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Abstract

Background: Nurses often document patient symptoms in narrative notes.

Purpose: This study used a technique called natural language processing (NLP) to: (1) 

Automatically identify documentation of seven common symptoms (anxiety, cognitive 

disturbance, depressed mood, fatigue, sleep disturbance, pain, and well-being) in homecare 

narrative nursing notes, and (2) examine the association between symptoms and emergency 

department visits or hospital admissions from homecare.

Method: NLP was applied on a large subset of narrative notes (2.5 million notes) documented for 

89,825 patients admitted to one large homecare agency in the Northeast United States.

Findings: NLP accurately identified symptoms in narrative notes. Patients with more 

documented symptom categories had higher risk of emergency department visit or hospital 

admission.

Discussion: Further research is needed to explore additional symptoms and implement NLP 

systems in the homecare setting to enable early identification of concerning patient trends leading 

to emergency department visit or hospital admission.
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Background

Introduction

Symptoms are subjective indications of disease and include concepts such as fatigue, pain, 

and disturbed sleep (Corwin et al., 2014). Patients, their families, and health systems all play 

a role in alleviating the burden of symptoms (Corwin et al., 2014). Nurses are the largest 

sector of health providers; currently in the United States (US), approximately 4 million 

nurses provide care in a diverse range of clinical settings (Haddad & Toney-Butler, 2019). 

Nurses are often charged with managing symptoms (National Institute of Nursing Research, 

2017). The National Institute of Nursing Research (NINR) recognized the centrality of 

symptom management in clinical practice and named symptom science as one of its four key 

strategic priorities (Corwin et al., 2014; National Institute of Nursing Research, 2017). To 

standardize symptom assessment and research at scale, NINR has recently developed a set of 

symptom-related common data elements in the areas of pain, sleep, fatigue, and affective 

and cognitive symptoms (Redeker et al., 2015).

Symptom Assessment and Management is Critical in Homecare

Symptom assessment and management by nurses is of critical importance, especially in 

settings where nurses provide the majority of patient care. Homecare is an example of such a 

setting. It is estimated that up to 12 million individuals receive care from homecare agencies 

annually (The Medicare Payment Advisory Commission, 2018; The National Association 

for Home Care and Hospice, 2010) – a number that will likely rise with the aging of the US 

population and growing emphasis on moving care from the acute sector into community 

settings (Caffrey et al., 2011). Patients admitted to homecare are often clinically complex, 

with more than six comorbid conditions and eight prescribed medications on average 

(Medicare Payment Advisory Commission, 2019).

Symptom management is one of the key objectives of homecare services, and nurses often 

implement multifaceted interventions to help patients alleviate a diverse range of symptoms. 

Failure to manage symptoms is one of the common reasons for emergency department (ED) 

visits or hospital admissions during homecare (Ma, Shang, Miner, Lennox, & Squires, 

2018). With homecare patients accounting for approximately 17% of hospital admissions, 

there are multiple efforts underway to reduce avoidable hospital readmissions (Centers for 

Medicare and Medicaid Services, 2019).

A limited number of previous studies focused on identifying and describing symptoms 

among homecare patients. For example, some studies examined end-of-life symptoms 

among patients receiving palliative homecare (Gӧtze, Brähler, Gansera, Polze, & Kӧhler, 

2014;Howell et al., 2011) or explored depressive and other psychiatric symptoms 

(Diefenbach, Tolin, & Gilliam, 2012; Markle-Reid et al., 2014). Most of the existing studies, 

however, used qualitative methodologies to interview small sample sizes of patients about 

their symptoms. Although such studies provide an indepth insight into personal symptom 

experiences, they lack generalizability and cannot be used to estimate symptom prevalence 

in homecare patients, a critical foundation for intervention development.
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Natural Language Processing Can Help Extract Symptom Information at Scale

Symptom information is limited in currently available, structured (i.e., highly organized, 

formatted) homecare performance data sets, including the widely used Centers for Medicare 

and Medicaid Services (CMS) Outcome and Assessment Information Set (OASIS)(for 

Medicare & Medicaid Services, 2005). While CMS requires US homecare agencies to 

collect standardized assessment data (e.g., sociodemographics, clinical characteristics, 

hospitalizations, ED admissions) on all patients admitted to homecare, OASIS does not 

provide detailed symptom data. Furthermore, OASIS data collection is only completed at the 

first and last homecare visits, limiting its coverage of symptoms over time (O’Connor & 

Davitt, 2012). Moreover, while an important foundational step, the NINR common data 

element initiative is nascent (Redeker et al., 2015). Alternative data sources, in particular, 

free-text clinical narratives from electronic health records, may complement OASIS data and 

help to estimate symptom prevalence among homecare patients.

Recent studies, mostly conducted in inpatient settings, show that nursing narratives can help 

shed light into symptom prevalence (blinded Koleck et al., 2020). To process narrative 

nursing data at scale, a data science technique called natural language processing (NLP) can 

be applied. NLP includes a variety of statistical approaches that help to automatically extract 

meaning from clinical notes (Demner-Fushman, Chapman, & McDonald, 2009).

In general, NLP is implemented via series of computer algorithms. The specific approaches 

and tools used to perform NLP, however, are varied. In some cases, NLP algorithms rely 

mostly on manually curated, rule-based vocabularies generated by subject matter experts. 

For example, a recent study aimed to identify social risk factors among patients discharged 

from hospitals using discharge summaries (Navathe et al., 2018). To accomplish this task, 

study team experts’ (including physicians, nurses and pharmacologists) first developed 

comprehensive vocabularies of words and expressions that describe several key social risk 

factor categories, including tobacco use, drug abuse, depression, and housing instability. 

Example words and expressions representing the concept of “drug abuse” are as follows: 

IVDU (abbreviation for “intravenous drug use”), amphetamines abuse, cocaine abuse, and 

heroin dependence. Next, NLP was used to search discharge summaries (n = ~100,000) and 

find the manually curated, rule-based terms related to one or more social risk factor 

categories.

Alternatively, NLP can rely on patterns in the text extracted by machine learning 

classification algorithms rather than manually curated, rule-based vocabularies. For example, 

although providing adequate clinical information with radiology orders is important for 

accurate interpretation of imaging studies, a high percentage of radiology orders lack 

adequate order information (i.e., why an order was placed). Assad, Al, Topaz, Tu, and Zhou 

L (2017) applied machine learning to evaluate the adequacy of information in radiology 

orders (Assad et al., 2017). First, study experts manually classified a subset (n = ~2,000) of 

chest computed tomography (CT) orders as containing adequate or inadequate order 

information based on the clinical guidelines. Then, machine learning algorithms were used 

to learn features (i.e., characteristics) of the text that distinguish an adequate from an 

inadequate CT order. This process allowed the team to automate order adequacy evaluation 
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with high accuracy. NLP approaches can also use a combination of manually curated rule-

based and classification methods.

Previous NLP studies have highlighted the extent of valuable information that can be found 

in clinical narratives. For example, our team used NLP to extract information about patient 

falls from homecare clinical notes (Topaz et al., 2016) as well as wound characteristics 

(Topaz et al., 2019) and drug and alcohol abuse (Topaz et al., 2019) information from 

inpatient clinical notes. Other studies have implemented NLP in the domains of radiology 

(Cai et al. n.d., Hassanpour & Langlotz, 2016; Pons, Braun, Hunink, & Kors, 2016), mental 

health (Althoff, Clark, & Leskovec, 2016; Le, Van, Montgomery, Kirkby, & Scanlan, 2018; 

Zhou et al., 2015a), oncology (Kreimeyer et al., 2017; Yim, Yetisgen, Harris, & Kwan, 

2016), and others (Acker et al., 2017; Assad et al., 2017; Goss et al., 2014; Plasek et al., 

2016; Zhou et al., 2015b; Zhou et al., 2014). An emerging body of research used NLP to 

identify symptoms; however, a recent systematic review found only one study focused 

specifically on nursing data and no studies conducted in homecare (Theresa A Koleck et al., 

2019).

Value of Narrative Data Captured by Nurses in Clinical Notes

Data found in clinical narratives include valuable information, critical for patient risk 

identification. For example, our previous study used NLP to study associations between 

heart failure self-management and rehospitalizations (Topaz et al., 2017). The study 

developed an NLP algorithm to mine free-text clinical notes and identify heart failure 

patients with suboptimal self-management behaviors in the domains of diet, physical 

activity, medication adherence, and adherence to clinician appointments. Adjusted 

regression analyses showed that poor self-management (e.g., poor diet or low medication 

adherence) were significantly associated with preventable 30-day rehospitalizations. Other 

studies used NLP of nursing notes to identify patients at risk for sepsis (Horng et al., 2017), 

cardiac arrest outcomes(Collins & Vawdrey, 2012), and out-of-hospital mortality (Waudby-

Smith, Tran, Dubin, & Lee, 2018). No previous study has used NLP to estimate homecare 

patients’ risk for poor outcomes, such as hospitalizations or ED visits.

This study aims to bridge the evidence gaps and explore nursing symptom documentation in 

homecare via the following specific aims: (a) develop and validate an NLP algorithm to 

identify documentation of symptoms recommended by NINR as common data elements 

(anxiety, cognitive disturbance, depressed mood, fatigue, sleep disturbance, pain, and well-

being) in homecare narrative nursing notes; (b) apply the NLP algorithm to examine the 

prevalence of symptoms in a cohort of patients admitted to a large urban homecare agency 

(n = 89K patients, ~2.5 million clinical notes); and (c) examine the association between 

symptoms and ED or hospital admissions from homecare.

Theoretical Framework

This study is guided by the Nursing Science Precision Health Model (Hickey et al., 2019) 

and specifically addresses precision in symptom prevalence measurement. Symptom science 

is essential to precision health approaches for disease treatment and prevention that takes 

into account individual variability in genes, environment, and lifestyle (Hickey et al., 2019). 
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For this study, as an initial step in a program of research with the goal of creating a data 

science infrastructure for precision health, we developed and validated an NLP algorithm. 

The algorithm identifies symptoms in clinical notes as a strategy to improve precision in 

symptom measurement. Examining the relationship between symptom prevalence and 

patient outcomes (hospitalization s and ED visits) will further inform identification of 

intervention targets.

Methods

Study Methods Overview

Figure 1 describes the general flow of the study methods. First, the study used NimbleMiner 

(an open-source and free NLP system (Topaz et al., 2019) to generate an NLP algorithm that 

can help identify symptoms. This algorithm was tested on a “gold-standard” expert-validated 

subset of clinical notes (Aim 1, NLP system testing section). The NLP algorithm was then 

applied to examine the prevalence of symptoms in a large cohort of homecare patients (Aim 

2). Finally, logistic regression was used to understand the association between symptoms 

and ED visits or hospital admissions (Aim 3).

Setting and Sample

This study used electronic health record data from the Visiting Nurse Service of New York 

(VNSNY), the largest not-for-profit homecare provider in the US. VNSNY makes more than 

1.3 million professional nursing visits per year to patients in New York City and the 

surrounding suburban counties. The study sample included 113,515 homecare episodes for 

89,825 unique patients admitted to VNSNY from January 1 to December 31, 2014. 

Homecare episode length ranged between 10 and 60 days.

Patient sociodemographics, clinical characteristics, and study outcomes (hospitalization and 

ED admissions) were extracted from OASIS. OASIS assessments are conducted at both the 

patient’s homecare admission and discharge (Table 1). The study was approved by the 

Institutional Review Boards of Columbia University Irving Medical Center and VNSNY.

Clinical Notes

For this study population, we extracted ~2.5 million homecare notes (n = 1,149,586 visit 

notes and n = 1,461,171 care coordination notes) documented in the VNSNY electronic 

health record. Notes were documented by homecare clinicians during or after a patient visit. 

Visit notes ranged from lengthy admission notes (often written by a registered nurse) to 

shorter progress notes (e.g., nurse follow-up notes). Care coordination notes included 

documentation of communication with interdisciplinary care team members (e.g., primary 

care physician, social work), orders of supply or equipment (e.g., oxygen, wheelchair), and 

other care related information. The average visit note length was 150 words, while the 

average length of care coordination note was 99 words. All clinical notes were documented 

electronically; hence the text of the notes was in a computer readable format (txt).
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Aim 1: Develop and Validate an NLP Algorithm to Identify Documentation of Symptoms: 
Symptoms Included as NINR Common Data Elements

We focused on seven symptoms selected for inclusion as NINR common data elements – 

anxiety, cognitive disturbance, depression, fatigue, sleep disturbance, pain, and well-being. 

Although the intent of our NLP approach is to complement, not replace, structured common 

data elements, we reviewed the NINR common data element questionnaires for each 

symptom, when applicable, as a vocabulary source for NLP algorithm development. Because 

we wanted to explore associations between symptoms and ED visits or hospital admissions 

from homecare, we developed a vocabulary of words and expressions for well-being that 

would be indicative of a lack of or poor well-being rather than a comfortable, healthy state.

NLP System Development: Previous Development of Vocabularies for Symptoms

Our team previously developed and used NimbleMiner (Topaz et al., 2019), an open-source 

and free NLP RStudio Shiny application, to create comprehensive vocabularies and NLP 

algorithms to automatically extract symptom-related information from electronic health 

record clinical narrative text (Koleck et al., 2020). A detailed step-by-step overview of the 

NimbleMiner system is published elsewhere and readers who want to explore applying the 

system are encouraged to review this article (Topaz et al., 2019).

Briefly, we first identified preliminary synonyms and expressions for each unique symptom 

using the Unified Medical Language System (UMLS) Metathesaurus Browser – a very large 

biomedical vocabulary database that includes standardized terminologies, such as 

Systemized Nomenclature of Medical Terms (SNOMED) (SNOMED, 2016), International 

Classification of Diseases version 10 (ICD-10) (WHO, 2014), and International 

Classification for Nursing Practice (ICNP) (International Council of Nurses, 2018), and is 

organized by concept (Bodenreider, 2004). Nurse clinician scientists reviewed and revised 

synonymous words and expressions for each symptom.

Then, we expanded the symptom vocabularies using NimbleMiner and two complementary 

bodies of text – (1) Electronic health record clinical notes from a diverse array of specialties, 

settings, and providers and (2) PubMed abstracts containing Medical Subject Heading or key 

word symptom-related terms. After uploading the text and preliminary UMLS/

expertinformed synonyms into the NimbleMiner system, we built word embedding language 

models (i.e., a statistical representation of a body of text). Essentially, the word embedding 

models use neighboring words to identify other potential synonyms (i.e., words or 

expressions that appear in the same context). Based on the models, NimbleMiner suggests 

50 similar words or expressions for each imported synonym via an intuitive user interface 

(Topaz et al., 2019). Two users with expertise in symptoms (registered nurses), plus a third 

adjudicator (registered nurse), iteratively reviewed, and accepted NimbleMiner suggested 

synonyms or expressions until no new relevant symptoms could be identified for each 

symptom. Words or expressions included abbreviations, misspellings, and unique multiword 

combinations (specific examples provided in the next section).

Using this process, we developed comprehensive symptom vocabularies for five out of the 

seven symptoms of interest for this study, including anxiety, depressed mood, fatigue, sleep 
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disturbance, and pain. For the remaining more ambiguous symptom categories (i.e., 

cognitive disturbance and well-being), we combined vocabularies from multiple symptom 

concepts based on the questions that comprise the common data element questionnaires for 

these symptoms. The cognitive disturbance category included words and expressions related 

to the symptom concepts of impaired memory, impaired cognition, and impaired attention/

executive function. The poor well-being category included words and expressions from the 

symptom concepts of malaise, emotional liability, suicidal ideation, agitation, anger, and 

difficulty coping. The candidate word and expression lists were reviewed and revised by the 

members of the research team until a final list was compiled for each symptom.

Expanding Vocabularies for Homecare-Specific Symptom Synonyms

We then developed a homecare-specific language model using all clinical notes available for 

the study (~2.5 million homecare notes). Using the synonym lists developed in the previous 

step as a baseline, and for each symptom concept/category, we identified additional 

synonyms based on homecare-specific data. Additional homecare-specific symptoms were 

identified by an expert in homecare nursing.

NLP System Testing

We created a gold standard human annotated testing set of 500 clinical notes randomly 

selected from the full sample of notes. Each note was annotated by two reviewers for 

presence of symptom(s). The inter-rater agreement was high (Kappa statistic = 0.91), which 

shows that strong agreement was achieved (McHugh, 2012). All disagreements were 

resolved through discussion.

We applied the NLP system to the gold standard testing set and calculated precision (defined 

as the number of true positives out of the total number of predicted positives), recall (defined 

as the number of true positives out of the actual number of positives), and F-score (defined 

as the weighted harmonic mean of the precision and recall) for each symptom (Beger, 2016). 

For all metrics, scores range between 0 and 1, with higher scores indicating better NLP 

performance. An F-score >0.8 would generally indicate that an NLP system achieves good 

performance in identifying symptoms.

Aim 2: Apply the NLP Algorithm to Examine the Prevalence of Symptoms

We applied our NLP algorithm to all clinical notes in the sample (excluding the 500 notes in 

the testing set) using NimbleMiner software. NimbleMiner identifies positive instances of a 

symptom in text using regular expressions (i.e., specially encoded strings of text). 

NimbleMiner is able to account for negated symptoms (e.g., denies fatigue, no pain). For 

each note, we generated an indicator of symptom presence (present or absent). We then 

aggregated this information at the level of a homecare episode for each patient. Symptom 

prevalence was summarized quantitatively. We also examined co-occurrence of symptoms.

Aim 3: Examine the Association Between Symptoms and ED or Hospital Admissions From 
Homecare

We developed logistic regression models (Hosmer, Leme-show, & Sturdivant, 2013) 

adjusted for all other patient sociodemographic and clinical characteristics described in 
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Table 1 to examine whether the presence of a symptom was significantly associated with 

higher odds of ED or hospital admission. Presence of symptoms was represented by a binary 

indicator of whether a symptom was present or absent in each homecare episode. Since we 

had a relatively large number of variables and observations in the analysis, we implemented 

logistic regression with stepwise forward selection, where only variables with p-values of 

<.01 were retained in the final model (Hosmer et al., 2013).

Findings

Table 2 summarizes socio-demographic and clinical characteristics of the sample. The 

patient sample (n = 89,825 unique patients, n = 113,515 homecare episodes) had a mean age 

of 70.8 years, was 60.8% female, and was racially and ethnically diverse. One-third of 

patients lived alone or had limited cognitive functioning. The vast majority of the sample 

(97.8%) needed assistance with activities of daily living. The most common comorbid 

conditions were hypertension (63.9%), diabetes (35.2%), and arthritis (17.8%).

Aim 1: Develop and Validate an NLP Algorithm to Identify Documentation of Symptoms

In total, we identified:

• 797 synonyms for anxiety (e.g., anxious, anxious[misspelling], constantly 
worried about, emotional distress, excessive worry, expressed fear, nervous 
overwhelmed);

• 349 synonyms for cognitive disturbance (e.g., attention impairment, bad memory, 
difficulty focusing, forgetfulness, mild cognitive decline, MCI [abbreviation- 
mild cognitive impairment], poor cognition, trouble concentrating);

• 819 synonyms for depressed mood (e.g., anhedonic, depressed, endorses feeling 
depressed, feeling blue, he feels sad, hopelessness, mood depressed, still feels 
sad);

• 769 synonyms for fatigue (e.g., exhausted, fatigue [misspelling], fatigue 
[misspelling], fatigue [misspelling], feel tired, groggy, just feel tired, lack of 
energy);

• 252 synonyms for sleep disturbance (e.g., disturbed sleep, difficulty sleeping, I 
can’t sleep, impaired sleep, insomnia, insomonia [misspelling], restless sleep, 
very poor sleep);

• 1,751 synonyms for pain (e.g., ache, backaches, becomes uncomfortable, 
discomfort, it hurts, myalgia, nerve pains, soreness);

• 1,250 synonyms for poor well-being (e.g., agitation, angers, dysphoria, endorsed 
S I [abbreviation], feeling unwell, labile mood, malaise, restlessness, self-harm).

Overall, the NLP system achieved high symptom identification accuracy (F = 0.87) when 

tested on the gold standard human reviewed set of 500 clinical notes (see Table 3). Best 

accuracy was achieved for fatigue and cognitive disturbance (F = 0.93).
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Aim 2: Apply the NLP Algorithm to Examine the Prevalence of Symptoms

Figure 2 describes the prevalence of symptoms by homecare episode. The most prevalent 

symptoms were pain and fatigue (reported in 44% and 29% of homecare episodes, 

respectively) while the least prevalent symptom was disturbed sleep (reported in 2% of 

homecare episodes).

Figure 2 visualizes co-occurrence of symptoms within homecare episodes. The most 

frequent 2-symptom clusters included fatigue and pain (observed in n = 8,167 homecare 

episodes) and anxiety and pain (observed in n = 3,637 homecare episodes). The most 

frequent 3-symptom clusters included anxiety, fatigue, and pain (observed in n = 2,410 

homecare episodes) and poor well-being, fatigue, and pain (observed in n = 1,477 homecare 

episodes).

Aim 3: Examine the Association Between Symptoms and ED Visits or Hospital Admissions

Overall, 14.9% (n = 16,923) of homecare episodes had a hospitalization or ED visit (one 

patient could have several episodes). Figure 3 displays co-occurrence of symptoms in 

homecare episodes. For example, 18,791 homecare episodes had only documentation of pain 

while 8,167 homecare episodes had documentation of pain + fatigue. Figure 3 presents 

symptoms cooccurring groups that were prevalent in >0.05% of homecare episodes. Figure 3 

shows that patients with a higher number of reported symptom categories had significantly 

higher rates of hospitalizations or ED visits (p < .01). While only one in ten (11.3%) patients 

with no symptoms had a negative outcome, more than one in three patients with 6 or 7 

different symptoms were hospitalized or visited the ED (29.5% and 43.9%, respectively).

Table 4 presents final results of stepwise forward selection logistic regression, adjusted for 

patient socio-demographic and clinical characteristics. Overall, the model included 20 

variables significantly associated with risk of hospitalization or ED visit. Presence of five of 

the NLP-extracted symptoms was retained in the model, including poor well-being, fatigue, 

pain, sleep disturbance, and anxiety. Two symptoms, depressed mood and cognitive 

disturbance, were not significantly associated with risk of hospitalization or ED visit. 

Homecare episodes with poor well-being and fatigue had about 40% higher odds of 

hospitalization or ED visit.

Discussion

This study developed and implemented an automated NLP algorithm that can identity 

mentions of symptoms included as NINR common data elements in homecare clinical notes. 

The NLP algorithm achieved relatively high accuracy of symptom identification compared 

to symptom identification by clinicians. NLP symptom identification accuracy was similar 

or higher compared with other NLP algorithms developed and applied in other clinical 

settings (Dreisbach, Koleck, Bourne, & Bakken, 2019). These results are promising, and 

they warrant further research on feasibility of NLP in homecare settings.

Our findings indicate that two-thirds of homecare episodes had at least one NINR common 

data element symptom category documented. Interestingly, these results match well with a 

recent analysis of the National Health and Aging Trends Study that analyzed the prevalence 
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of symptoms in community–dwelling adults 65 years and older. This study focused on six 

symptoms, including pain, fatigue, sleeping difficulty, breathing difficulty, depressed mood 

and anxiety (Patel et al., 2019). Four of these symptoms overlapped with symptoms explored 

in our study, namely pain, fatigue, sleeping difficulty, and depressed mood. Similar to our 

study, the national survey found that roughly two-thirds of older adults report experiencing 

at least one symptom, with 27% reporting one symptom (31% in our study), 21% reporting 

two symptoms (19% in our study), 14% reporting three symptoms (10% in our study), and 

the rest reporting more than 4 symptoms. Although study methods were very different (we 

used NLP of homecare clinical notes while the National Health and Aging Trends Study 

uses self-report of older adults), similarity in our results is reassuring and might potentially 

suggest that nurses’ documentation of symptoms is an accurate depiction of patient self-

report.

Prevalence of individual symptoms in our study was mostly comparable to other studies as 

well. For example, previous research suggests that up to one-half of community living older 

adults in the US suffer from pain (Hunt et al., 2015; Patel et al., 2019), which is very similar 

to our findings (44%). Likewise, we found that fatigue was documented for roughly one-

third of homecare episodes, a rate consistent with other investigations of elderly living in the 

community (de Rekeneire, Leo-Summers, Han, & Gill, 2014; Patel et al., 2019; Zengarini et 

al., 2015). In addition, both anxiety and depressed mood were reported with similar 

prevalence in the US older adult population (Centers for Disease Control and Prevention, 

2019; Patel et al., 2019).

On the other hand, prevalence of poor sleep in this study was significantly lower than 

reported in previous studies. For example, a recent national observational study in the US 

found that about one-in-three older adults suffer from sleeping difficulty (Patel et al., 2019), 

with other estimations as high as 50% (Miner & Kryger, 2017). There are several potential 

explanations for the discrepancy between our findings and other studies. First, although our 

NLP vocabularies showed good performance on the expert annotated sample of clinical 

notes, we might have missed several other ways in which homecare clinicians describe 

disturbed sleep patterns. If our NLP algorithms are accurate, however, homecare clinicians 

might be under-assessing and/or under-reporting sleep issues among homecare patients. 

Further investigation is needed to understand this discrepancy. Approaches could include 

incorporation of additional data sources to identify disturbed sleep, such as sleep 

medications, or qualitative interviews with homecare clinicians to help understand why 

disturbed sleep is not documented more often.

We identified a diverse range of symptom co-occurrence combinations, with commonly 

occurring symptom dyads (e.g., fatigue + pain) and triads (anxiety + fatigue + pain). This 

finding suggests an opportunity for further study of disease-specific or multiple chronic 

condition symptom clusters using nursing documentation for the homecare population.

In terms of ED visits and hospitalizations, we found that for patients in homecare encounters 

with higher numbers of reported symptom categories had higher rates of ED visits or 

hospitalizations. These results are consistent with the National Health and Aging Trends 

Study that showed that the incidence of several negative outcomes (including recurrent falls, 
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hospitalization, and disability) increased with greater symptom count (Patel et al., 2019). For 

example, older adults reporting 3 symptoms had two times higher odds of hospitalization 

compared to older adults with no symptoms. In our study, homecare encounters with 3 

symptoms (20%) also had double the rate of ED visits or hospitalizations of encounters with 

no symptoms (10%). These findings may not be unexpected as nurses may document more 

symptom information for sicker patients who will eventually be admitted to the ED or 

hospitalized. Detailed examination of this trend focusing on individual symptoms or 

symptom clusters within certain condition(s) should be completed to improve ED visit or 

hospitalization prediction and facilitate understanding of the biological underpinnings of 

symptom manifestation.

In adjusted analyses via stepwise logistic regression, presence of five out of seven of the 

NLP-extracted symptom categories was significantly associated with higher odds of ED visit 

or hospitalization. For example, patients with documentation of poor well-being or fatigue 

had 40% higher odds of negative outcomes compared to patients without these symptoms.

This study had a few limitations. In addition to the limitations previously discussed (i.e. the 

algorithm to identify disturbed sleep may be insufficient and variability in nurse 

documentation practices related to patient acuity), we chose to prioritize symptoms with 

NINR common data element questionnaires. Inclusion of additional symptoms (e.g., 

shortness of breath, chest pain) or risk factors should be considered and may improve ED 

visit or hospitalization prediction. Another limitation is the fact that study data were 

collected during 2014, which may or may not reflect symptom documentation or 

management trends in more recent data. A final limitation of our study is related to the 

longitudinal nature of the data. In the current study, we used retrospective data to identify 

patients at risk for hospitalization and ED visits. If such NLP algorithms are applied on real-

time patient encounter data, however, we would not have access to a cumulative number of 

symptoms from multiple homecare visits. In addition, patient symptom counts may fluctuate 

over time from visit to visit, representing a moving target of decreased or increased risk for 

negative outcomes. Thus, future work is needed to explore how to apply such NLP 

algorithms prospectively. This further work should use approaches such as time-series 

analyses (e.g., survival analyses) to explore symptom trajectories leading to early 

identification of patients at high risk for decline.

Overall, our results support the hypothesis that nursing documentation of patient’s 

symptoms is associated with negative outcomes and have implications for homecare. We 

envision that an automated NLP system can be integrated into the homecare electronic 

health record to scan nursing notes and identify documentation of symptoms in real time. 

Once risky symptom(s) or symptom clusters are identified, the system can automatically 

alert the nurse or care manager on the concerning trend as well as provide tailored nursing 

intervention and symptom self- or caregiver-management strategy (e.g., resting throughout 

the day/taking naps to mitigate fatigue, taking scheduled and as needed medications to 

manage pain) recommendations to be delivered at the point of care to prevent ED visits and 

hospitalization (Hickey et al., 2019). The NLP system can also be programmed to suggest 

patients with similar symptoms who are more likely to visit the ED or be hospitalized. Such 
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early and personalized alerts can be used to inform timely interventions to avoid negative 

outcomes in the homecare setting.

Conclusions

This study was the first to develop, test, and implement an NLP system to identify NINR 

common data element symptoms documented by homecare nurses for a large cohort of 

patients. Our results serve as an initial step in a program of research with the goal of creating 

a data science infrastructure for precision health. Study findings indicate that NLP system 

accuracy in symptom identification was relatively high compared with expert review. Our 

findings also show that patients with more documented symptom categories have higher risk 

of ED visits and hospitalizations. Further research is needed to explore additional symptoms 

and implement NLP systems in the homecare setting to enable early identification of 

concerning patient trends.
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Figure 1 –. 
Study methods overview.
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Figure 2 –. 
Prevalence of symptoms by homecare episode.
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Figure 3 –. 
Co-occurrence of symptoms by homecare episode.
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Figure 4 –. 
Hospitalization or ED visit rate by number of symptom categories documented during a 

homecare episode.
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Table 3 –

Natural Language Processing System Accuracy in Identifying Symptoms

Recall Precision F-measure

Sleep disturbance 0.86 0.94 0.90

Fatigue 0.92 0.95 0.93

Depressed mood 0.79 0.80 0.80

Anxiety 0.92 0.89 0.90

Poor well-being 0.81 0.80 0.81

Cognitive disturbance 0.91 0.94 0.93

Pain 0.91 0.80 0.84

Overall 0.87 0.87 0.87
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