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Abstract. The goal of this natural language processing (NLP) study was to identify
patients in home healthcare with heart failure symptoms and poor self-management
(SM). The preliminary lists of symptoms and poor SM status were identified, NLP
algorithms were used to refine the lists, and NLP performance was evaluated using
2.3 million home healthcare clinical notes. The overall precision to identify patients
with heart failure symptoms and poor SM status was 0.86. The feasibility of methods
was demonstrated to identify patients with heart failure symptoms and poor SM
documented in home healthcare notes. This study facilitates utilizing key symptom
information and patients’ SM status from unstructured data in electronic health
records. The results of this study can be applied to better individualize symptom
management to support heart failure patients’ quality-of-life.
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1. Introduction

Approximately 6.2 million adults had heart failure (HF) in the United States (US) in 2020
[14] and around 200,000 patients with HF are discharged from hospitals to home
healthcare (HHC) every year [5]. Increasing number of patients with HF require lifelong
care with optimal self-management (SM) in home linked with the concept of continuity
of care [3]. Under-treatment of symptoms and poor SM is a prevalent and persistent
problem among patients with HF [13]. Early recognition of uncontrolled symptoms can
lead to better symptom management intervention, hence contributing to improved
outcomes for patients with HF [2].

The majority of research studying HF symptoms did not pay attention to patients’
symptom experiences and their SM ability documented in HHC agency’s electronic
health record (EHR). In addition, most existing studies of symptoms using EHRs have
mainly used structured data captured in standardized assessments, whereas 80% of EHR
data are unstructured, including narrative clinical notes [7]. Clinical notes contain rich
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information about individual symptom experiences, treatments received, progress of
disease, etc. that might be associated with patient outcomes [4].

Although processing unstructured data is time-consuming and labor-intensive, some
studies have successfully applied natural language processing (NLP) to identify patients
with clinical factors [8; 9; 11]. NLP is a collection of computational algorithms that
automatically processes and analyzes narrative resources to extract meaning [1]. Our
group has previously developed an NLP algorithm to automatically identify HF patients
with ineffective SM in the hospital and primary care setting [12], but this work was not
expanded to HHC. To bridge the gap, this study aimed to create and validate an NLP
algorithm that identifies HF symptoms and poor SM among HHC patients.

2. Methods
2.1. Data and Study Population

A retrospective, observational study with secondary data analysis was performed using
HHC narrative notes from one of the largest HHC agencies in the Northeastern US from
the years 2015 to 2017. Our study evaluated two types of HHC clinical notes: 1) visit
notes and 2) care coordination notes (total n=100,000, average note length = 647
characters, vocabulary size= 267,005 unique words). Visit notes were generated by
clinicians to describe the care provided and the patient’s status during a HHC visit. Care
coordination notes document communication between clinicians and other care-related
activities.

2.2. NLP Approach

2.2.1. Step 1: Identifying Lists of Synonyms for HF Symptoms and Poor SM

First, the preliminary lists of symptoms and poor SM status was identified based on
literature review. Specifically, 12 common symptom domains and six domains of HF
SM were identified based on our previous study [12] (Table 1). This list of synonym
terms for symptoms and poor SM behaviors was expanded using an open- source NLP
tool called NimbleMiner (https://github.com/mtopaz/NimbleMiner) [10]. Performance
of NimbleMiner system was previously validated for identifying clinical terms using
narrative notes in EHRSs to extract symptoms and important patient information [6; 8-11].
NimbleMiner’s synonym exploration is based on the word-embedding model
(Word2Vec) built from a large body of HHC clinical notes available for the study period
(2.3 million clinical notes). Based on the list of symptoms and poor SM categories,
NimbleMiner suggested synonymous terms for each symptom domain.

Vocabulary expansion was implemented by three researchers with PhDs in nursing
who have expertise in symptoms and health informatics. The researchers independently
reviewed, added, or deleted synonym terms. Then the lists of synonyms from three
researchers was combined to generate a final synonym list. NimbleMiner negation
module was refined for the project: negations are words indicating negated synonyms
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(e.g., “denies”, “not”, “ruled out”, etc.).
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2.2.2. Step 2: NLP Algorithm Refinement

In this step, the NLP algorithm was refined to accurately identify symptoms and poor
SM. To accomplish that, the NLP algorithm was applied on a random sample of HHC
notes (n = 5,000) and reviewed whether symptoms and poor SM were identified correctly.

2.2.3. Step 3: NLP Algorithm’s Precision Evaluation

The NLP software was applied on 100,000 additional random clinical notes. For each
category of HF symptoms and poor SM, 20 clinical notes were randomly extracted where
symptoms or poor SM were identified by the NLP software. Each note was reviewed by
a member of the study team to evaluate whether the NLP software was correct or if there
was an error in the identified instance. Precision (also known as positive predictive value)
was calculated for each category and calculated overall mean precision. Then, the NLP
algorithm was applied on a large set of clinical notes (2.3 million) and found that 6.87 %
(n=67,683) of clinical notes in HHC had documentation of HF symptoms or poor SM.

3. Results
Table 1. NLP performance for identifying patients with symptoms and poor SM.
Symptoms and poor Examples of synonym terms Precision
SM category identified using NLP

Anorexia/decreased appetite Eating very little, not eaten 0913
Chest pain Cp status, chest tightness 0.739

Confusion Forgetfulness, disoriented 1
Cough Still coughing, sob cough 0.928
Dizziness Lightheadedness, vertigo 0.781
Weight loss Losing weight, Ib wt loss 0.64
Dyspnea Fluid overload, crackles 0.804
Fatigue Generalized weakness, poor endurance 0.964
Nausea Feeling nausea, nauseated 0.631
Palpitation Tachycardic, feeling palpitations 0.761
Peripheral edema Pitting edema noted, lle edema 0.851
Weight gain Wt gained, pound weight gain 0.863
Mean Precision for Symptoms 0.817

Unspecified non-adherence Noncompliance, uncontrolled 1

Poor diet adherence Not drinking enough, ate alot 0.9

Poor medication adherence Medication nonadherence, ran out of lasix 0.952
Poor exercise physical activity adherence Not exercise, limited exercise 0.95

Issues with other self-care activities Does not check bs 1
Missed medical encounters Missed appointment, not follow up 0.85
Mean Precision for Poor SM 0.942
Overall Mean Precision 0.859

The additional synonym terms for each symptom and poor SM domain beyond the
preexisting vocabulary list was identified using the NLP system we developed (Table 1).
Table 1 summarizes results for identifying HF symptoms and poor SM. The average
precision for all symptoms and poor SM categories was 0.86 (range 0.64 - 1). Highest
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precision for symptoms was for the symptom of “confusion” (1) and the lowest precision
for symptom was for “nausea” (0.63) and “weight loss (0.64).” Highest precision for
poor SM category was “unspecified nonadherence” (e.g., “remains noncompliant”) and
issues with other self-care activities (e.g., “does not check blood pressure”) (1) and the
lowest precision for poor SM was “Missed medical encounters” (e.g., “missed follow up
appointment”) (0.85). Overall, the number of positively labeled notes for poor SM
domain was less than the number of for symptom identification, but the precision for
poor SM (0.94) was higher than precision for symptom identification (0.81).

4. Discussion

The novel data science approaches using NLP were applied to discover previously
hidden symptoms and poor SM quickly and accurately within previously underexplored
HHC clinical notes. Importantly, our study is the first to identify clinical notes for HF
symptoms and poor SM documented in routinely collected clinical notes using NLP in
HHC.

To improve the performance of NLP algorithm to accurately identify symptoms and
poor SM, we expanded vocabularies of terms, added irrelevant terms and additional
negation terms, and increased the negation distance. When applied on the full sample of
clinical notes, only a relatively small fraction of clinical notes had vocabulary related to
poor SM. These results were consistent with the previous literature in the hospital setting
[12].

Possible explanation of the relatively low precision observed for some domains (e.g.,
nausea or weight loss), were that it might be due to 1) inaccurate text-level terms (e.g.,
term “lower extremities” was included in the domain of edema, but patients might have
other symptom such as tremor or weakness in their “lower extremities”), 2) small size of
selected sample notes for symptom domain, 3) rare records in notes in case of SM domain,
4) synonym term being relatively far from a negation term (e.g., denies headache
dizziness chest pain sob “dyspnea”), or 5) negation term being not detected (e.g.,
tomorrowdenies “sob”). For the next step of this study, the built NLP algorithm will be
applied to the clinical notes for patients with HF extracted from EHR and investigate the
association between HF symptoms and poor SM and poor outcomes (e.g., ER visits and
unplanned readmission).

5. Limitations

Reliable NLP symptom identification performance using HHC clinical notes was
observed. However, only partial NLP performance was evaluated using precision and we
plan to conduct a more complete performance evaluation using additional metrics,
including recall and F-score. In addition, clinical notes extracted from one HHC agency
was used, and we need to test the list of symptom vocabulary with multiple HHC
institutions and different patient population.
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6. Conclusion

This study showed that it is feasible to develop NLP system to find HF symptoms and
poor SM documented in HHC notes. HHC providers’ early assessments for HF
symptoms and their SM status have the potential to improve patients’ quality of life and
decrease health care utilization in future study.
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