
Research and Applications

Uncovering hidden trends: identifying time trajectories in
risk factors documented in clinical notes and predicting
hospitalizations and emergency department visits during
home health care
Jiyoun Song 1,*, Se Hee Min1, Sena Chae 2, Kathryn H. Bowles3,4, Margaret V. McDonald4,

Mollie Hobensack 1, Yolanda Barr�on4, Sridevi Sridharan4, Anahita Davoudi4, Sungho Oh3,

Lauren Evans4, and Maxim Topaz1,4,5

1Columbia University School of Nursing, New York City, New York, USA
2College of Nursing, University of Iowa, Iowa City, Iowa, USA
3Department of Biobehavioral Health Sciences, University of Pennsylvania School of Nursing, Philadelphia, Pennsylvania, USA
4Center for Home Care Policy & Research, VNS Health, New York, New York, USA
5Data Science Institute, Columbia University, New York City, New York, USA

*Corresponding Author: Jiyoun Song, PhD, AGACNP-BC, RN, Columbia University School of Nursing, 560 West 168th Street, New York, NY 10032, USA;
js4753@cumc.columbia.edu

ABSTRACT
Objective: This study aimed to identify temporal risk factor patterns documented in home health care (HHC) clinical notes and examine their
association with hospitalizations or emergency department (ED) visits.

Materials and Methods: Data for 73 350 episodes of care from one large HHC organization were analyzed using dynamic time warping and
hierarchical clustering analysis to identify the temporal patterns of risk factors documented in clinical notes. The Omaha System nursing terminol-
ogy represented risk factors. First, clinical characteristics were compared between clusters. Next, multivariate logistic regression was used to
examine the association between clusters and risk for hospitalizations or ED visits. Omaha System domains corresponding to risk factors were
analyzed and described in each cluster.

Results: Six temporal clusters emerged, showing different patterns in how risk factors were documented over time. Patients with a steep
increase in documented risk factors over time had a 3 times higher likelihood of hospitalization or ED visit than patients with no documented risk
factors. Most risk factors belonged to the physiological domain, and only a few were in the environmental domain.

Discussion: An analysis of risk factor trajectories reflects a patient’s evolving health status during a HHC episode. Using standardized nursing
terminology, this study provided new insights into the complex temporal dynamics of HHC, which may lead to improved patient outcomes
through better treatment and management plans.

Conclusion: Incorporating temporal patterns in documented risk factors and their clusters into early warning systems may activate interventions
to prevent hospitalizations or ED visits in HHC.

Key words: home health care, dynamic time warping, natural language processing, risk assessment, clinical deterioration, nursing informatics

INTRODUCTION

Home health care (HHC) offers personalized healthcare, such
as nursing and social support services, to patients in their
homes.1 In the United States, HHC is one of the fastest-
growing healthcare sectors due to a rapidly aging population
and the need to accommodate an individual’s desire for alter-
natives to institutional care.2,3 HHC aims to assist patients in
recovering from illness or injury, managing chronic condi-
tions, maintaining independence, and minimizing the need for
acute care services.4 Despite ongoing efforts to reduce nega-
tive outcomes, over 20% of patients experienced hospitaliza-
tions and emergency department (ED) visits during HHC
services.5 Up to 40% of these negative outcomes are

preventable with timely care6–8; early identification of HHC
patients at risk can lead to closer surveillance and earlier
interventions to prevent hospitalizations or ED visits.9

Previous studies have used standardized assessments and
other structured data to identify risk factors associated with
hospitalizations or ED visits in HHC.10–14 However, a signifi-
cant portion of HHC risk information is not solely captured
in structured data or standard assessments but is also found
in unstructured data such as clinical notes.15 Prior research
has shown that utilizing natural language processing (NLP) to
analyze clinical notes has allowed the extraction of additional
risk factors for hospitalizations or ED visits in HHC
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compared with studying structured data alone.16–18 Our team
found that including information from HHC clinical notes
through NLP can significantly improve the ability of machine
learning algorithms to predict the patients at risk for hospital-
izations or ED visits.19

To identify risk factors in clinical notes, it is imperative to
use standardized terminology which can serve as a reliable
guide to risk identification in clinical notes. Standardized ter-
minology promotes consistent and clear identification and
documentation of risk factors, which in turn facilitates
evidence-based treatment and prevention strategies.20,21 The
Omaha System comprises 3 key components: the Problem
Classification Scheme, the Intervention Scheme, and the Prob-
lem Rating Scale for Outcomes. These components enable
healthcare professionals to precisely document and monitor
patient progress. Furthermore, the Problem Classification
Scheme—which guides the identification of risk factors
throughout this study—includes categories for health status,
environmental factors, and health-related behaviors, resulting
in a comprehensive understanding of the patient’s condi-
tion.22,23 The Omaha System was developed to represent
aspects unique to community-based care. In our previous
NLP study, we used the Omaha System to identify risk factors
for hospitalization or ED visits in HHC.16,19,24,25

In HHC, clinicians conduct multiple home visits to patients
throughout episodes of care (ie, all services provided between
the patient’s admission and discharge from the HHC or
within 60 days of the recertifying period), enabling longitudi-
nal information to be collected. Longitudinal data, also
known as time series data include multiple measurements,
observations, and clinical notes documented at different inter-
vals during the patient’s care, providing information about
their clinical condition over time and allowing for analysis of
trends and patterns. However, one limitation of previous
HHC risk identification studies is that NLP-extracted risk fac-
tors were aggregated and analyzed at the episode
level.13,17,19,26 As a result of this aggregation, changes in risk
factors over time were not examined. Clustering techniques
can aid in analyzing time trajectories of risk factors by group-
ing similar patterns together, enabling the identification of
representative patterns in time series data.27 Despite the
potential benefits of clustering for understanding and analyz-
ing time series data, this approach has not been applied in
HHC.

To address limitations in prior research, the aims of this
study were to: (1) identify the clusters of temporal risk pat-
terns documented in HHC clinical notes, (2) examine the
association between the clustering in temporal risk patterns
and hospitalizations and ED visits, and (3) identify the inter-
relationships between the risk factor temporal domains.

MATERIALS AND METHODS

We conducted a retrospective cohort study utilizing 2 data
sources: (1) structured data, consisting of the Outcome and
Assessment Information Set (OASIS) and other assessment
items extracted from the electronic health record (EHR) and
(2) unstructured data (ie, clinical notes). This study was
approved by the Institutional Review Boards of the participat-
ing institutions.

Study dataset and population

This study included patients who received HHC services
between January 1, 2015 and December 31, 2017 from one
of the largest not-for-profit HHC organizations in the North-
eastern United States. During HHC episodes, patients
involved in the study received several visits from HHC clini-
cians over a period of up to 60 days. To analyze trends in risk
factors over time, we excluded patients who received only one
HHC visit because data from a single visit are not enough to
establish a trajectory. This led to the removal of 6.8% (5467)
episodes for an effective study sample of 78 847 episodes.
Since patients could have multiple home visits within the
same episode, and multiple episodes of HHC over the study
period, consequently, this study’s sample included 551 681
home visits (mean¼ 7.5, standard deviation [SD]¼4.6) during
73 350 HHC episodes conducted for 57 572 unique patients.

Structured datasets: OASIS and EHR

OASIS is a standardized Center for Medicare and Medicaid
Services-mandated assessment tool for assessing patients in
HHC at the beginning and end of their HHC episode. OASIS
assesses over 100 patient characteristics, including sociode-
mographics, physiological conditions, comorbidities, medica-
tion and equipment management needs, neurocognitive and
behavioral status, functional status (including activities of
daily living [ADLs] and instrumental activities of daily living
[IADLs]), and health service utilization.28,29

In addition, this study used several data elements extracted
from administrative EHR data, including length of HHC epi-
sodes, HHC visit dates, and clinical note dates.

Unstructured dataset: clinical notes

For this patient group, approximately 2.3 million HHC clini-
cal notes were extracted. Nurses documented most of these
notes, while physical/occupational therapists and social work-
ers generated the rest of the notes. In HHC, clinical notes are
categorized into 2 types: (1) visit notes describe the patient’s
status and care provided during the HHC visit
(n¼1 029 535), and (2) care coordination notes describe
communication among healthcare clinicians and other admin-
istrative care-related activities (n¼1 292 442).

Utilizing the Omaha system to identify risk factors in

clinical notes

In a previous study,16 we developed a NLP system to extract
31 expert-defined hospitalization or ED visit risk factors from
HHC clinical notes. Each risk factor was mapped to the
standardized terminology, the Omaha System (see Supple-
mentary Appendix S1 for a complete list of risk factors). The
Omaha System has 4 domains (Environmental, Psychosocial,
Physiological, and Health-related Behaviors) that are further
divided into 42 problems (eg, “Income,” “Abuse,”
“Circulation,” “Medication regimen”).22 The NLP system
performed well (an average F-score¼ 0.84) in identifying risk
factors in HHC clinical notes. Further details about this work
are published elsewhere.16 In this current study, this NLP sys-
tem was used to generate an indicator of whether or not the
31 risk factors (mapped to Omaha System problems) were
documented during HHC visits, with a binary (present vs
absent) response for each risk factor.
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Applying dynamic time warping to align study’s

time points

We used the total number of risk factors identified in the clini-
cal notes to create a longitudinal dataset associated with the
day in the episode of care when the note was documented and
the risk factor identified. This generated a time series data,
consisting of a sequence of data points collected over time
intervals, with varying lengths (ie, different frequencies and
intervals), ranging from 1 to 60 days. Traditional analysis
methods of time series (eg, Euclidean distance) assume simi-
larity of time spans between observations (ie, equal number of
HHC visits and equal length of time between the visits).30

However, HHC visit patterns vary across patients; for exam-
ple, 1 patient can have 7 HHC visits with an average of
4 days between the visits, while another patient might have
only 3 HHC visits with an average of 3 days between the vis-
its. Thus, to address nonlinear temporal patterns and accom-
modate time series of varying lengths, while also accounting
for the lack of strict alignment between time points, we
applied dynamic time warping methods.31–33 Dynamic time
warping is a method of aligning 2-time series sequences to cal-
culate their pattern similarity. It accomplishes this by stretch-
ing or compressing one or both time series to minimize the
differences between corresponding points. Figure 1 illustrates
how dynamic time warping can accommodate for these varia-
tions in length in 2 different scenarios. We used the “dtw (ver-
sion 1.23-1)” package in R.34

Generating temporal patterns of risk factors via

unsupervised hierarchical cluster analysis

Data clustering is a data mining technique that involves
grouping homogeneous data into uniform clusters.35 In time
series data analysis, clustering refers to identifying patterns or
relationships within finite sequences of real numbers.27 Hier-
archical clustering groups data points into a layered structure,
starting with each point as a separate cluster and then itera-
tively merging the closest pairs of clusters.36 This approach
can be used to identify patterns and select features to

compress the dataset. In this study, dynamic time warping
was used on the time series data to calculate the distance
between 2 time series by allowing for local shifts and stretch-
ing of the time series data based on their similarity. Then hier-
archical clustering used this distance to determine which time
series are most similar to each other and should be grouped
together. We identified temporal clusters of risk factors using
a hierarchical clustering method using “hclust (version
3.6.2)” package in R.37 Coinvestigators with expertise in
HHC and machine learning (JS, SHM, KHB, and MT) visu-
ally examined the dendrogram (ie, a tree-like diagram that
displays the hierarchical relationships between the clusters) to
determine the optimal number of clusters that maximize clini-
cal interpretability and usefulness.

Study outcome: hospitalizations and ED visits

We determined that a patient had been hospitalized if they
had an OASIS assessment indicating the reason for assessment
including transfers to inpatient facilities (OASIS item M0100)
during the HHC episode, and had an ED visit if there was a
record of receiving emergent care, captured in OASIS item
M2300. Based on these 2 outcomes, we created a composite
binary outcome variable indicating whether the patient had a
hospitalization or an ED visit during their time in HHC.

Statistical analysis

First, the temporal patterns of risk factors documented in clin-
ical notes over multiple HHC visits were identified using clus-
ter analysis, then subsequent analysis was conducted at the
HHC episode level. Differences in clinical characteristics
between clusters were compared using analysis of variance
(ANOVA) tests. A multivariate logistic regression analysis
analyzed the association between the clusters of temporal risk
patterns and hospitalizations and ED visits while adjusting
for sociodemographic characteristics, comorbidities, and
ADL/IADL function. We also utilized UpSet plots, a data vis-
ualization method that depicts intersecting set data to identify
overlap between the risk factor encompassing Omaha System
domains (Environmental, Psychosocial, Physiological, and

Figure 1. Illustrates an example of dynamic time warping applied to HHC episodes for 2 patients whose time series different lengths (ie, varying visit

frequency and time intervals). Case 1 refers to one patient who had 3 HHC visits with an average interval of 3 days between visits, while Case 2 refers to

another patient who had 7 HHC visits with an average interval of 4 days between visits. Dots indicate HHC visits. A dotted line in the diagram indicates

the identification of a similar pattern (ie, similarity) between 2 HHC episodes of different lengths in the dynamic time wrapping method.
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Health-related Behaviors) and their clusters. A P-value <.05
(2-tailed) was considered statistically significant for all analy-
ses. All analyses were implemented using R software version
4.2.2 (Foundation of Statistical Computing, Vienna).

RESULTS

During the study period, 8227/73 350 (11.2%) of HHC epi-
sodes resulted in a hospitalization or ED visit. The average
patient’s age was 79 years, and 64.3% were female. Among
the sample, 63% of the patients were non-Hispanic Whites
patients, followed by 17.2% of non-Hispanic Blacks patients,
13.4% of Hispanics patients, and 6.1% of others. For
patients experiencing hospitalization or ED visits, the time
gaps between the last note used for clustering and the hospi-
tal/ED visits varied. The minimum time gap was 0 days,
showing that some hospitalizations or ED visits happened on
the same day as the home visit. The median, mean, and maxi-
mum time gaps were 3, 11.1, and 59 days, respectively.

Clusters of temporal patterns in risk factors

Six clusters best represented the temporal patterns of risk fac-
tors documented in clinical notes. The clusters shown in Fig-
ure 2 can be summarized as follows: Cluster 1 had no
documented risk factor at any point in time (henceforth,
labeled as “No Risk Factors”), Cluster 2 had a steep decrease
in the number of documented risk factors over time (hence-
forth, labeled as “Steeply Decreased”), Cluster 3 had a mod-
erate decrease in documented risk factors over time
(henceforth, labeled as “Decreased”), Cluster 4 had a steep
increase in documented risk factors over time (henceforth,
labeled as “Steeply Increased”), Cluster 5 initially had a
decrease in documented risk factors but risk factors number
rebounded and increased over time (henceforth, labeled as
“Decreased and Rebound Increased”), and Cluster 6 had
documented risk factors consistently present over time (hence-
forth, labeled as “Steadily Present”).

A comparison of cohort characteristics by clusters

The cohort’s clinical characteristics by clusters are presented
in Table 1. Cluster 3 “Decreased” had the highest mean age
(79.3 years), while Cluster 6 “Steadily Present” had the low-
est mean age (77.4 years). Non-Hispanic White patients were
predominant in Cluster 3 “Decreased” (64.7%), while all
other ethnicities were more predominant in Cluster 1 “No

Risk Factors.” The proportion of patients who lived alone
was highest in Cluster 6 “Steadily Present” (40.7%) and low-
est in Cluster 1 “No Risk Factors” (35.0%). Cluster 5
“Decreased and Rebound Increased” had a highest number
of comorbidities and their severity, whereas Cluster 3
“Decreased” had the highest level of ADL/IADL function.

Association between clusters and risk for

hospitalization or ED visit

Table 2 shows the results of multivariate logistic regression
analysis that examines the association of the clusters with the
risk of hospitalization or visits to the ED. After adjusting for
sociodemographic factors, chronic diseases, and ADL/IADL
function, the odds of experiencing hospitalizations or ED vis-
its were significantly higher for all clusters compared with
Cluster 1 “No Risk Factors” (odds ratios [OR] ranged 1.27–
2.95). In further analysis, when compared with patients in
Cluster 2 “Steeply Decreased,” patients in Cluster 4 “Steeply
Increased” had a 2.3 times greater likelihood of experiencing
hospitalizations and ED visits (OR, 2.32 [95% CI, 2.15–
2.51]) (all P-value <.001).

Relationships between the Omaha system domains

of risk factors and clusters

Table 1 shows the distribution in clusters based on their
Omaha System domains. Overall, the Physiological domain
was the most common across all clusters, ranging from
88.6% to 95.7% of HHC episodes. Conversely, the Environ-
mental domain was the least prevalent among all clusters,
with prevalence ranging from 9.3% to 18.7% HHC episodes.
The domains of Psychosocial, Physiological, and Health-
related Behaviors follow a similar pattern, with the highest
prevalence in Cluster 3 “Decreased,” and the lowest preva-
lence in Cluster 4 “Steeply Increased.” In contrast, the envi-
ronmental domain had the highest prevalence in Cluster 4
“Steeply Increased” and the lowest prevalence in Cluster 2
“Steeply Decreased.”

Figure 3 shows the UpSet plots that display clusters, each
containing a combination of different Omaha System
domains, along the top 7 most frequent combinations of risk
factor domains. In most clusters, we selected the top 7 because
they include at least 1% of the population by cluster. The fol-
lowing 4 top-ranking domains are consistent in most clusters:
Physiological, Physiological with Psychosocial domain,

Figure 2. The temporal pattern of risk factors documented in clinical notes. The Y values were normalized to aid in visual comparison, and the color bands

indicated the standard deviation.
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Physiological with Psychosocial and Health-related Behavio-
ral domain, and Physiological with the Health-related Behav-
ioral domain. A Health-related Behavioral domain emerged
after a combination of Physiological and/or Psychosocial
domains, which were consistent patterns across all clusters.

DISCUSSION

The study was the first to have identified the temporal pat-
terns of risk factors based on the Omaha System documented
in HHC clinical notes and examined the relationship between

the temporal patterns and the risk for hospitalizations and ED
visits. The analysis revealed 6 clusters that exhibited distinct
patterns in how risk factors were documented over time
within the Omaha System Problem Classification Scheme.
Further, different patterns of time trajectory of risk factors
showed varying effects on hospitalizations and ED visits.

Given the nature of HHC services, there are challenges inte-
grating time-related factors into clinical risk assessment analy-
ses due to the variations in visit frequency, length of stay, and
different reasons for early discharges, such as recovery from
the disease or deterioration that requires hospitalization or an

Table 1. Clinical characteristics and Omaha System risk factors in the cohort by cluster

Temporal pattern Cluster 1:

no risk factors

Cluster 2: steeply

decreased

Cluster 3:

decreased

Cluster 4: steeply

increased

Cluster 5:

decreased and

rebound increased

Cluster 6: steadily

present

Frequency [n, (%)] 5413 (7.38%) 35 193 (48%) 14 537 (19.8%) 5608 (7.65%) 7747 (10.56%) 4852 (6.61%)
Hospitalizations and ED

visits [n, (%)]
394 (7.28%) 3033 (8.62%) 1854 (12.8%) 1021 (18.2%) 1258 (16.2%) 667 (13.7%)

1. Socio-demographic factors
Age, years [mean, (SD)] 79.0 (12.0) 79.2 (11.5) 79.3 (11.5) 78.1 (12.1) 79.0 (11.7) 77.4 (12.0)
Female gender 3398 (62.8%) 22 821 (64.8%) 9481 (65.2%) 3498 (62.4%) 4985 (64.3%) 2976 (61.3%)
Ethnicity [n, (%)]

Non-Hispanic White
patients

3199 (59.1%) 22 414 (63.7%) 9406 (64.7%) 3526 (62.9%) 4896 (63.2%) 3011 (62.1%)

Non-Hispanic Black
patients

1092 (20.2%) 5842 (16.6%) 2428 (16.7%) 999 (17.8%) 1357 (17.5%) 888 (18.3%)

Hispanic patients 746 (13.8%) 4687 (13.3%) 1902 (13.1%) 754 (13.5%) 1049 (13.5%) 659 (13.6%)
Other 376 (6.95%) 2250 (6.4%) 801 (5.51%) 329 (5.87%) 445 (5.74%) 294 (6.1%)

Type of insurance [n, (%)]
Dual eligibility 332 (6.13%) 2081 (5.91%) 924 (6.36%) 325 (5.8%) 497 (6.42%) 310 (6.39%)
Medicare/Medicaid
Fee-for-service only

4957 (91.6%) 32 228 (91.6%) 13 266 (91.3%) 5111 (91.14%) 7071 (91.27%) 4388 (90.44%)

Any managed care
only

25 (0.5%) 192 (0.55%) 78 (0.54%) 37 (0.66%) 42 (0.54%) 41 (0.85%)

Other (eg, private) 102 (1.88%) 692 (1.97%) 269 (1.85%) 135 (2.41%) 137 (1.77%) 113 (2.33%)
Living arrangements

Patient lives alone 1897 (35.0%) 13 958 (39.7%) 5619 (38.7%) 2023 (36.1%) 2895 (37.4%) 1973 (40.7%)

2. Comorbidity [mean, (SD)]
Number of
Comorbiditiesa

1.7 (2.5) 1.58 (2.5) 1.75 (2.6) 1.78 (2.56) 1.84 (2.6) 1.52 (2.5)

Severity of
Comorbiditiesb

3.29 (5.12) 2.9 (4.9) 3.3 (5.1) 3.4 (5.1) 3.5 (5.3) 2.8 (4.8)

3. ADLs/IADLs [mean, (SD)]
ADL Neededc 7.99 (1.59) 8.06 (1.45) 8.17 (1.37) 8.01 (1.55) 8.15 (1.38) 7.76 (1.77)
ADL Severityd 15.5 (7.06) 15.3 (6.40) 16.0 (6.67) 15.3 (6.73) 16.0 (6.76) 14.1 (6.34)

4. Risk factor documented in clinical notes (Omaha System problem) [mean, (SD)]
Total number of risk
factors

– 3.36 (1.93) 3.89 (2.13) 2.97 (2.04) 3.68 (2.14) 3.14 (1.67)

5. Domains of risk factors documented in clinical notes (Omaha System Domain) [n, (%)]
Environmental

Domain
– 3273 (9.30%) 1979 (13.6%) 1048 (18.7%) 1312 (16.9%) 694 (14.3%)

Psychosocial Domain – 16 786 (47.7%) 7990 (55.0%) 2383 (42.5%) 4003 (51.7%) 2172 (44.8%)
Physiological Domain – 33 262 (94.5%) 13 905 (95.7%) 4971 (88.6%) 7309 (94.3%) 4619 (95.2%)
Health-related

behaviors Domain
– 7168 (20.4%) 3699 (25.4%) 1129 (20.1%) 1855 (23.9%) 992 (20.4%)

Note: Using the analysis of variance (ANOVA) test, clinical characteristics between clusters were compared, and variables with P-values <.05 were listed in
the table.

a “Number of Comorbidities” which was defined as the summed binary ASPE Diagnosis indicators created using the OASIS Diagnosis items (eg, cancer,
cardiac disease, stroke).38

b “Severity of Comorbidities” was calculated by totaling the response categories of the severity level in comorbidity items (total ranged from 0 to 24).
c “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).

d “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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ED visit. Because of these complexities, traditional methods
(eg, latent class analysis) and general time series analysis are
insufficient for analyzing HHC visit-level data because these
methods assume equal number of data points (ie, visit fre-
quency) and/or equal time intervals among all patients.39–41

To address these challenges, this study implemented a unique
and innovative dynamic time warping method that can handle
nonlinear temporal patterns and time series with variations
with minimal loss of time-related information.32 We also used
unsupervised clustering methods to identify 6 temporal trends
patterns in risk factors documented in clinical notes over
time. These patterns exhibited positive or negative directional
trends and a trend line with varying degrees of the slope or
fluctuations. As opposed to linear or logistic regression,42,43

cluster analysis captured slope fluctuations, for example Clus-
ter 5, which initially had a decrease in documented risk

factors, but the number of risk factors rebounded. This inno-
vative method, which employs temporal cluster features,
offers a valuable strategy for analyzing not only HHC visit
data but also measurement data in hospital EHR (eg, vital
signs). This is particularly useful as measurements are often
taken at varying times for each patient with unequal time
intervals, which can make analysis challenging.

In this study, we examined the clinical characteristics of dif-
ferent clusters in the cohort. While Cluster 3 “Decreased,”
which has a majority of non-Hispanic White patients, showed
a decrease in documented risk factors over time (64.7%), all
other ethnicities were more prevalent in Cluster 1“No Risk
Factors.” These results indicate that ethnicity may play a role
in disparities in healthcare, as certain ethnic groups may have
distinct health challenges or higher rates of specific health
conditions,44–47 which may be attributed to earlier or more
aggressive strategies in addressing the risk factors specific to
certain ethnicities. An alternative explanation might be that
patients other than White patients are less likely to have their
risk factors documented, despite reporting more problems
during verbal communication with healthcare providers.48

Our results also showed high prevalence of patients living
alone in Cluster 6 “Steadily Present” compared with Cluster
1 “No Risk Factors.” This suggests that caregiver support is
important for maintaining symptom control and preventing
negative outcomes.49

While there were statistically significant differences in other
demographic and clinical factors extracted from structured
data including OASIS, these differences between the clusters
were relatively small; thus, their impact was not considered
clinically relevant. The nature of the data may explain these
relatively small differences: assessment data for OASIS start-
of-care documentation are captured primarily during the first
visit, while risk factors extracted from clinical notes are
reported over time in multiple visits. Consequently, differen-
ces may exist between the characteristics of the cohort
observed in the time trajectories of risk factors derived from
clinical notes, which include the time aspect, and those
assessed through the OASIS system. As a result, standard
assessments at one time period cannot provide a complete rep-
resentation of the changes that occur during a patient’s time
in HHC. Therefore, further research is required to explore
ways to capture changes in patient characteristics, along with
temporal clustering of structured and unstructured data.

Our study examined the association between clusters and
risk for hospitalizations or ED visits. Notably, compared with
Cluster 1 “No Risk Factors,” the risk of hospitalization or
ED visits was higher in the other clusters, due to the documen-
tation of risk factors regardless of the directional trends or
degree of slope Cluster 4 “Steeply Increased,” showed the
highest risk of hospitalization and ED visits (OR, 2.95), fol-
lowed by Cluster 5 “Decreased and Rebound Increased”
(OR, 2.47). As seen in Cluster 5 “Decreased and Rebound
Increased,” if new risk factors emerged or if patients experi-
enced a cycle of illness, recovery, and then a recurrence of
symptoms, the risk of hospitalization or ED visits may be
higher compared with Cluster 6 “Steadily Present.” Further-
more, compared with Cluster 2 “Steeply Decreased,” Cluster
4 “Steeply Increased” demonstrated higher odds of hospital-
ization or ED visits. Based on these findings, it is reasonable
to suggest that time-related variables are significantly associ-
ated with risk of hospitalization or ED visits. However, the
method used in this study (ie, a dynamic time-warping

Table 2. A multivariate logistic regression analysis to examine the

association of the clusters with the risk of hospitalization or visits

to the ED

Predictors Adjusted odds ratio

(95% CI)

Cluster
Cluster 1: No Risk Factors Reference
Cluster 2: Steeply Decreased 1.27 (1.14–1.42)**
Cluster 3: Decreased 1.88 (1.68–2.11)**
Cluster 4: Steeply Increased 2.95 (2.60–3.34)**
Cluster 5: Decreased and Rebound Increased 2.47 (2.19–2.79)**
Cluster 6: Steadily Present 2.27 (1.98–2.59)**

Age 0.99 (0.99–1.00)
Gender

Male Reference
Female 0.84 (0.8–0.88)**

Ethnicity
Non-Hispanic White patients Reference
Non-Hispanic Black patients 1.41 (1.32–1.50)**
Hispanic patients 1.36 (1.27–1.45)**
Other (eg, Asian/Pacific islander) 0.86 (0.77–0.96)*

Type of insurance
Dual eligibility Reference
Medicare/Medicaid fee-for-service only 0.86 (0.78–0.94)**
Any managed care 0.89 (0.65–1.22)
Other (eg, private) 0.77 (0.63–0.93)*

Living arrangements
Living with others Reference
Living alone 1.08 (1.03–1.13)*

Comorbidity
Number of Comorbiditiesa 1.07 (1.05–1.10)**
Severity of Comorbiditiesb 1.03 (1.02–1.04)**

ADLs/IADLs (activities of daily livings/instrumental activities of daily
livings)
ADL Neededc 0.98 (0.96–1)
ADL Severityd 1.04 (1.01–1.05)**

a “Number of Comorbidities” which was defined as the summed binary
ASPE Diagnosis indicators created using the OASIS Diagnosis items (eg,
cancer, cardiac disease, stroke).38

b “Severity of Comorbidities” was calculated by totaling the response
categories of the severity level in comorbidity items (total ranged from 0 to
24).

c “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).

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

* P-value <.05.
** P-value <.001.
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algorithm to identify patterns based on similarities and an
unsupervised hierarchical clustering) may not be able to dis-
tinguish between the differences in the number of risk factors,
which could result in some patients with different numbers of
risk factors being clustered together. Therefore, further
research is needed to address this limitation and better under-
stand the associations between risk factors and hospitaliza-
tion or ED visits. These findings also suggest that the risk
factors for hospitalizations or ED visits identified using the
Omaha System provide a comprehensive and precise picture
of the patient’s situation, therefore, reliable indicators of risk
prediction. By mapping the Omaha system through NLP, we
could identify risk factors documented in clinical notes, which
can save time and effort in extracting information from a
large number of notes.

The Environmental domain encompassing social determi-
nants of health was infrequently documented across all clus-
ters, consistent with previous studies.50,51 In contrast, the
Physiological domain was the most frequently documented.
While this could be because there were fewer identified risk
factors in the Environmental domain compared with the Phys-
iological domain, it is still important to identify social deter-
minants of health, as these factors may be hidden and
associated with negative health outcomes.52,53 The Health-
related Behaviors domain such as “Health care supervision”
or “Medication regimen” was most frequent in Cluster 2

“Decreased.” Healthcare providers interact with patients dur-
ing healthcare service and this interaction provides an oppor-
tunity for education related to self-management. Home visits
over time can have a positive effect on self-care as evidenced
by improvements in medication adherence, such as following
the recommended dosage and schedule, which falls under the
Health-related Behaviors domain. Future work might explore
what nursing interventions occur with certain clusters to
detect targeted teaching or care management activities.

In Cluster 4 “Steeply Increased,” the Physiological domain
was more prevalent than other domain combinations. In other
words, physical symptoms were more prominent and notice-
able than other risk factors.54 Physiological risk factors (eg,
abnormal blood pressure, unable to breathe independently,
and fever) in patients in HHC can change abruptly over time
due to various reasons such as disease progression, medica-
tion changes, new medical conditions, or acute illness or
injury.10,55 It is important for HHC providers to monitor
patients in Cluster 4 “Steeply Increased,” regularly and be
vigilant for any changes in their condition that may require
immediate medical attention. In Cluster 2 “Decreased” and
Cluster 3 “Decreased and Rebound Increased,” the Environ-
mental domain ranked higher than other domains. This sug-
gests that providers may prioritize having urgent symptoms
controlled prior to addressing environmental factors
addressed. This would be important to investigate in order to

Figure 3. UpSet plots: The combination of risk factors based on the Omaha System Domain by clusters. Since Cluster 1 is the group without any

documented risk factors over time, the frequency of each subgroup by cluster was not presented.
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develop targeted interventions that address the underlying
causes of the problem and improve health outcomes for indi-
viduals within the specific domain by examining the intercor-
relations between each domain to gain a comprehensive
understanding of how they affect each other. By identifying
and addressing these specific risk factors, healthcare providers
can better tailor their interventions to the unique needs and
circumstances of their patients, ultimately leading to more
effective and efficient healthcare delivery.

Lastly, the time difference between the last note used in
clustering and the hospital/ED visit varied among patients,
with some patients having a hospital/ED visit on the same day
as the last note. This suggests that a nurse may identify a
patient as high risk or in an emergency during home visits and
refer them to 911, leading to an ED visit or hospitalization.
On an average, there was a 3-day gap between the last note
and the hospital/ED visit. It is essential to note that these time
gaps represent the window of opportunity during which a
clinical intervention to reduce negative outcomes could be
implemented. It is crucial to monitor patients continuously
and provide timely interventions to prevent hospitalization.

Clinical implications

Our study suggests that clinical notes contain important clues
that clinicians gather from objective assessments and subjec-
tive symptoms reported by the patient. Temporal analysis of
risk factors can accurately reflect a patient’s overall health sta-
tus. Analysis of time trends may provide new insights into the
complex temporal dynamics of HHC services and could lead
to the development of more effective interventions for improv-
ing patient outcomes. In this regard, we propose to identify a
temporal clustering pattern within both structured data (eg,
standardized assessments) and unstructured clinical notes,
and our results could be used to develop temporal cluster-
based risk prediction models. Such risk models can be inte-
grated into early warning systems to identify HHC patients at
risk of hospitalization and ED visits. Based on the findings of
this study, we propose an early warning system that involves
tracking the number of risk factors over time for each patient
with at least one prior clinical note. Starting from the first
home visit, trends of the 6 cluster groups could be compared
to determine the most similar cluster group. If patients are in
a higher-risk cluster group, their case should be flagged for
early warning related to an increased risk for hospitalization
or ED visits. Incorporating early warning systems into HHC
clinical workflows could effectively alert nurses about at-risk
patients, enabling them to intervene and improve patient out-
comes by reducing risks.

Limitations

The investigation was carried out at a single HHC organiza-
tion located in an urban area in the Northeastern United
States, which limits its generalizability to other geographical
locations and requires external validation. In addition, since
this study was based on retrospective data, we cannot con-
clude causal relationships. Also, to identify the clusters of
temporal risk patterns, this study only considered risk factors
documented in the clinical notes and did not include any risk
factors that might have been included in structured data. In
addition, the dynamic time-warping algorithm to identify pat-
terns based on similarities and an unsupervised hierarchical
clustering may not be able to distinguish between the differen-
ces in the number of risk factors. This can result in a situation

where patients with few and numerous risk factors are clus-
tered together based on their temporal trends. Further
research is needed to address this limitation and better under-
stand the associations between risk factors and hospitaliza-
tion or ED visits. In addition, further studies might explicitly
add the number of risk factors at the beginning of HHC epi-
sode as a variable to the model, allowing the model to be
adjusted for differences in the number of risk factors between
patients. Lastly, the study only examined the average pattern
in changes of the documented risk factors by clusters; this
approach might overlook other, more detailed changes that
occur over time at the individual level.

CONCLUSIONS

This study applied the terms of a standardized nursing lan-
guage, the Omaha System, using NLP to identify 6 clusters of
temporal patterns in documented risk factors that had varying
degrees of association with hospitalizations or ED visits. By
analyzing for different domains of risk factors, we identified
the unique clinical characteristics of each cluster. Future stud-
ies can apply our findings to develop cluster-based early
warning systems to prevent hospitalizations or ED visits.
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