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Abstract

Aims: To identify clusters of risk factors in home health care and determine if the clusters are 

associated with hospitalizations or emergency department visits.

Design: A retrospective cohort study.

Methods: This study included 61,454 patients pertaining to 79,079 episodes receiving home 

health care between 2015 and 2017 from one of the largest home health care organizations in 

the United States. Potential risk factors were extracted from structured data and unstructured 

clinical notes analysed by natural language processing. A K-means cluster analysis was 
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conducted. Kaplan–Meier analysis was conducted to identify the association between clusters 

and hospitalizations or emergency department visits during home health care.

Results: A total of 11.6% of home health episodes resulted in hospitalizations or emergency 

department visits. Risk factors formed three clusters. Cluster 1 is characterized by a combination 

of risk factors related to “impaired physical comfort with pain,” defined as situations where 

patients may experience increased pain. Cluster 2 is characterized by “high comorbidity burden” 

defined as multiple comorbidities or other risks for hospitalization (e.g., prior falls). Cluster 3 is 

characterized by “impaired cognitive/psychological and skin integrity” including dementia or skin 

ulcer. Compared to Cluster 1, the risk of hospitalizations or emergency department visits increased 

by 1.95 times for Cluster 2 and by 2.12 times for Cluster 3 (all p < .001).

Conclusion: Risk factors were clustered into three types describing distinct characteristics for 

hospitalizations or emergency department visits. Different combinations of risk factors affected the 

likelihood of these negative outcomes.

Impact: Cluster-based risk prediction models could be integrated into early warning systems to 

identify patients at risk for hospitalizations or emergency department visits leading to more timely, 

patient-centred care, ultimately preventing these events.

Patient or Public Contribution: There was no involvement of patients in developing the 

research question, determining the outcome measures, or implementing the study.
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1 | INTRODUCTION/BACKGROUND

Home health care (HHC) includes skilled nursing care, occupational and physical therapy, 

social work service, and personal care assistance. A patient is eligible to receive care at 

home based on an assessment of the patient’s condition by a healthcare provider (e.g., 

physicians). Intermittent services are typically provided in person to patients at home 

with the goal of promoting recovery from illness and the prevention of deterioration (The 

Medicare Payment Advisory Commission, 2019). Over the past decades, the need for HHC 

has grown substantially in the United States (U.S.) and internationally, and the demand will 

likely continue to grow with an ageing population and longer life expectancies (Landers et 

al., 2016). The current trends of shorter hospital stays have contributed to increased clinical 

complexity of patients admitted to HHC (Burke et al., 2015). In the U.S., HHC services 

are usually provided for an “episode” which is a period up to 60 days paid for by the 

Centers for Medicaid and Medicare Services (Centers for Medicare & Medicaid Services, 

2017) (see Footnote1). The patient may recertify for the continuation of the HHC during the 

comprehensive reassessment, or the patient may be discharged from the HHC upon reaching 

the clinical goals of their plan of care (The Medicare Payment Advisory Commission, 2019).

1In 2020, the length of CMS-reimbursable HHC episode was reduced from 60 days to 30 days (Centers for Medicare and Medicaid 
Services, 2019). Data for this study were collected between 1/1/2015 and 12/31/17, hence we used an episode length of 60 days.
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Although continuous efforts are made to reduce negative outcomes in HHC, such as the 

utilization of acute care services (i.e., hospitalizations or emergency department (ED) 

visits), on average more than 20% of HHC patients are admitted to the hospital or visit 

an ED within the first 60 days after beginning HHC services (Centers for Medicare 

and Medicaid Services, 2019). Up to 40% of these events are preventable with timely 

care (National Center for Health Statistics, 2018; O’Connor et al., 2014; Solberg et al., 

2018), so it is imperative to identify the patients at risk early so that healthcare providers 

are able to intervene (Zolnoori et al., 2021). Awareness of a patient’s risk status allows 

healthcare providers to better monitor patients for worsening symptoms and provide early 

interventions when needed. These early interventions could include more frequent HHC 

visits, acute care interventions at home (e.g., intravenous therapies, medication adjustments), 

or telemonitoring.

In previous studies, risk factors associated with hospitalizations or ED visits in HHC 

were examined using standardized assessments, such as the Outcome and Assessment 

Information Set (OASIS) (Fortinsky et al., 2014; Lohman et al., 2018; Ma et al., 2017). Risk 

factors for hospitalization included being male, being Black, having a history of previous 

hospitalizations or polypharmacy, depressive symptoms, greater functional disability, 

dyspnea severity, and more. However, these risk factors commonly co-exist and are therefore 

likely to be frequently seen together in a patient’s medical history (Shi & Stevens, 2005). 

Several studies conducted among patients with heart failure, other cardiovascular diseases, 

and stroke have demonstrated higher risk of adverse clinical outcomes when two or more 

risk factors are present at the same time (Peters et al., 2018; Son & Won, 2018). To support 

early identification of patients at risk, determining the combination of risk factors can 

potentially be more effective than identifying risk factors in isolation.

Cluster analysis is a data mining technique that groups similar observations into a number 

of data groups (i.e., clusters) based on measured characteristics to identify representation in 

specific groups (Tan et al., 2013). In recent years, cluster analysis has been used to identify 

phenotypes that have similar combinations of clinical factors (Sharma, 2021). Various 

clustering algorithms such as connectivity-based clustering (e.g., hierarchical clustering 

analysis), centroid models (e.g., K-means), and distribution models (e.g., expectation–

maximization algorithm) have been applied to group a variety of factors including similar 

symptoms, patients with similar experiences, or risk factors (Li et al., 2019; Streur et al., 

2018). Clustering is a method for aggregating the data, making it clinically meaningful 

and useful for prediction purposes (Alonso-Betanzos & Bolón-Canedo, 2018). Such data 

aggregation methods can reveal hidden patterns in the data, thus improving risk prediction 

accuracy by revealing data structure and regularities (Dalmaijer et al., 2022; Huang et 

al., 2019). In essence, clustering methods help to identify the complex interplay between 

different patient-level risk factors affecting a certain outcome rather than examining the 

impact of individual risk factors. Additionally, such an approach would be able to provide a 

more comprehensive picture of the patient’s condition, along with identifying patient cohorts 

who need tailored treatment. As part of their efforts to develop personalized symptom 

management therapies, the National Institute of Nursing Research has identified the 

importance of managing co-occurring symptoms, which can be detected through grouping 

or clustering symptoms together (National Institute of Nursing Research, 2019). Despite 
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clustering being a promising method for identifying hidden combinations of risk factors, no 

previous studies in HHC have examined clusters of risk factors and their association with 

hospitalization or ED visits over time.

2 | THE STUDY

2.1 | Aims

To address this knowledge gap, the aims of this study were to: (1) identify clusters of risk 

factors in HHC using unsupervised and data-driven analysis, (2) investigate the association 

between clusters of risk factors and hospitalizations or ED visits within 60 days considering 

time-to-event for each cluster, and (3) examine the associations between clusters of risk 

factors and the timing of hospitalization or ED visits.

2.2 | Design

This retrospective observational cohort study used the data obtained from one of the largest 

non-profit HHC organizations in the Northeastern U.S.

2.3 | Sample/participants

This study sample included patients who received HHC services between 1 January 2015 

and 31 December 2017. An HHC “episode” refers to all services provided between the 

patient’s admission and discharge from the HHC or 60 days, whichever occurs first. This 

study included 79,079 HHC episodes pertaining to 61,454 unique patients, since patients 

could have multiple episodes during the study period.

2.4 | Data collection

Two major data sources were retrieved: structured data (i.e., Outcome and Assessment 

Information Set (OASIS) and other assessment items from the electronic health record 

(EHR)) and unstructured data (i.e., clinical notes).

2.4.1 | Structured datasets: OASIS and EHR—The Center for Medicare and 

Medicaid Services mandates OASIS as a standardized outcome and assessment tool for 

HHC. At the time of admission and at the end of an episode of HHC, an OASIS 

assessment must be completed for each patient. The OASIS assessment captures over 100 

patient characteristics including socio-demographics, physiologic conditions, comorbidities, 

medication and equipment management, cognitive and behavioural status (e.g., Activities 

of Daily Living (ADL)/Instrumental Activities of Daily Living (IADL)), and utilization 

of health care during the HHC episode (Tullai-McGuinness et al., 2009). We used both 

OASIS-C1 released in 2015 and OASIS-C2 released in 2017.

A dataset from the institution’s EHR included features beyond OASIS, such as 

socioeconomic factors, insurance, county of residence, information on comorbidities, 

admission and discharge dates, and medications.

2.4.2 | Unstructured dataset: Clinical notes—The study cohort had about 2.3 

million clinical notes generated during their episodes of care. Clinical notes were 
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primarily written by nurses, but physical and occupational therapists and social workers 

also contributed. Clinical notes included (1) visit notes detailing the patient’s condition 

and treatment during the HHC visit (total n = 1,029,535), and (2) care coordination 

notes describing the exchange of information between healthcare clinicians and other 

administrative duties (total n = 1,292,442).

In a previous study, our team developed a natural language processing algorithm (NLP- 

an artificial intelligence field in which computers analyse, understand, and extract meaning 

from human language in a text form) to extract the risk factors for hospitalizations or ED 

visits from HHC clinical notes (Song, Ojo, et al., 2022). Details on our previous NLP 

development and validation are described elsewhere (Song, Ojo, et al., 2022). In essence, 

based on the Omaha System—a standardized nursing terminology commonly utilized in 

community health (Martin, 2005)—a subset of 31 Omaha System problems, including 

“Circulation,” “Respiration,” “Healthcare supervision,” etc., were identified as risk factors 

for hospitalizations or ED visits in HHC. Then, using the Omaha System as a tag of risk 

factors, the NLP algorithm was applied on all the clinical notes to identify risk factors for 

hospitalizations or ED visits. The NLP algorithm achieved high-risk factor identification 

accuracy with precision of 0.95, recall of 0.78 and an F-score of 0.84 (a harmonic means 

between precision and recall). A summary of the development of NLP is described in 

Appendix S1, and the risk factors identified for hospitalizations or ED visits are listed in 

Appendix S2.

2.4.3 | Outcome: Utilization of acute care services (i.e., hospitalizations or 
ED visits)—Hospitalizations or ED visits were identified from OASIS item M0100: 

“reason for completing assessment at present” (i.e., transfer to an inpatient facility including 

patient discharged or not discharged) and M2301 “emergent care” (i.e., utilization of the 

hospital ED, including hospital admission or non-admission). Time to hospitalizations or ED 

visits was calculated as the number of days between the date of HHC admission and the 

date of hospitalization or ED visit. For patients who did not have the outcome during the 

episode of care (censored), we defined follow-up time as the number of days between HHC 

admission and discharge or 60 days, whichever occurred first. All analyses were conducted 

at the HHC episode level.

2.5 | Ethical considerations

The study was approved by the Institutional Review Board of the participating institution 

(IRB# I20–003). Since our study used retrospective anonymous data, a waiver of informed 

consent was obtained. De-identified data were analysed. The highest safety standards 

were been followed with protection of study subject confidentiality as per national and 

international regulations for studies on human subjects included in the Declaration of 

Helsinki on Biomedical Research.

2.6 | Data analysis

2.6.1 | Variable selection—A full dataset was created including all available structured 

data elements (e.g., sociodemographic characteristics, comorbidities, functional status) and 

all variables derived by applying the NLP algorithm to clinical notes. We then applied the 
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criteria described below to guide our selection of variables for inclusion in the clustering 

analysis. As done in our previous work (Song, Hobensack, et al., 2022; Song, Woo, et al., 

2021; Song, Zolnoori, et al., 2021), variables with missing data over 20% were excluded, 

and the remaining variables with missing data were replaced with the median for continuous 

variables and the mode for categorical variables. To avoid linear dependency issues, we 

excluded redundant variables with strong correlations (Pearson correlation coefficient above 

0.5 or below −0.5) and retained only variables with a higher frequency. Afterwards, we 

conducted a bivariate analysis (Student’s t-test or Fisher exact test) between patients with 

hospitalizations or ED visits and those without to identify the variables that were statistically 

significant (p < .05). Lastly, to reduce the noise caused by small samples within each 

variable when conducting clustering tasks, those variables in which only less than 10% of 

the data indicate a presence of corresponding variables were excluded (Im et al., 2020). Our 

variable selection process resulted in 45 variables for use in the clustering analysis: 36 of 

these variables were derived from the OASIS assessment or the EHR data and 9 variables 

were derived from the application of NLP to the clinical notes.

2.6.2 | Cluster analysis—We sought to discover clusters of clinical characteristics 

using the K-means cluster analysis (Likas et al., 2003)—an unsupervised machine 

learning technique widely used in data mining, pattern recognition, and decision support. 

Clustering by K-means is the process of grouping N observations into groups of K. To 

classify observations into groups, the degree of similarity/dissimilarity or distance between 

observation pairs was calculated using the Euclidean distance (Singh et al., 2013). The 

centre of the cluster (i.e., centroid) represents the average of all observations assigned to the 

cluster. Then, each object is assigned to its closest centroid based on the distance between 

the observations and the centroid. Ultimately, each observation belongs to the group with 

the closest cluster mean or centroid (Likas et al., 2003). An elbow method was used to 

determine the optimal number of clusters, in which the sum of squares for each K within a 

cluster is plotted over a curve, and the point where the curve appears sharpest indicates the 

optimal number of clusters (Syakur et al., 2018).

2.6.3 | Statistical analysis—Following K-means cluster analysis, differences in clinical 

characteristics between patients with hospitalizations or ED visits versus patients without 

those outcomes were compared using analysis of variance (ANOVA) test. Then, a Kaplan–

Meier analysis was used to estimate the survival rate from hospitalizations or ED visits 

in HHC within 60 days between clusters (i.e., a combination of risk factors), and a log-

rank test was used to compare differences between clusters. The hazard ratio (HR) and 

95% confidence interval (CI) were presented to estimate the association of clusters on 

time-to-event outcomes (i.e., hospitalizations or ED visits). Lastly, we performed a post-hoc 

ANOVA on episodes that included hospitalizations or ED visits to examine the association 

between the timing of hospitalizations or ED visits and clusters. For all analyses, a p-value 

<.05 (two-tailed) was considered statistically significant. All analyses were implemented 

using R software version 4.1.0 (Foundation of Statistical Computing, Vienna).
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2.7 | Validity, reliability and rigour

Through K-means cluster analysis as an unsupervised machine learning technique, large 

numbers of observations can be categorized into groups with similar properties. The 

credibility of K-means cluster analysis has already been recognized and used (Likas et 

al., 2003). A discussion was held within the research group concerning the data analysis 

to guarantee methodological coherence, adequate sampling, and responsiveness. The lead 

author of this paper conducted the analyses independently, but the other authors critically 

reviewed the findings, which led to a consensus on the themes and labelling of clusters based 

on their characteristics.

3 | RESULTS

During the study period, 11.6% (9182/79,079) of HHC episodes resulted in utilization of 

acute care services (i.e., hospitalizations or ED visits).

3.1 | Cohort demographics and clinical characteristics

The average patient age was 78.8 years, and 64% of patients were female. Hypertension, 

diabetes, and arthritis were the most common diagnoses (65%, 30%, and 24%, respectively). 

Approximately 24% of patients experienced multiple hospitalizations within the 6 months 

before receiving HHC services; a history of prior hospitalization was more common in 

patients who experienced hospitalization or ED utilization during their HHC episode 

compared to those who did not experience these outcomes (40% vs. 22%, respectively). 

The most frequently documented risk factors in clinical notes were “Pain,” followed by 

“Neuromusculoskeletal function,” “Circulation,” and “Mental health” issues (48%, 46%, 

35%, and 31%, respectively). The following problems were more frequently documented 

in the clinical notes of patients with hospitalizations or ED visits than those without: 

“Circulation (42 vs. 33%),” “Cognition (20 vs. 15%),” “Mental health (39 vs 30%),” “Pain 

(50 vs. 46%),” and “Skin (28% vs. 18%).” Additional details are presented in Table 1.

3.2 | Cluster analysis of risk factors

Using elbow methods, the optimal number of clusters was determined to be three.

Table 2 presents the distinct clinical characteristics of clusters associated with each of the 

clusters. Cluster 1 is characterized by a combination of risk factors for “impaired physical 

comfort with pain”. For this cluster, there was predominant documentation of pain in clinical 

notes and in OASIS, as well as clinical situations that could potentially increase pain, such 

as the history of arthritis or surgical wounds. Cluster 2 is labelled “high comorbidity burden” 

defined as multiple comorbidities (such as diabetes or cardiovascular disease) and multiple 

other risks for hospitalization (such as prior falls and multiple prior hospitalizations) 

compiled from OASIS, as well as circulatory or respiratory problems documented in clinical 

notes. Cluster 3 is characterized by “impaired cognitive/psychological and skin integrity”. 

Patients in this cluster had: (a) significant cognitive/psychological issues such as dementia, 

confusion, or anxiety noted in the OASIS, or mental health or cognition issues documented 

in clinical notes, and (b) significant skin issues, such as an open wound or skin ulcer, noted 

in the OASIS, or a skin condition documented in clinical notes.
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3.3 | Association of the Clusters with risk for hospitalization or ED visit

Compared with the Cluster 1 group of risk factors, those with Cluster 2 and Cluster 3 
risk factors were at higher risk of being hospitalized or visiting the ED within 60 days 

of admission to HHC. The risk of hospitalizations or ED visits was 1.95 times higher for 

Cluster 2 (hazard ratio (HR), 1.95 [95% CI, 1.86–2.04]) and 2.12 times higher for Cluster 3 
(HR, 2.12 [95% CI, 1.99–2.26]) compared with Cluster 1 (all p < .001).

In the post-hoc analysis that included only patients with hospitalizations or ED visits, the 

time to event was 38 days (standard deviation [SD] = 18.1) in Cluster 1, 41.7 days (SD = 

17.5) in Cluster 2, and 38.7 days (SD = 18.2) in Cluster 3. Thus, among patients who were 

hospitalized or used the ED, those with Cluster 1 symptoms (impaired physical comfort 

with pain) had the shortest time to event, which was slightly shorter than Cluster 3, and 

significantly shorter than Cluster 2 (p < .001).

4 | DISCUSSION

Our study is the first to our knowledge to evaluate the clusters of risk factors in HHC 

and their association with risk for hospitalizations or ED visits. Using data mining-based 

unsupervised cluster analysis, hidden patterns and combinations of risk factors were 

identified in a large sample of patients receiving HHC service. A heterogeneity of the 

combination of risk factors was observed, with distinct characteristics in each cluster: 

Cluster 1—Impaired physical comfort with pain; Cluster 2—High comorbidity burden; 

Cluster 3—Impaired cognitive/psychological and skin integrity.

Although the themes of clusters (i.e., pain, comorbidities, cognitive impairment and poor 

integumentary status) can be mapped to established risk factors for hospitalization and ED 

visits (Fortinsky et al., 2014; Lohman et al., 2018; Ma et al., 2017; Shang et al., 2020; Song, 

Woo, et al., 2021), our attempt to identify combinations of risk factors in HHC patients 

is novel. Our results also support previous studies showing that clinical characteristics 

should not be considered as isolated factors, since they tend to cluster together (Murphy 

et al., 2019). Characterizing these groups with the different combinations of risk factors 

can provide a basis for tailoring treatment for patients with these risk factors. Based on 

the results of this study, HHC health care providers should identify patients at risk of 

pain, comorbidities, cognitive impairment, and poor integumentary status early across HHC 

treatments to plan the most effective interventions and follow-up during HHC trajectories. 

For example, an early pain management strategy including postoperative pain control, 

mobilization with therapy, early referral for interdisciplinary pain management may help 

patients with risk factors in Cluster 1 avoid hospitalization or ED visits (Wells et al., 2008). 

Patients in the Cluster 2 group may benefit from assistance with planning self-management 

strategies to deal with the burden of chronic disease or from more frequent monitoring 

for medication adjustments and/or to ensure adherence to medication for chronic disease 

(Grady & Gough, 2014). Lastly, patients in the Cluster 3 group might benefit from cognitive 

function stimulation or counselling strategies (Silva et al., 2021), or wound management 

(Karadağ & Çakar, 2022).
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Notably, associations between clinical characteristics were identified within each cluster. 

For example, in Cluster 3, older age was clustered together with the risk of cognitive 

impairments (e.g., dementia) and the risk of having sensory impairments (e.g., difficulty 

seeing, hearing, and speaking) (Loughrey et al., 2018). In addition, elderly patients with 

cognitive decline are more prone to having pressure ulcers and requiring greater assistance 

with ADLs/IADLs due to their vulnerability to poor self-care and decreased mobility 

(Edwards et al., 2020; Jaul et al., 2018). This cluster also included a higher proportion 

of Hispanic patients; these patients are indeed more likely to be diagnosed with dementia 

compared to White patients (Chen & Zissimopoulos, 2018). Thus, cluster analysis could 

reveal hidden patterns by incorporating the clinical characteristics that are potentially 

associated with a cluster.

Our findings also showed that a certain combination of risk factors (i.e., clusters) was 

associated with the time to or incidence of hospitalization or ED visits. In a previous study 

in which individual risk factors for hospitalizations or ED visits in HHC were examined, 

chronic comorbidities (e.g., diabetes), mental illness, or psychological issues were not 

identified as statistically significant in a multivariate logistic regression analysis (Song, 

Woo, et al., 2021). In contrast, the current study showed that clusters of risk factors related 

to high comorbidities burden or cognitive/psychological or skin issues increases the risk 

of hospitalizations or ED visits. In addition, certain combinations of risk factors were 

associated with earlier hospitalizations or ED visits. Perhaps, acute pain, a demonstrable 

cognitive/psychological impairment, or integumentary issues demand immediate attention, 

therefore, patients with those conditions may have been hospitalized earlier than those with 

chronic conditions that are comparatively not as urgent unless there are exacerbations (Green 

et al., 2018). Further research is needed to determine whether trajectories of risk factors are 

associated with earlier hospitalizations or ED visits.

This study is also innovative because it leveraged various types of data streams, such as 

structured data and unstructured data (e.g., clinical notes) to perform cluster analysis and 

leveraged the problem and symptom terms within a standardized nursing terminology to 

facilitate the NLP (Martin, 2005). Our findings indicated that data retrieved from clinical 

notes and structured assessments have homogeneity in terms of content. For example, pain 

recorded in structured data was captured in the clinical notes as well. Thus, information 

extracted from these convergent data sources can be leveraged as valid indicators to 

determine the risk of hospitalization or ED visit, increasing the possibility of capturing the 

hidden combinations of risk factors and identifying patients’ risk profiles. A comprehensive 

set of symptoms that were documented in the unstructured clinical note could be identified 

by using the Omaha System problem which included broad signs and symptoms (e.g., ‘does 

not follow recommended dosage/schedule’ under the problem of ‘Medication regimen’, 

or ‘fails to obtain routine/preventive health care’ under the problem of ‘Health care 

supervision’). Structured data, on the other hand, has not been available for such data. From 

this perspective, along with highlighting the utilization of clinical notes in identifying risk 

factors for hospitalizations or ED visits, future efforts may include adding signs/symptoms 

that could be used to populate a structured symptom checklist in the HHC EHR to reduce 

the burden of narrative documentation.
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4.1 | Future clinical implications

Considering these results, developing cluster-based risk prediction models may be feasible 

in HHC. These models could be incorporated into early warning systems for identifying 

HHC patients at risk for hospitalizations or ED visits. Ultimately, the integration of such 

early warning systems into HHC clinical workflows would alert nurses about patients 

at risk, enabling them to intervene to reduce risks and improve outcomes. Although it 

has been demonstrated that early warning systems are effective in improving clinical 

outcomes in hospital settings (Gerry et al., 2020), little is known about their effectiveness 

in HHC. Therefore, further research is needed to develop such early warning systems and 

evaluate their effectiveness in HHC settings to improve patient outcomes, such as reducing 

hospitalizations and ED visits.

4.2 | Limitations

There are several notable limitations to this study. First, this investigation was conducted 

at a single HHC organization located in an urban area in the northeastern U.S. This limits 

its generalizability to other geographic locations, which require external validation. Since 

data collected from 2015 to 2017 were utilized in the analysis, results should be replicated 

in more recent patient cohorts. Also, several clinical characteristics, even though they were 

associated with hospitalizations or ED visits, were not included in the cluster analysis 

because they were not selected in the initial variable selection stage due to their low 

prevalence; some information might have been lost as a result. Given we used unstructured 

clinical notes based on the English language, the current developed NLP approach is not 

available to the international nursing community, but structured data might be useful without 

language restrictions. Future work should also examine whether using structured data alone 

(e.g., OASIS) can produce similar clustering results. Moreover, the present study was based 

on retrospective data which limits our ability to infer causal relationships. Lastly, survival 

analysis in this study has a limitation in that information about hospitalization or ED visits 

was not available after discharge from HHC, leading us to underestimate these outcomes in 

some cases.

5 | CONCLUSIONS

This study identified three distinct clusters of risk factors associated with hospitalizations or 

ED visits. Our findings demonstrate the heterogeneity of the combination of risk factors and 

clearly show that every cluster had its own characteristics. The different combinations of risk 

factors showed different effects on the likelihood of hospitalizations or ED visits, and the 

timing of such visits. Our findings suggest that patients who experience ‘impaired cognitive/

psychological and skin integrity,’ more frequently be hospitalized or visit the ED, have many 

unmet risk management needs, and may require the highest level of supportive care need and 

intervention during HHC. Future studies should explore the use of risk cluster-based early 

warning systems to prevent hospitalizations or ED visits in HHC.
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Table 1.

Patient Characteristics and Information Extracted from Clinical Notes Between Patients with 

Hospitalization/ED Visit and those without. For bivariate analysis, student t-tests or Fisher exact tests were 

used, as appropriate (all p-value < 0.05).

Patients without 
hospitalizations/ED visits (N = 

69,897)

Patients with 
hospitalizations/ED visits (N = 

9,182)

Length of episode (mean: days, SD) 30.6 (14.1) 39.9 (17.9)

Structured data (OASIS Item): Socio-demographic factor

 Age (mean: years, SD) 77.9 (11.6) 78.8 (12.7)

 Gender: Female [n, (%)] 44,913 (64.3%) 5,675 (61.8%)

 Race/Ethnicity [n, (%)]

  Asian 3,925 (5.62%) 411 (4.48%)

  Black 11,708 (16.8%) 1,989 (21.7%)

  Hispanic 9,007 (12.9%) 1,498 (16.3%)

  White 44,936 (64.3%) 5,246 (57.1%)

 Type of insurance [n, (%)]

  Dual eligibility 4,009 (5.7%) 753 (8.2%)

  Medicare/Medicaid fee-for-service only 61,362 (87.8%) 7,659 (83.4%)

  Any managed care 3,056 (4.4%) 595 (6.5%)

  Other (e.g., private) 1,446 (2.1%) 175 (1.9%)

 Living Condition: Living alone [n, (%)] 26,979 (38.5%) 3,599 (39.2%)

Structured data (OASIS Item): Medical conditions - Active 
diagnoses [n, (%)]

 Acute myocardial infarction 12,618 (18.1%) 1,957 (21.3%)

 Arthritis 17,880 (25.6%) 1,361 (14.8%)

 Cardiac dysrhythmias 10,505 (15.0%) 1,716 (18.7%)

 Cancer 1,000 (1.43%) 395 (4.30%)

 Diabetes 19,325 (27.6%) 3,421 (37.3%)

 Dementia 8,894 (12.7%) 1,336 (14.6%)

 Heart failure 9,019 (12.9%) 2,198 (23.9%)

 Hypertension 45,574 (65.2%) 6,129 (66.8%)

 Pulmonary disease 10,262 (14.7%) 1,813 (19.7%)

 Renal failure 2,277 (3.26%) 729 (7.94%)

 Skin ulcer 6,681 (9.56%) 1,737 (18.9%)

Structured data (OASIS Item): Risk for Hospitalization [n, 
(%)]

 History of falls in the past 12 months 14,904 (21.3%) 2,087 (22.7%)

 Multiple hospitalizations in the past 6 months 15,654 (22.4%) 3,658 (39.8%)

 Currently taking 5 or more medications 55,108 (78.8%) 7,698 (83.8%)

 Decline in mental, emotional, or behavioral status in the past 3 
months 9,850 (14.1%) 1,686 (18.4%)
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Patients without 
hospitalizations/ED visits (N = 

69,897)

Patients with 
hospitalizations/ED visits (N = 

9,182)

Structured data (OASIS Item): Sensory Status [n, (%)]

 Vision impaired 13,306 (19%) 2,141 (23.3%)

 Hearing impaired 16,195 (23.2%) 2,417 (26.3%)

 Difficulty in understanding verbal content 19,729 (28.3%) 3,058 (33.3%)

 Difficulty in verbal expression 20,724 (29.7%) 3,424 (37.3%)

 Having Pain 53,891 (77.1%) 6,813 (74.2%)

Structured data (OASIS Item): Integumentary Status [n, (%)]

 Having a risk of developing pressure ulcers 26,833 (38.4%) 4,486 (48.9%)

 Having at least one Unhealed Pressure Ulcer at Stage II or 
Higher 4,169 (6%) 1,013 (11%)

 Having stasis wound 1,255 (1.8%) 318 (3.46%)

 Having surgical wounds 20,176 (28.9%) 1,670 (18.2%)

 Having skin lesion or open wound 13,015 (18.6%) 2,416 (26.3%)

Structured data (OASIS Item): Elimination [n, (%)]

 Urinary Tract Infection in the past 14 days 4,457 (6.4%) 875 (9.5%)

Structured data (OASIS Item): Neuro, Emotional, and 
Behavioral Status [n, (%)]

 Cognitive functioning (i.e., required prompting, assistance or 
totally dependent) 8,370 (12%) 1,490 (16.2%)

Structured data (OASIS Item): Overall Status [n, (%)]

 Stable 4,849 (6.94%) 542 (5.90%)

 Likely to be stable 55,260 (79.1%) 6,726 (73.3%)

 Fragile 9,439 (13.5%) 1,820 (19.8%)

 Serious 349 (0.50%) 94 (1.02%)

Structured data (OASIS Item): ADLs / IADLs

 ADL Needed [mean, (SD)]† 8.05 (1.52) 8.24 (1.36)

 ADL Severity [mean, (SD)]‡ 15.5 (6.74) 17.2 (7.51)

Unstructured Clinical Notes: Using the Omaha System as a 
risk factor (Identified through NLP approaches) [n, (%)]

 Abuse 1,375 (1.97%) 322 (3.51%)

 Bowel function 2,759 (3.95%) 831 (9.05%)

 Circulation 23,108 (33.1%) 3,842 (41.8%)

 Cognition 10,654 (15.2%) 1,828 (19.9%)

 Infectious condition 15,422 (22.1%) 3,070 (33.4%)

 Consciousness 1,492 (2.13%) 554 (6.03%)

 Digestion/hydration 4,798 (6.86%) 1,097 (11.9%)

 Genitourinary function 1,684 (2.41%) 460 (5.01%)

 Health care supervision 6,017 (8.61%) 864 (9.41%)

 Medication regimen 3,311 (4.74%) 582 (6.34%)

 Mental health 21,029 (30.1%) 3,585 (39.0%)
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Patients without 
hospitalizations/ED visits (N = 

69,897)

Patients with 
hospitalizations/ED visits (N = 

9,182)

 Neglect 2,153 (3.08%) 471 (5.13%)

 Nutrition 4,674 (6.69%) 1,092 (11.9%)

 Neuro musculoskeletal function 32,143 (46.0%) 4,112 (44.8%)

 Pain 32,414 (46.4%) 4,595 (50.0%)

 Respiration 13,455 (19.2%) 2,990 (32.6%)

 Skin 12,804 (18.3%) 2,535 (27.6%)

 Social contact 12,828 (18.4%) 1,573 (17.1%)

 Speech and language 2,730 (3.91%) 472 (5.14%)

 Substance use 376 (0.54%) 71 (0.77%)

Note: SD = standard deviation; OASIS = Outcome and Assessment Information Set; ADLs / IADLs; Activities of Daily Livings/Instrumental 
Activities of Daily Livings; NLP = natural language processing.

†:
“ADL Needed” which was defined as the summed binary ADL/IADL items (ranging from 0 to 9) derived from ADL items such as grooming, 

dressing upper and lower, bathing, toileting, transferring, ambulating, and eating, as well as IADL items such as meal preparation. Binary indicator 
0 was given if response 0 was given (no issue); otherwise, 1 was given (moderate or significant issue).

‡:
“ADLs Severity” was calculated by totaling the response categories of the dependency level in ADL/IADL items (total ranged from 0 to 38).
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