hospital (18). For the final analysis, a total of
21,274 inpatient hospitalizations were used (Figure 1). SAS Ver-
sion 9.4 (SAS Institute) was used to complete both descriptive
statistics and multivariable modeling. Our outcome was a binary
variable that indicated whether a person’s initial hospitalization
during the study period resulted in a 30-day PPR (yes/no) accord-
ing to 3M PPR methods (18,19).

Figure 1. Selection criteria for the predictive model for all inpatient encounters
(N = 25,717) collected from 2 urban hospitals in Hawai’i. Abbreviation: PPR,
potentially preventable readmission.

 

Independent variables. At both hospitals included in our study, the
“lives alone” identifier has been collected consistently since Octo-
ber 2015. Nurses ask patients to identify who they live with as a
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part of the admission process. Case managers are required to pop-
ulate this field if it is missed during the admission process. Nurses
and case managers are allowed to select 1 or more of the follow-
ing options: alone, caregiver, family, parent, partner, roommate,
spouse, or other. We used the information from this field to cat-
egorize patients into 2 groups, either as people who live alone or
people who live with others.

For the independent variable of homelessness, the reporting team
created a wild card search for “*homeless*” in numerous free-text
fields for “residence” and collated them as a 0/1 flag. The informa-
tion from this field was used to categorize patients into 2 groups,
either as people with documented homelessness or people without
documented homelessness.

Control variables. Several demographic factors were considered
for control variables, including race/ethnicity (white, Chinese, Ja-
panese, Filipino, Native Hawaiian, other Pacific Islander, and oth-
er), age group (<65 y and ≥65 y), sex (male/female), and insur-
ance (public [Medicare or Medicaid], private, or other). Several
clinical factors were also collected, including admission source
(eg, whether a person came to the hospital through the emergency
department, from another health care facility, or via physician re-
ferral), length of hospitalization, length of stay in intensive care
unit, case mix index (a severity of illness weight assigned by Cen-
ters for Medicare & Medicaid Services on the basis of a  patient’s
principal  diagnosis)  whether patients had a surgical  encounter
(yes/no), whether patients have a device to assist with mobility
(yes/no), the Elixhauser comorbidity score (a method of categoriz-
ing co-occurring diseases or disorders in addition to the primary
diagnosis) (20), presence of mental health diagnoses (yes/no), and
discharge disposition (eg, discharged to home, hospice, or skilled
nursing facility). Data for all independent and control variables
were taken from the index admission.

Statistical analysis

For the first stage of analysis, we summarized data on patients
with and without 30-day PPR with descriptive statistics by using
χ2  tests  or  Fisher  exact  tests  (for  categorical  variables)  and 2-
sample t tests (for continuous variables). Two-tailed tests using an
α of .05 were used to assess the significance for these analyses in
predicting 30-day PPR; significant factors were included as con-
trol variables in the logistic regression equations.

For the second stage of analysis, a logistic regression model was
developed to estimate the likelihood of PPR after the index hospit-
al admission by using control variables identified through the de-

scriptive statistics as being significant (P < .05); we also used the 2
independent variables of interest, lives alone (yes/no) and home-
less (yes/no). We also tested for an interaction between our 2 fo-
cal independent variables: lives alone and homeless. The interac-
tion was not significant (P = .99) and was not included in the final
multivariable model.

Results
Among the 21,274 index hospitalizations,  16.5% (3,504) were
people living alone and 11.2% (2,385) were homeless. Of the in-
dex hospitalizations, 4.2% (899) of hospitalizations had a 30-day
PPR.  Of the index hospitalizations, 21,251 had documentation
around whether patients lived alone (documentation for living
alone was not populated for 23 cases; these encounters were ex-
cluded from bivariate analysis). Of the 21,251 that had document-
ation around living alone, 20,357 encounters did not have a PPR,
and 894 encounters did. In bivariate analysis, living alone did not
show significance for PPR. People who lived alone represented
16.6% of non-PPR encounters (3,376 of 20,357) and 14.4% of
PPR encounters (128 of 894, P = .09).

Documentation about whether the patient was homeless was avail-
able for 21,267 of the 21,274 index hospitalizations (documenta-
tion for homelessness was not populated for 7 cases, and these en-
counters were excluded from bivariate analysis). Of the 21,267
that had documentation around homelessness, 20,370 encounters
did not have a PPR, and 897 encounters did.  In the descriptive
analyses, people who were documented as homeless were signific-
antly more likely to have a PPR encounter. People who were doc-
umented as homeless represented 11.1% of non-PPR encounters
(2,259 of 20,370) and 14.1% of PPR encounters (126 of 897, P =
.006). We found no significant differences for PPR in age, sex,
length of stay, length of stay in intensive care unit, case mix index,
or the presence of a mental health diagnosis (Table 1).

Thirty-day PPR differed across racial/ethnic groups (P = .02);
people of documented Native Hawaiian race had proportionally
higher  rates  of  30-day PPR compared with  other  racial/ethnic
groups. A significant difference was also seen in 30-day PPR by
insurance type (P < .001). Those with public insurance were more
likely to have a 30-day PPR than those with private insurance.
Other significant variables in descriptive statistics were having a
surgical encounter at index hospitalization (P = .002), having a
device to assist with mobility at index admission (P < .001), ad-
mission through the emergency department versus physician refer-
ral or transfer (P < .001), discharge to a skilled nursing facility or
long-term care facility at index admission versus discharged home
to self-care (P < .001),  and Elixhauser comorbidity score (P <
.001).
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Multivariable model. In the multivariable model predicting 30-day
PPR (Table 2), neither the variable for lives alone (OR = 1.17;
95%  CI,  0.96–1.42)  nor  homelessness  (OR  =  0.87;  95%  CI,
0.71–1.07) was a significant predictor of 30-day PPR. Factors sig-
nificantly  associated  with  30-day  PPR were  index  admission
source (those with physician referral were less likely to have a 30-
day PPR than those admitted through the emergency department
[OR = 0.73; 95% CI, 0.58–0.92]), use of a device for mobility-as-
sistance at index admission (those with a device were less likely to
have a 30-day PPR than those who did not have a device [OR =
0.72; 95% CI, 0.62–0.84]), Elixhauser comorbidity score at index
admission (those with ≥10 comorbidities were more likely to have
a 30-day PPR than those who did not have comorbidities [OR =
9.30; 95% CI, 4.30–20.00]), and discharge disposition at index ad-
mission (those admitted to a  skilled nursing facility  were less
likely than those who were discharged to home or self-care to have
a 30-day PPR [OR = 0.65; 95% CI, 0.51–0.82]).

In our study, the percentage of homeless people with comorbidit-
ies was significantly higher than it  was in those who were not
homeless (P < .001) (Figure 2). Patients who were homeless had a
higher percentage of 4 or more comorbidities (76%) than their
counterparts who were not homeless (62%). None of the homeless
patients studied had zero comorbidities.

Figure 2. Number and distribution by percentage of Elixhauser comorbidity
counts (20) for nonhomeless and homeless patients for 2 urban hospitals in
Hawai‘i .  Comorbidities are the existence of multiple chronic conditions in
addition to the principal diagnosis or reason for hospitalization.

 

Discussion
Despite overwhelming evidence that social factors are critical de-
terminants of health, these factors are rarely captured routinely in
health system EHRs (21). Several major entities, including the In-
stitute of Medicine and the Centers for Medicare & Medicaid Ser-
vices, are calling for clinical and public health practitioners to ex-
amine ways to effectively collect data in these social and behavior-

al domains, including in acute care settings (4). Both the methods
of collecting these data and the findings from this research add
useful new evidence to the growing literature about how to effect-
ively capture these social factors as a part of routine clinical care.

Living alone and homelessness were relatively common in our in-
patient sample. Almost 20% of the sample lived alone, and over
10% were documented as homeless. Homelessness predicted PPR
in descriptive analyses, although neither of these social factors
predicted PPR once other factors were controlled. Instead, indicat-
ors of physical frailty (having a device to assist with mobility at
index admission) and greater illness were significant; this finding
is congruent with a vast body of evidence that identified the im-
portance of comorbidity in predicting PPR, even to the exclusion
of other social factors that commonly predict health disparities,
particularly race/ethnicity (19,20).

Both the social domains of living alone (isolation) and homeless-
ness may challenge the practicality of data collection. Social isola-
tion is  complex and difficult  to  define (22).  Comprehensively
measuring social  relationships requires “consideration of  both
structural (eg, marital status, living arrangements) and functional
(eg, emotional, perceived) aspects” (22) of isolation or the quant-
ity and quality of relationships (7).

In previous literature, social isolation was identified as a contribut-
or to all-cause mortality and higher health care use, particularly in
adults aged over 65 (5,23). However, many of these studies were
based on patient interview or self-reported surveys (9). Our study
contributes new information by examining social isolation from
administrative data documented by clinicians. Of course, a trade-
off of using an administrative data point is that it may not capture
the same level of complexity and nuance that  can be garnered
from patient interview or self-reported survey; this may explain
our study findings. Further research is needed to understand how
to best implement the complex measure of social isolation and
other social determinants of health in a manner that is practical
and useful for clinical care but nuanced enough to capture data in
relevant domains.

In the Hawai‘i  health care system used in our study, front-line
clinicians consistently documented and referenced the measure of
whether patients lived alone to determine whether additional post-
discharge care would be required (eg, identified caregivers, made
frequent post-discharge telephone calls). Our study helped to de-
termine whether this simple proxy measure predicted 30-day PPR.
For the 2 hospital facilities in our study, living alone did not pre-
dict 30-day PPR, which could indicate that people living alone
may have some protective factors. For example, living alone may
be an indicator of a person’s level of independence.
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Another factor to consider when interpreting these data is how the
front-line staff uses the information to inform a patient’s treat-
ment plan. At the 2 hospitals in our study, case managers assessed
each patient within 24 hours of admission. Then, depending on
reason for admission — comorbidities, functional changes, medic-
al prognosis, support system — and insurance coverage, patients
were referred to a medical social worker for access to community
resources or long-term care planning. According to email mes-
sages from Judy Suzuki of Straub Medical Center and Rochelle
Day of Pali Momi Medical Center (July 2018), shelter options
were offered to homeless patients, and if they refused, refusal was
documented. An interesting area of future study would be how re-
ferral  resources  contribute  to  30-day PPR and to  30-day PPR
trends for people who were offered these services but refused the
referral.

Several regionally relevant factors may also explain why social
isolation was not a significant predictor of 30-day PPR. First, the
state of Hawai‘i  has the highest national percentage of multigen-
erational households, 11.1% of all family households (26). This
high percentage could be due to cultural or economic reasons (eg,
high cost of living) (26). Accordingly, our data set may have a
smaller percentage of people living alone than other areas of the
United States. Living alone in the state of Hawai‘i  may thus indic-
ate certain protective factors, such as higher income.

A second factor unique to our data set is a discharge-planning bill
(27) that the Hawai‘i  state legislature passed in March 2016 (dur-
ing our data collection). This bill requires hospitals to adopt and
maintain discharge policies consistent with federal regulations and
asks providers to identify and document a designated caregiver for
each patient before discharge. Identification of a designated care-
giver  possibly  improved  readmission  outcomes,  particularly
among people who live alone. Although data are not yet available
on how this legislation has affected Hawai‘i ’s hospital readmis-
sion rates, similar legislation was introduced in other states and
yielded a 25% decrease in 90-day readmission rates compared
with usual care (28).

Although homelessness was a significant predictor of readmis-
sions in crude analyses, it was not significant once other control
variables were added. This outcome ran counter to our initial hy-
pothesis. In a previous study (29), homeless people were found to
be 3 times more likely to be readmitted than their peers who were
matched for age, sex, and clinical acuity (29). Homelessness was
found to increase both emergency department and inpatient visits
(30). People experiencing homelessness are expected to have high-
er readmissions for various reasons, including higher comorbidity
rates associated with inadequate living conditions and limited ac-
cess to primary care (13). In our study, the percentage of home-
less people with 4 or more comorbidities was significantly higher

than  the  percentage  of  people  who  were  not  homeless.  The
strength of the relationship between comorbidity and readmis-
sions possibly masked the effect of homelessness in the multivari-
ate models. Future research could use mediation analyses to better
disentangle the causal relationship between homelessness, comor-
bidities, and readmissions.

For the variable of homelessness, a wild card search for the word
*homeless* was created in free-text fields related to residence.
This method of documenting homelessness probably significantly
underestimates homelessness, and it introduces classical measure-
ment error leading to attenuation bias, making it harder to detect
an  effect.  For  example,  the  method  does  not  capture  data  on
people who provide a homeless shelter for their residential ad-
dress. Similarly, it does not address those with unstable housing
situations (such as sleeping on a friend’s couch), who may also be
vulnerable to readmission.

Our study had limitations. Our data were limited to the frequency
of 30-day PPR in 1 hospital system in Hawai‘i , which may limit
generalizability. It may also underreport the true frequency of 30-
day PPR per patient, particularly for people with subsequent hos-
pital encounters at other health care systems. Future research us-
ing other measures of readmission may reveal distinct patterns by
readmission type. Other potential confounding variables for which
we lacked data were preferred language, compliance to post-dis-
charge medication, and income. People with a low income could
lack resources to pay for housing, leading to homelessness; low in-
come could be indirectly associated with having the necessary re-
sources to pay for preventive services, which in turn leads to hos-
pital readmissions. Thus, the effect of homelessness on readmis-
sions in this analyses may be larger in magnitude than in reality,
given that we did not control for income.

Preventable readmissions are an important policy focus for the
Centers for Medicare & Medicaid Services, and readmissions can
be measured in various ways. In our study, we selected the 3M
PPR methodology as the outcome variable of interest because it
offers the logic to examine potentially preventable readmissions
(ie, those clinically related to a prior admission) rather than 2 clin-
ically unrelated,  but merited,  encounters (eg,  appendicitis,  hip
fracture). Preventability is particularly useful from the perspective
of a health care facility because it identifies targets to improve
quality of care and reduce readmissions. Future studies should
consider additional readmission metrics.

Given that our independent variable of “lives alone” did not ap-
pear to have predictive value for all-cause 30-day PPR, modifying
the granularity of social isolation measures could be a fruitful area
of future study. Although identification of people living alone can
predict both illness and death, it does not provide the same granu-
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larity of whether the patient perceives loneliness in addition to liv-
ing alone (9,22,23). Further research is needed to understand how
to best operationalize more robust social measures, including so-
cial isolation, in the acute care setting.

Our study has similar limitations with respect to capturing data on
homelessness in the EHR. Free-text capture of homelessness un-
derreports those who are unstably housed or those who are cur-
rently living in shelters. The literature notes limitations and mixed
approaches currently used to capture data on homelessness in the
EHR, ranging from using a listing of a shelter address to the num-
ber of home address changes as a proxy for being unstably housed
(14,29,30).  One  study  by  Doran  and  colleagues  suggests  that
homelessness screening should be completed by multiple practi-
tioners to ensure redundancy and increase rate of data capture
(14). Identifying and implementing standard approaches to captur-
ing data on homelessness in the EHR is critical for health policy
and programming.

Because social and behavioral factors affect patient health, health
care systems must rethink the way these measures are defined and
captured in EHRs (21). Our study illustrates how social factors (ie,
homelessness and social isolation) can be leveraged for predictive
modeling of acute care outcomes. Further research is needed to re-
fine and operationalize social and behavioral domains in a way
that can be practically collected in care, specifically for acute care
populations.

Acknowledgments
No financial support was received for this study. No copyrighted
materials (eg, figures, images, photos) were used or adapted for
this article. The dependent variable for this predictive model was
generated by using 3M PPR Groupers. 3M PPR Groupers are pro-
duced by using proprietary computer software that is owned and
licensed by the 3M Company. All copyrights in and to the 3 APR
DRG classification system(s) (including the selection, coordina-
tion,  and arrangement of  all  codes)  are owned by 3M with all
rights reserved.

Author Information
Corresponding  Author:  Emiline  LaWall,  PhD,  MA,  Hawai‘i
Pacific Health, 55 Merchant St, Honolulu, HI 96813. Telephone:
608-770-2480. Email: buhlereg@hawaii.edu.

Author Affiliations: 1Hawai‘i Pacific Health, Honolulu, Hawai‘i.
2University of Hawai‘i at Mānoa, Honolulu, Hawai‘i.

References
Hripcsak G, Forrest CB, Brennan PF, Stead WW. Informatics
to  support  the  IOM  social  and  behavioral  domains  and
measures. J Am Med Inform Assoc 2015;22(4):921–4.

  1.

Holt-Lunstad  J,  Robles  TF,  Sbarra  DA.  Advancing  social
connection as a public health priority in the United States. Am
Psychol 2017;72(6):517–30.

  2.

Shortell SM, Washington PK, Baxter RJ. The contribution of
hospitals and health care systems to community health. Annu
Rev Public Health 2009;30(1):373–83.

  3.

The National Academies of Sciences Engineering Medicine.
Capturing  social  and  behavioral  domains  and  measures  in
electronic health records: phase 2, 2014. https://www.nap.edu/
catalog/18951/capturing-social-and-behavioral-domains-and-
measures-in-electronic-health-records.  Accessed March 17,
2018.

  4.

Pantell M, Rehkopf D, Jutte D, Syme SL, Balmes J, Adler N.
Social  isolation:  a  predictor  of  mortality  comparable  to
traditional  clinical  risk  factors.  Am J  Public  Health  2013;
103(11):2056–62.

  5.

Leigh-Hunt N, Bagguley D, Bash K, Turner V, Turnbull S,
Valtorta N, et al. An overview of systematic reviews on the
public health consequences of social isolation and loneliness.
Public Health 2017;152:157–71.

  6.

Friedler  B,  Crapser  J,  McCullough L.  One is  the  deadliest
number:  the  detrimental  effects  of  social  isolation  on
cerebrovascular  diseases  and  cognition.  Acta  Neuropathol
2015;129(4):493–509.

  7.

Greysen  SR,  Harrison  JD,  Kripalani  S,  Vasilevskis  E,
Robinson E, Metlay J,  et  al.  Understanding patient-centred
readmission factors: a multi-site, mixed-methods study. BMJ
Qual Saf 2017;26(1):33–41.

  8.

Valtorta NK, Moore DC, Barron L, Stow D, Hanratty B. Older
adults’  social  relationships  and  health  care  utilization:  a
systematic review. Am J Public Health 2018;108(4):e1–10.

  9.

Rico-Uribe LA, Caballero FF, Martín-María N, Cabello M,
Ayuso-Mateos JL, Miret M. Association of loneliness with all-
cause  mortali ty:  a  meta-analysis.  PLoS  One  2018;
13(1):e0190033.

10.

Stopford R, Winkley K, Ismail K. Social support and glycemic
control in type 2 diabetes: a systematic review of observational
studies. Patient Educ Couns 2013;93(3):549–58.

11.

Pimouguet C, Rizzuto D, Schön P, Shakersain B, Angleman S,
Lagergren  M,  e t  a l .  Impac t  o f  l iv ing  a lone  on
institutionalization  and  mortality:  a  population-based
longitudinal study. Eur J Public Health 2016;26(1):182–7.

12.

PREVENTING CHRONIC DISEASE VOLUME 16, E16

PUBLIC HEALTH RESEARCH, PRACTICE, AND POLICY   FEBRUARY 2019

The opinions expressed by authors contributing to this journal do not necessarily reflect the opinions of the U.S. Department of Health and Human Services,

the Public Health Service, the Centers for Disease Control and Prevention, or the authors’ affiliated institutions.

6       Centers for Disease Control and Prevention  •  www.cdc.gov/pcd/issues/2019/18_0189.htm



Saab  D,  Nisenbaum  R,  Dhalla  I,  Hwang  SW.  Hospital
readmissions in a community-based sample of homeless adults:
a matched-cohort study. J Gen Intern Med 2016;31(9):1011–8.

13.

Doran  KM,  Ragins  KT,  Iacomacci  AL,  Cunningham  A,
Jubanyik KJ, Jenq GY. The revolving hospital door: hospital
readmissions among patients  who are homeless.  Med Care
2013;51(9):767–73.

14.

van Walraven C, Jennings A, Forster AJ. A meta-analysis of
hospital 30-day avoidable readmission rates. J Eval Clin Pract
2012;18(6):1211–8.

15.

Goldfield NI, McCullough EC, Hughes JS, Tang AM, Eastman
B,  Rawlins  LK,  et  al.  Identifying  potentially  preventable
readmissions. Health Care Financ Rev 2008;30(1):75–91.

16.

3M Potentially  preventable  readmissions  (PPR) frequently
asked questions.  http://www.hscrc.state.md.us/Documents/
HSCRC_Initiatives/QualityReimbursement/EWG/09-08-
2008%20EWG%20Meeting/3M%20PPR%20FAQ.pdf.
Accessed: March 17, 2018.

17.

Potentially  preventable  readmissions  classification system.
Methodology  overview.  https://www.illinois.gov/hfs/
SiteCollect ionDocuments/3MPotential lyPreventable
Readmissions.pdf. Accessed: March 17, 2018.

18.

Sentell T, Ahn HJ, Miyamura J, Taira DA. Thirty-day inpatient
readmissions  for  Asian  American  and  Pacific  Islander
subgroups compared with whites. Med Care Res Rev 2018;
75(1):100–26.

19.

Elixhauser A, Steiner C, Harris DR, Coffey RM. Comorbidity
measures for use with administrative data.  Med Care 1998;
36(1):8–27.

20.

Matthews KA, Adler NE, Forrest CB, Stead WW. Collecting
psychosocial “vital signs” in electronic health records: why
now? what are they? what’s new for psychology? Am Psychol
2016;71(6):497–504.

21.

Bucholz  EM,  Krumholz  HM.  Loneliness  and  living  alone:
what  are  we  really  measuring.  Arch  Intern  Med  2012;
172(14):1084–5.

22.

Steptoe  A,  Shankar  A,  Demakakos  P,  Wardle  J.  Social
isolation, loneliness, and all-cause mortality in older men and
women. Proc Natl Acad Sci USA 2013;110(15):5797–801.

23.

Nakagawa K,  Ahn HJ,  Taira  DA, Miyamura J,  Sentell  TL.
Ethnic  comparison  of  30-day  potentially  preventable
readmissions  after  stroke  in  Hawaii .  Stroke  2016;
47(10):2611–7.

24.

Holt-Lunstad J, Smith TB, Layton JB. Social relationships and
mortality  risk:  a  meta-analytic  review.  PLoS  Med  2010;
7(7):e1000316.

25.

Lofquist DA. Multigenerational Households: 2009-2011. US
Department  of  Commerce,  Economics  and  Statistics
Administration, US Census Bureau; 2012.</bok>

26.

The Senate Twenty-Eighth Legislature, State of Hawaii. A bill
for an act relating to discharge planning, SB No. 2397, SD 1
(2016).  https://www.capitol.hawaii.gov/session2016/bills/
SB2397_SD1_.pdf. Accessed March 17, 2018.

27.

Rodakowski J, Rocco PB, Ortiz M, Folb B, Schulz R, Morton
SC, et al. Caregiver integration during discharge planning for
older  adults  to  reduce  resource  use:  a  metaanalysis.  J  Am
Geriatr Soc 2017;65(8):1748–55.

28.

Saab  D,  Nisenbaum  R,  Dhalla  I,  Hwang  SW.  Hospital
readmissions in a community-based sample of homeless adults:
a matched-cohort study. J Gen Intern Med 2016;31(9):1011–8.

29.

Schiefelbein EL, Olson JA, Moxham JD. Patterns of health
care utilization among vulnerable populations in central Texas
using  data  from a  regional  health  information  exchange.  J
Health Care Poor Underserved 2014;25(1):37–51.

30.

PREVENTING CHRONIC DISEASE VOLUME 16, E16

PUBLIC HEALTH RESEARCH, PRACTICE, AND POLICY   FEBRUARY 2019

The opinions expressed by authors contributing to this journal do not necessarily reflect the opinions of the U.S. Department of Health and Human Services,

the Public Health Service, the Centers for Disease Control and Prevention, or the authors’ affiliated institutions.

www.cdc.gov/pcd/issues/2019/18_0189.htm • Centers for Disease Control and Prevention       7



Tables

Table 1. Characteristics of Patients With and Without a 30-day Potentially Preventable Hospital Readmission (PPR) (N = 21,274) Following an Index Hospitalization,
Two Urban Hospitals, Hawai‘i , May 2015–April 2017a

Variable

All Patients (n = 21,274)

No PPR Have PPR P Value

Lives alone

Yes 3,376 (16.6) 128 (14.4)
.09

No 16,981 (83.4) 766 (85.6)

Homeless

Yes 2,259 (11.1) 126 (14.1)
.006

No 18,111 (88.9) 771 (86.0)

Age, y

<65 9,312 (45.7) 394 (43.8)
.27

≥65 11,063 (54.3) 505 (56.1)

Sex

Male 10,611 (52.1) 480 (53.4)
.44

Female 9,762 (47.9) 419 (46.6)

Race/ethnicity

White 5,133 (21.2) 200 (22.3)

.02

Chinese 917 (4.5) 43 (4.8)

Filipino 3,316 (16.3) 143 (15.9)

Hawaiian 2,737 (13.4) 160 (17.8)

Japanese 5,204 (25.5) 214 (23.8)

Other Pacific Islander 1,353 (6.6) 65 (7.2)

Other 1,715 (8.4) 74 (8.23)

Insurance

Private 6,902 (33.9) 266 (29.6)

<.001Public 13,241 (65.0) 618 (68.9)

Other 232 (1.14) 14 (1.6)

Admission source

Emergency 15,097 (74.1) 721 (80.2)

<.001Referral 3,743 (19.4) 110 (12.2)

Transfer 1,521 (7.5) 67 (7.4)

Length of stay 5.5–6.6 7.0 ± 6.7 .99

ICU daysb 0.4–1.7 0.5 ± 1.8 .99

Case mix indexc 1.9–1.4 1.9 ± 1.4 .99
a Values are number (percentage) unless otherwise indicated. Where null values existed, index hospitalizations were removed from binary analysis. Null values for
each are lives alone (n = 23), homelessness (n = 7), sex (n = 2), insurance (n = 1), admission (n = 15), and assistive device (n = 49).
b ICU days indicates number of days spent in an intensive care unit.
c The severity of illness weight assigned by Centers for Medicare & Medicaid Services on the basis of a patient’s principle diagnoses.
d Requires a device to aid with mobility (eg, wheelchair, cane, walker).

(continued on next page)
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(continued)

Table 1. Characteristics of Patients With and Without a 30-day Potentially Preventable Hospital Readmission (PPR) (N = 21,274) Following an Index Hospitalization,
Two Urban Hospitals, Hawai‘i , May 2015–April 2017a

Variable

All Patients (n = 21,274)

No PPR Have PPR P Value

Surgery

Yes 7,255 (35.6) 275 (30.6)
.002

No 13,120 (64.4) 624 (69.4)

Uses assistive deviced

Yes 11,453 (56.3) 372 (41.5)
 <.001

No 8,876 (43.7) 524 (58.5)

Elixhauser comorbidity score (number of co-occurring disorders in addition to primary diagnosis)

0 848 (4.2) 7 (0.8)

<.001

1–3 6,668 (32.7) 156 (17.4)

4–6 6,206 (30.5) 234 (26.1)

7–9 3,850 (18.9) 225 (25.1)

≥10 2,805 (13.8) 275 (30.7)

Mental health

Yes 14,797 (72.6) 641 (71.3)
.38

No 5,578 (27.4) 258 (29.70)

Discharged to

Home/self-care 14,891 (73.1) 650 (72.3)

<.001
Hospice 498 (2.4) 1 (0.1)

Skilled nursing facility 2,347 (11.5) 94 (10.5)

Other facility 2,639 (13.0) 154 (17.1)
a Values are number (percentage) unless otherwise indicated. Where null values existed, index hospitalizations were removed from binary analysis. Null values for
each are lives alone (n = 23), homelessness (n = 7), sex (n = 2), insurance (n = 1), admission (n = 15), and assistive device (n = 49).
b ICU days indicates number of days spent in an intensive care unit.
c The severity of illness weight assigned by Centers for Medicare & Medicaid Services on the basis of a patient’s principle diagnoses.
d Requires a device to aid with mobility (eg, wheelchair, cane, walker).
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Table 2. Multivariable Logistical Model Predicting Having a 30-Day Potentially Preventable Hospital Readmission Following an Index Hospitalization (N = 21,124),
Two Urban Hospitals, Hawai‘i, May 2015–April 2017a

Variable Odds Ratio (95% Confidence Interval)

Lives alone

Yes 1.17 (0.96–1.42

No 1 [Reference]

Homeless

Yes 0.87 (0.71–1.07)

No 1 [Reference]

Admission source

Emergency 1 [Reference]

Referral 0.73 (0.58–0.92)

Transfer 1.04 (0.80–1.07)

Age, y

<65 1.13 (0.96–1.32)

≥65 1 [Reference]

Sex

Male 0.93 (0.81–1.07)

Female 1 [Reference]

Race/ethnicity

Caucasian 1 [Reference]

Chinese 1.14 (0.81–1.60)

Filipino 0.95 (0.76–1.18)

Hawaiian 1.12 (0.90–1.40)

Japanese 1.01 (0.82–1.23)

Other Pacific Islander 0.94 (0.80–1.11)

Other 1.12 (0.85–1.48)

Insurance

Private 1 [Reference]

Public 1.29 (1.09–1.53)

Other 0.61 (0.22–1.66)

Admission source

Emergency 1 [Reference]

Referral 0.73 (0.58–0.92)

Transfer 1.04 (0.80–1.07)

Surgery

Yes 0.94 (0.80–1.11)

No 1 [Reference]

Uses assistive deviceb

a Excludes 150 patients with missing response or explanatory variables.
b Requires a device to aid with mobility (eg, wheelchair, cane, walker).

(continued on next page)
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(continued)

Table 2. Multivariable Logistical Model Predicting Having a 30-Day Potentially Preventable Hospital Readmission Following an Index Hospitalization (N = 21,124),
Two Urban Hospitals, Hawai‘i, May 2015–April 2017a

Variable Odds Ratio (95% Confidence Interval)

Yes 0.72 (0.62–0.84)

No 1 [Reference]

Elixhauser comorbidity score (number of co-occurring disorders in addition to primary diagnosis)

0 1 [Reference]

1–3 2.77 (1.24–5.72)

4–6 3.98 (1.86–8.51)

7–9 5.91 (2.75–12.70)

≥10 9.30 (4.30–20.00)

Discharged to

Home/self-care 1 [Reference]

Hospice 0.03 (0–0.21)

Skilled nursing facility 0.65 (0.51–0.82)

Other facility 1.10 (0.91–1.33)
a Excludes 150 patients with missing response or explanatory variables.
b Requires a device to aid with mobility (eg, wheelchair, cane, walker).
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