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Abstract

Data-driven characterization of symptom clusters in chronic conditions is essential for shared 

cluster detection and physiological mechanism discovery. This study aims to computationally 

describe symptom documentation from electronic nursing notes and compare symptom clusters 

among patients diagnosed with four chronic conditions–chronic obstructive pulmonary disease 

(COPD), heart failure, type 2 diabetes mellitus, and cancer. Nursing notes (N=504,395; 133,977 

patients) were obtained for the 2016 calendar year. We used NimbleMiner, a natural language 

processing application, to identify the presence of 56 symptoms. We calculated symptom 

documentation prevalence by note and patient for the corpus. Then, we visually compared 

documentation for a subset of patients (N=22,657) diagnosed with COPD (n=3,339), heart failure 

(n=6,587), diabetes (n=12,139), and cancer (n=7,269) and conducted multiple correspondence 

analysis and hierarchical clustering to discover underlying groups of patients who have similar 

symptom profiles (i.e., symptom clusters) for each condition. As expected, pain was the most 

frequently documented symptom. All conditions had a group of patients characterized by no 

symptoms. Shared clusters included cardiovascular symptoms for heart failure and diabetes; 

pain and other symptoms for COPD, diabetes, and cancer; and a newly-identified cognitive 

and neurological symptom cluster for heart failure, diabetes, and cancer. Cancer (gastrointestinal 
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symptoms and fatigue) and COPD (mental health symptoms) each contained a unique cluster. In 

summary, we report both shared and distinct, as well as established and novel, symptom clusters 

across chronic conditions. Findings support the use of electronic health record-derived notes and 

NLP methods to study symptoms and symptom clusters to advance symptom science.

Keywords

chronic conditions; natural language processing; nursing informatics; signs and symptoms; 
symptom clusters

Approximately half of American adults ≥18 years of age live with one or more chronic 

conditions such as chronic obstructive pulmonary disease (COPD), heart failure, type 2 

diabetes mellitus (T2DM), and/or cancer (Ward et al., 2014). Many patients with chronic 

conditions experience multiple co-occurring symptoms, defined as subjective indications 

of disease, either related to a chronic condition and/or its treatment. Symptoms are key 

concepts of nursing interest and include anxiety, depressed mood, disturbed sleep, fatigue, 

nausea, pain, pruritus, and shortness of breath. Two or more co-occurring, related symptoms 

are known as symptom clusters (Kim et al., 2005; Miaskowski et al., 2017). Symptom 

clusters are challenging to manage and burden both the patient and healthcare system 

(Armstrong, 2003; Kwekkeboom, 2016).

While evidence suggests that patients with all types of chronic conditions are burdened 

by symptom clusters, the complex relationships within and between symptoms both in 

a single chronic condition and among chronic conditions (i.e., shared symptom clusters) 

remain understudied and poorly understood. The majority of symptom cluster research 

conducted to date is limited to cross-sectional studies of patients diagnosed with cancer, 

using predetermined symptom inventories. A review of the chronic condition symptom 

cluster literature conducted by Miaskowski and colleagues (2017) identified 158 studies that 

evaluated symptom clusters primarily related to cancer or its treatment. The most common 

symptom clusters identified were a combination of fatigue, pain, depression, and sleep 

disturbance; nausea and vomiting; and anxiety and depression.

Much less work has been done with other chronic conditions (e.g., heart failure). Research 

on symptom clusters associated with heart failure is summarized in three review articles 

published in the past 10 years (DeVon et al., 2017; Herr et al., 2014; Yu et al., 2018). 

All three reviews highlight an emotional- or depression-related component to heart failure 

symptom clusters. Specifically, in the systematic review of symptom clusters in heart 

failure (n=6 studies) by DeVon et al. (2017), symptom clusters frequently had both a 

physical and emotional/cognitive component. The authors attribute this finding to the known 

functional decline and cognitive impairment associated with heart failure. Similarly, Yu 

and colleagues’ (2018) systematic review of symptom clusters in advanced heart failure 

(n=10 studies) identified three common clusters: distress (dyspnea and emotional distress), 

deconditioning (fatigue, nausea, reduced appetite, and drowsiness), and discomfort (pain). 

Herr and colleagues’ (2014) examination of relationships among heart failure symptoms 

(n=34 studies) found that depression was related to several other symptoms, including 

fatigue, anxiety, sleep, and pain.
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Even less is known about symptom clusters in patients with COPD and T2DM. A 2018 

systematic review of five studies by Jenkins et al. (2019) revealed both psychological 

and respiratory-related symptom clusters in patients diagnosed with COPD. Severity of 

combinations of dyspnea, anxiety, depression, and/or fatigue were found to be associated 

with declines in physical functioning (Park et al., 2013; Park et al., 2012) and increased 

healthcare use and mortality (Park & Larson, 2014). It is important to note that the specific 

instrument selection and the number of symptoms assessed was highly variable among 

studies and resulted in different types of clusters (Jenkins et al., 2019). Only two studies 

have evaluated symptom clusters in patients with T2DM. The first study was a large 

population survey of Australian adults that focused on gastrointestinal symptoms (Hammer 

et al., 2003). The second study investigated symptom clusters in Mexican American 

adults with T2DM (García et al., 2019). This study identified three clusters of multiple 

symptoms: (a) sweating, intense thirstiness, urinating more than usual, cravings, dry mouth, 

tiredness, numbness or tingling, problems sleeping, and dry skin; (b) itching skin, weight 

gain, discolored skin areas, noise or light sensitivity, trembling, flushing, sexual problems, 

burning in feet or legs, and hair loss; and (c) constipation, dizziness, indigestion or nausea, 

sadness, irritability, easily angry, nervous, fidgety, weakness, anxiousness, headache, trouble 

concentrating, and memory loss. Additional studies have examined relationships between 

predefined psychological or depressive symptom clusters and outcomes of patients with 

T2DM, including quality of life (Li et al., 2019), cardiovascular hospitalization (Nefs et al., 

2015), and insulin resistance (Khambaty et al., 2014).

Electronic health records (EHRs), especially text-based nursing notes, may serve as a rich 

source of “real world” symptom information and address current barriers to symptom 

cluster research, especially lack of access to cohorts of patients diagnosed with chronic 

conditions and the potential influence of predetermined symptom inventories on symptom 

cluster results. Despite limitations (e.g. completeness, concordance; Weiskopf et al., 2013), 

EHRs represent the most comprehensive, longitudinal, population-wide dataset that we have 

to study symptom clusters. “Real world” practice and utilization data have been used in 

other domains (e.g., pharmaceutical research) to obtain clinically meaningful results (Bent-

Ennakhil et al., 2017; Divino et al., 2014; Feher et al., 2017; Gradman et al., 2013; Johnson 

et al., 2017; Kolaczynski et al., 2016; Lunacsek et al., 2016; McGovern et al., 2016). 

Natural language processing (NLP), which is “any computer-based algorithm that handles, 

augments, and transforms natural language so that it can be represented for computation” 

(Yim et al., 2016), can be used to study symptom information from text-based nursing notes 

(Koleck et al. 2019). Our team recently developed a method that combines standardized 

vocabularies, clinical expertise, and NLP to generate comprehensive symptom vocabularies 

and identify and extract symptom information in EHR notes in an accurate and scalable 

manner (Koleck et al., 2020).

Guided by the National Institutes of Health Symptom Science Model (NIH-SSM; Cashion 

et al., 2016), data-driven characterization of symptom clusters in a variety of chronic 

conditions is an essential first step toward chronic condition specific analyses; detection 

of shared symptom clusters and mechanisms; clinical, genetic, and biomarker discovery; 

and future care delivery. Clinically, data-driven characterization of symptom clusters is 

important to nursing practice as it informs thorough symptom assessment and planning and 
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evaluation of targeted symptom management nursing interventions (Kwekkeboom, 2016; 

Tabudlo, 2021). Therefore, the aim of this study was to characterize documentation of 

56 naturally documented symptoms in thousands of EHR text-based nursing notes from 

inpatient, outpatient, and emergency department (ED) encounters and compare symptom 

documentation and symptom clusters among a subset of patients diagnosed with four 

common chronic conditions (i.e., COPD, heart failure, T2DM, and cancer). We extracted 

symptom information from nursing notes using NLP.

Methods

Nursing note corpus

The corpus for this study comprised N=504,395 EHR nursing notes from 133,977 distinct 

patients. Nursing notes were obtained from the Columbia University Irving Medical Center 

Clinical Data Warehouse between January 1, 2016, and December 31, 2016. Nursing notes 

were from inpatient, outpatient, and ED encounters and had various format structures from 

entirely free-text to predetermined-field forms. This study was approved by the Columbia 

University Irving Medical Center Institutional Review Board.

We included 20 different nursing note types. The counts and distribution of the note 

types are detailed in Table 1. We excluded pediatric (e.g., nursing pediatric admission 

history), obstetric (OB; e.g., nursing OB triage history, nursing neonatal patient history), and 

operating room (OR) notes (e.g., OR nursing progress note) as well as notes that occurred 

at a frequency of n<100 (e.g., psychiatric nursing restraint note) or were determined through 

study team comprehensive manual review to contain minimal symptom-related content (e.g., 

transfer sending note, transfusion nursing note, bronchoscopy nursing note) or focused on 

patient education (e.g., CHF nurse phone visit, diabetes nurse education note).

Symptoms

This study focused on identifying 56 diverse symptoms in the nursing notes. Symptoms 

included: abdominal bloating, abdominal pain, agitation, altered sense of smell, altered 

sense of taste, anger, anxiety, chest pain, chills, choking sensation, confusion, constipation, 

cough, decreased appetite, decreased libido, decreased thirst, defecation pain/urgency, 

depressed mood, difficult painful swallowing, difficulty coping, disturbed sleep, dizziness, 

dry mouth, dyspareunia, elevated mood, emotional lability, fatigue, hallucinations, headache, 

hearing impairment, heartburn, hot flashes, impaired attention/executive function, impaired 

cognition, impaired concentration, impaired memory, increased appetite, increased thirst, 

malaise, muscle cramp, nausea, pain, palpitations, paresthesia/numbness, pruritus, shortness 

of breath, suicidal ideation, swelling, tactile perception, tinnitus, unsteadiness, upset 

stomach, urinary pain/urgency/hesitancy, vaginal dryness/irritation, vision changes, and 

weakness. Selection of symptoms for inclusion was informed by SNOMED-CT clinical 

findings medical terminology and study team nurse clinician scientist expertise.

Natural language processing of symptoms

Our team previously generated and validated comprehensive symptom vocabularies using 

a method that combined standardized vocabularies from the Unified Medical Language 
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System, clinical expertise of nurse clinician scientists, and NLP (Koleck et al., 2020). 

Based on this earlier work, we used NimbleMiner, an open-source NLP RStudio application 

(https://github.com/mtopaz/NimbleMiner), to identify the presence of symptoms in nursing 

notes at the note level. NimbleMiner was also used to distinguish negated instances of 

symptom occurrence (e.g., no fatigue, denies dizziness).

After labeling notes with NimbleMiner, we manually reviewed symptoms with an 

abnormally high frequency of occurrence (i.e., an increase of more than 50% between 

ranked symptoms) in note types with a predetermined-field form structure. We completed 

this review because note formatting can lead to labeling errors within the NimbleMiner 

system. While some of the high occurrence symptoms were true positives (e.g., shortness of 

breath as an early warning of respiratory distress in rapid response team nursing action notes 

or mild fatigue over baseline in ambulatory hematology/oncology nursing assessments), 

we identified systematic false positive labeling errors. Labeling errors were mainly related 

to negation and fell into one of three categories: (a) negation term was too many words 

away from the symptom of interest (e.g., no complaint of pain, diarrhea, constipation); (b) 

negation term occurred after the symptom of interest (e.g., cough no, edema none, does the 

patient have pain now no); or (c) a numeric indicator of negation was used (e.g., impaired 

cognition 0, pain scale 0). We created rules to correct instances of systematic false positive 

labeling in a post hoc manner.

Prevalence of symptom documentation in nursing notes

We calculated the prevalence of positive documentation (i.e., documentation indicated 

occurrence of the symptom) of each symptom by dividing the number of nursing notes with 

a symptom documented by the total number of notes in the entire corpus. For example, the 

prevalence of nausea (5.63%) within notes was calculated by dividing the number of notes 

with nausea positively documented (n=28,397) by the total number of notes (n=504,395). 

We evaluated the least and most commonly documented symptoms. We completed this 

same process at the patient level as well, dividing the number of patients with a symptom 

documented one or more times (i.e., presence or absence) in a nursing note in 2016 by the 

total number of patients.

Exploring symptom clusters in patients diagnosed with a chronic condition

We explored symptom clusters in a subset of patients diagnosed with a chronic condition. 

We used the presence of two or more International Statistical Classification of Diseases and 

Related Health Problems, 10th revision between January 1, 2016, and December 31, 2016 in 

the Columbia University Irving Medical Center Clinical Data Warehouse to identify adult (≥ 

18 years of age at diagnosis) patients diagnosed with COPD (J41-J44), heart failure (I50), 

T2DM (E11), and cancer (C00-C96). The number of patients (N=22,647) with one or more 

nursing notes for each chronic condition was as follows: COPD - n=3,399, heart failure - 

n=6,587, T2DM - n=12,139, and cancer - n=7,269. Chronic condition sample membership 

was not mutually exclusive (Figure 1). We aggregated symptom data extracted from nursing 

notes in a binary fashion (i.e., presence or absence) at the patient level for the calendar year. 

A symptom concept was considered absent for a patient if it was documented but negated or 

not documented.
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Heatmap—For each chronic condition, we calculated the percentage of patients with a 

symptom documented in one or more nursing notes. We created a heatmap using conditional 

formatting in Microsoft® Excel for Mac Version 15.23. After grouping symptoms by 

clinical category (e.g., cardiovascular and respiratory, mental health, gastrointestinal), we 

visually compared symptom documentation across the four chronic conditions.

Multiple correspondence analysis and hierarchical clustering—We performed 

multiple correspondence analysis (MCA) and hierarchical clustering for each chronic 

condition to discover underlying groups of patients who have similar symptom profiles, i.e., 

symptom clusters (Skerman et al., 2009). We used the FactoMineR and Factoshiny (http://

factominer.free.fr/index.html) packages in R Version 3.5.1 (Lê & Husson, 2008). Symptoms 

with a prevalence of ≥5% for a chronic condition were included in analyses. First, we used 

MCA, a principal component analysis method for categorical (e.g., anxiety - yes, anxiety - 

no) variables to perform data preprocessing (Lê & Husson, 2008; Husson, 2016b; Husson, 

2020b). Multiple correspondence analysis transforms categorical variables into a few 

continuous components that can be used as the input for cluster analysis (Kassambara, 2017; 

Lê & Husson, 2008; Husson, 2016a; Husson, 2020a). Multiple correspondence analysis 

components are ordered by variance in descending order. For each chronic condition, we 

retained the number of components that allowed us to preserve 90% of the variance. The 

distances used to build the clustering model were calculated using the retained components. 

The remaining components were considered noise.

Next, we built hierarchical clustering trees using Ward’s agglomerative clustering method 

and Euclidean distance and cut the trees to define clusters based on gain/loss of inertia 

(Kassambara, 2017; Lê & Husson, 2008; Husson, 2016a; Husson, 2020a). The output of 

the clustering is groups of patients with similar symptom profiles. While each patient is 

assigned to one group, a symptom variable category (i.e., symptom - yes, symptom - no) 

can characterize multiple groups. Each patient group/symptom profile represents a symptom 

cluster. To name the symptom clusters, we evaluated which symptom variable categories 

(i.e., symptom - yes, symptom - no) best characterized each group of patients with similar 

symptom profiles using (a) a chi-squared test between the symptom variables and the 

grouping, (b) the percentage of patients with a symptom variable category belonging to a 

grouping (e.g., 74% of patients with no unsteadiness belong to COPD profile 1), and (c) the 

percentage of patients in a grouping with a symptom variable category (e.g., 91% of patients 

in COPD profile 1 had no unsteadiness).

Results

Prevalence of symptom documentation in nursing notes

The prevalence of symptom documentation varied greatly by symptom. For each symptom, 

we present (Table 2) the percentage of nursing notes with a symptom documented out of the 

entire corpus of notes and the percentage of patients with a symptom documented one or 

more times in 2016 out of the total number of patients. Pain was by far the most frequently 

documented symptom in nursing notes, with approximately 30% of all notes having one or 

more positive instances of pain and 64% of patients having pain documented one or more 
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times in 2016. Other commonly documented symptoms in nursing notes included swelling 

(by note - 6.27%, by patient - 15.81%), shortness of breath (by note - 5.63%, by patient - 

12.79%), anxiety (by note - 5.61%, by patient - 8.97%), depressed mood (by note - 5.19%, 

by patient - 7.63%), and nausea (by note - 5.05%, by patient - 14.64%).

With the exceptions of confusion, impaired cognition, and pruritus, cognition- and 

perception-related symptoms were not documented frequently. Similarly, while some 

gastrointestinal symptoms were documented frequently (e.g., nausea, abdominal pain, 

constipation), others were rarely or never documented (e.g., increased appetite, decreased 

thirst, defecation pain/urgency). In addition, symptoms related to sexual dysfunction were 

documented very rarely (e.g., vaginal dryness/irritation, dyspareunia, decreased libido) in 

our nursing note set.

Symptom clusters in patients diagnosed with a chronic condition

Age, sex/gender, race, and ethnicity for patients diagnosed with chronic conditions are 

reported in Table 3. A visual comparison of symptom documentation across COPD, 

heart failure, T2DM, and cancer by clinical category is displayed as a heatmap of the 

percentage of patients with a symptom documented in a nursing note in 2016 (Figure 2). 

We observed both shared and distinct patterns of symptom documentation across the four 

chronic conditions. Pain was the most frequently documented symptom across all chronic 

conditions. However, the percentage of patients with pain documented varied from 74.73% 

for COPD to 56.17% for cancer. Gastrointestinal, cognition and perception, general, and 

genitourinary symptoms were documented at similar rates across the chronic conditions. 

In contrast, cardiovascular and respiratory symptoms (e.g., shortness of breath, cough, 

swelling, chest pain) were documented for a higher percentage of patients diagnosed 

with COPD and heart failure compared to T2DM and cancer. Another distinct pattern 

of symptom documentation was related to fatigue. Fatigue was documented at least two 

times more frequently in patients diagnosed with cancer than in those with other chronic 

conditions. Furthermore, we observed differences in mental health symptoms. Higher 

percentages of anxiety were documented in patients diagnosed with COPD and heart failure, 

and higher percentages of depressed mood were documented in patients with COPD. We 

also noted that symptoms appeared to be documented at lower percentages in patients with 

cancer overall compared to the other conditions.

Symptom clusters (i.e., groups of patients with similar symptom profiles) and the top 

five symptoms characterizing a cluster for each of the chronic conditions are displayed in 

Table 4. We further include all symptom variables that characterize a cluster and relevant 

statistics (e.g., percentage of patients with a symptom variable belonging to a cluster) in 

Supplemental Digital Content 1. A total of six symptom clusters (including a symptom 

profile characterized by no symptoms) were identified. Three symptom clusters were found 

for COPD and heart failure and four symptom clusters were found for T2DM and cancer. 

All conditions had a group of patients characterized by no symptoms. Heart failure, T2DM, 

and cancer included a cognitive and neurological symptom cluster. Impaired cognition and 

confusion were the symptoms that best characterized this group of patients in all cases. 

Pain (i.e., pain, chest pain, and/or abdominal pain) and other symptoms (e.g., shortness of 
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breath, unsteadiness, weakness, nausea) was the second cluster shared by three conditions, 

i.e., COPD, T2DM, and cancer. Both heart failure and T2DM included a cardiovascular 

symptom cluster that was characterized by symptoms such as shortness of breath, chest pain, 

and dizziness. Cancer and COPD each contained a unique cluster. A distinct mental health 

symptom cluster was identified for patients with COPD. This cluster was characterized 

by suicidal ideation, depressed mood, agitation, and anxiety. A distinct gastrointestinal 

(i.e., decreased appetite, nausea, abdominal pain, constipation, abdominal bloating) and 

fatigue (i.e., fatigue, weakness, dizziness, disturbed sleep) symptom cluster was identified in 

patients with cancer.

Discussion

To our knowledge, this study is the first to use NLP to widely characterize symptom 

documentation in thousands of nursing notes from inpatient, outpatient, and ED encounters 

as well as compare symptoms and symptom clusters among large cohorts of patients 

diagnosed with four common chronic conditions (i.e., COPD, heart failure, T2DM, and 

cancer). We observed both shared and distinct patterns of symptom documentation in “real 

world” (i.e., not influenced by predetermined symptom inventories) nursing notes, as well 

as established and novel symptom clusters from the EHR-derived text-based symptom data, 

across the four chronic conditions. Overall, our findings support the use of EHR-derived 

text-based notes and NLP methods to study symptoms and symptom clusters to advance 

symptom science.

Pain was the most frequently documented symptom in nursing notes overall and within each 

of the chronic conditions. Furthermore, the presence of pain was a defining characteristic of 

a pain (i.e., pain, abdominal pain, and/or chest pain) and other symptoms (e.g., unsteadiness, 

weakness, shortness of breath, nausea) cluster for three out of the four chronic conditions 

(i.e., COPD, T2DM, and cancer). A number of factors likely contribute to high rates of pain 

documentation. First, unrelieved acute or chronic pain is among the most common reasons 

why patients seek medical care (Debono et al., 2013; Vogel et al., 2019). Second, pain is a 

nursing diagnosis, and nurses play a key role in pain assessment, management, monitoring, 

and documentation. Third, organizations, like the Joint Commission, have developed and 

enforce pain assessment and management standards for accredited systems (The Joint 

Commission, 2021). Gastrointestinal, cognition and perception, general, and genitourinary 

symptoms were also documented at similar rates across the chronic conditions.

All four chronic conditions shared a group of patients characterized by having no symptoms. 

This no symptom profile may represent a number of scenarios, including the nurse’s 

confirmation that the patient did not have any symptoms and/or that the symptom(s) 

was relieved following treatment. Alternatively, there may be a lack of: patient symptom 

reporting, patient interaction with the healthcare system, nursing assessment, and/or nursing 

documentation. It is possible that nurses may chart by exception in some circumstances, 

potentially biasing documentation towards unexpected symptoms rather than all symptoms. 

Nevertheless, this finding calls attention to the wide spectrum of symptom experiences 

associated with chronic conditions and their treatments. Chronic obstructive pulmonary 

disease (Lopez-Campos et al., 2013), heart failure (Snipelisky et al., 2019), T2DM (Prasad 
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& Groop, 2019; Udler, 2019), and cancer (Allison & Sledge, 2014) are rather heterogeneous 

clinical conditions. Additional symptom cluster studies using EHR-derived text-based data 

may be able to provide more detailed information on disease specific symptom clusters 

(Ahlqvist et al., 2020; Ahmad et al., 2014; Christensen et al., 2016; Hertzog et al., 2010; Li 

et al., 2019; Miaskowski et al., 2017; Nagamine et al., 2020; Park et al., 2013). Evaluation of 

different dimensions of the symptom experience (e.g., severity, frequency, and distress) may 

provide additional information on condition-specific symptom clusters, as well as symptom 

clusters that are common across multiple conditions (Miaskowski et al., 2017; Miravitlles 

& Ribera, 2017; Yu et al., 2018). Likewise, development of computational methods to 

capture symptom severity, duration, frequency, and distress from the nursing notes would be 

advantageous.

We noted distinct patterns of symptom documentation and symptom clusters. Compared 

to other conditions, higher percentages of anxiety were documented in patients diagnosed 

with COPD and heart failure as well as higher percentages of depressed mood in patients 

diagnosed with COPD. Chronic obstructive pulmonary disease was the only chronic 

condition that included a distinct mental health symptom (e.g., suicidal ideation, depressed 

mood, agitation, anxiety) cluster. This finding is consistent with the previous reports that 

found that mental health symptoms, including anxiety and depressed mood, occurred in 

combination with dyspnea and fatigue in patients with COPD (Park et al., 2012; Park et al., 

2013).

While we did not find a specific mental health symptom cluster in patients diagnosed 

with heart failure, T2DM, or cancer (DeVon et al., 2017; Herr et al., 2014; Miaskowski 

et al., 2017; Yu et al., 2018), our analysis identified a novel cluster of cognitive (e.g., 

impaired cognition, confusion) and neurological symptoms (e.g., paresthesia/numbness, 

unsteadiness, weakness) common to heart failure, T2DM, and cancer. This cognitive 

and neurological cluster included mental health symptoms (i.e., depressed mood and 

anxiety), fatigue, and sleep disturbance (see Table 4 and Supplemental Digital Content 

1). A related psychoneurologic symptom cluster of depressed mood, cognitive disturbance, 

fatigue, sleep disturbance, and pain was described previously in patients with cancer (Kim 

& Malone, 2019; Kim, Barsevick, Beck, & Dudley, 2012; Kim, Barsevick, Fang, & 

Miaskowski, 2012; Levkovich et al., 2018). However, this pre-specified symptom cluster 

did not include physical/functional neurological symptoms (e.g., paresthesia/numbness, 

unsteadiness, weakness). Similarly, the aforementioned mental health symptom cluster for 

patients with COPD was partially characterized by cognitive symptoms (e.g., confusion, 

impaired cognition) and fatigue, but largely lacks the physical/functional neurological 

symptoms.

Kim, Barsevick, Fang, & Miaskowski (2012) proposed that the underlying mechanisms for 

the psychoneurologic cluster in cancer patients included: activation of proinflammatory 

cytokines, alterations in the hypothalamic-pituitary-adrenal axis, and changes in the 

monoamine neurotransmission system. High levels of proinflammatory cytokines have been 

found in patients with cancer (Seruga et al., 2008), as well as in patients with COPD 

(Barnes, 2009), heart failure (Liu et al., 2014), and T2DM (Guest et al., 2008). Moreover, 

alterations in proinflammatory cytokines play a role in physical/functional neurological 
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diseases, such as myopathy (De Paepe et al., 2009; Salomonsson & Lundberg, 2006; 

Szodoray et al., 2010) and neuropathy (Fregnan et al., 2012; Hung et al., 2017). Additional 

research is warranted to explore the presence, antecedents, and outcomes of physical/

functional neurological symptoms within the context of or external to a psychoneurologic 

symptom cluster and elucidate shared physiological mechanisms underlying symptom 

development of this cluster across chronic conditions.

In addition, we report a number of expected differences in symptom documentation and 

symptom clusters among the chronic conditions. These expected findings confer validity to 

the use of EHR-derived text-based notes and NLP methods to study symptoms and symptom 

clusters in chronic conditions. For example, cardiovascular and respiratory symptoms 

(e.g., shortness of breath, cough, swelling, chest pain) were documented for a greater 

percentage of patients diagnosed with COPD and heart failure compared to T2DM and 

cancer. We anticipated these results based on the pathophysiologic changes associated 

with these conditions. Another distinct pattern of symptom documentation was related to 

fatigue. Fatigue was documented at least two times more frequently in patients with cancer 

compared to the other three conditions. Likewise, we observed a distinct gastrointestinal 

symptoms and fatigue cluster in cancer patients. Fatigue and gastrointestinal symptoms, 

like nausea and decreased appetite, are commonly experienced within the context of cancer 

and/or its treatment (Berger et al., 2015; Dev et al., 2017; Walsh et al., 2017). However, 

symptoms were documented with a lower frequency in cancer patients overall compared 

to other chronic conditions. This documentation pattern was particularly surprising as 

cancer is the chronic condition in which most symptom and symptom cluster research 

was historically conducted (Miaskowski et al., 2017). We hypothesize that cancer symptoms 

may be documented using structured symptom assessments, tools, or checklists (Cooley & 

Siefert, 2016; Kirkova et al., 2006). Alternatively, symptom prevalence may be diluted in 

the cancer sample due to our broad inclusion of all cancer types, including skin, which have 

highly variable clinical presentations and treatments as discussed previously.

Limitations

Our analysis had several limitations in addition to those already discussed. First, the system 

that we used to label notes, NimbleMiner, has limitations related to negation that required 

manual, post hoc mitigation. While we believe that we were able to remedy the majority 

of systematic false positives, labeling errors may have impacted results. Second, several 

cognition and perception (e.g., hallucinations, impaired memory, altered sense of taste), 

gastrointestinal (e.g., increased appetite, decreased thirst, defecation pain/urgency), and 

sexual dysfunction (e.g., vaginal dryness/irritation, dyspareunia, decreased libido) symptoms 

were rarely documented in our nursing note set. Some symptoms may actually occur 

at a lower prevalence while other may not be as frequently reported, assessed, and/or 

documented. Inclusion of notes authored by other types of clinicians (e.g., physicians, 

therapists) in addition to nurses and incorporation of structured data sources (e.g., checklists, 

laboratory test results, medications) may mitigate this limitation. Regardless, it is important 

to thoughtfully consider the chronic condition and research question when using symptom 

information extracted from nursing notes and the EHR in general. Third, we explored the 

presence of symptom clusters using binary (i.e., presence or absence) patient-level symptom 
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data from a calendar year of interaction with the healthcare system. We did not account 

for the number of times a symptom was documented, notes a patient had, and encounters 

with the healthcare system or length of stay of inpatient encounters. While some symptoms 

from visits unrelated to the chronic condition may be included, it would be challenging 

to distinguish a completely unrelated acute (or other chronic) disease process from the 

condition of interest. Likewise, we did not control for patient comorbidities or other patient 

characteristics (e.g., sociodemographic features). Chronic condition sample membership in 

our study was not exclusive. While this inclusivity represents the real world, the impact 

of overlapping categorization and other comorbidities is unknown. Much more research is 

needed to evaluate the influence of comorbid occurrence of two or more of four chronic 

conditions featured in this study, as well as other comorbid conditions (e.g., stroke, kidney 

disease, arthritis), on shared and distinct groupings of patient symptom profiles. Finally, 

longitudinal analyses should be conducted to explore symptom cluster trajectories.

Conclusion and future directions

In summary, we used NLP methods to extract extensive symptom information from EHR-

derived text-based nursing notes. We characterized symptom documentation in nursing 

notes and compared symptoms and symptom clusters for patients diagnosed with four 

common chronic conditions, namely: COPD, heart failure, T2DM, and cancer. We observed 

both shared and distinct patterns of symptom documentation and symptom clusters among 

patients diagnosed with these four chronic conditions. We were able to confirm expected or 

previous findings (e.g., high prevalence of pain documentation; gastrointestinal symptoms 

and fatigue symptom cluster for cancer patients) as well as identify a novel cluster 

of cognitive and neurological symptoms shared by heart failure, T2DM, and cancer. 

These findings support the use of EHR-derived text-based notes and NLP methods to 

study symptoms and symptom clusters, advancing the phenotypic characterization step 

of the NIH-SSM. Electronic health record-derived symptom data may help to overcome 

current barriers to symptom research, including lack of access to large cohorts of patients 

diagnosed with a chronic condition and the influence of predetermined symptom inventories. 

The investigation of symptom documentation patterns and symptom clusters in chronic 

conditions has the potential to elucidate underlying physiological mechanisms of shared 

symptom clusters and improve clinical management. Despite its limitations, the EHR 

offers nurse scientists the ability to connect symptom and symptom cluster information 

extracted from nursing notes with additional biological, behavioral, environmental, social, 

and lifestyle factors for thousands of patients diagnosed with one or more chronic conditions 

in future studies.
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Figure 1. Overlap in Patients Diagnosed with Chronic Conditions of Interest (N=22,647)
Note. COPD = chronic obstructive pulmonary disease.
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Figure 2. Percentage of Patients with a Symptom Documented in Nursing Notes Organized by 
Chronic Condition and Symptom Clinical Category
Note. COPD = chronic obstructive pulmonary disease. T2DM = type 2 diabetes mellitus.
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Table 1

Nursing Note Types (N=504,395)

Note Type n %

Miscellaneous inpatient nursing note
a 213,062 42.2

ED nursing assessment note 150,372 29.8

Nursing adult admission history 36,738 7.3

Ambulatory nursing note 29,980 5.9

Psychiatric nursing progress note 23,190 4.6

Ambulatory hematology/oncology nursing assessment 22,614 4.5

Psychiatric nursing note 9,493 1.9

ED psychiatric RN discharge note 4,229 0.8

ED psychiatric nursing assessment 4,225 0.8

Wound, ostomy, and continence nursing note 2,148 0.4

Gastrointestinal nursing note 1,739 0.3

Ambulatory Associates in Internal Medicine Practice nursing note 1,672 0.3

Psychosocial nursing note 1,151 0.2

Psychiatric nursing admission assessment 997 0.2

Rapid response team nursing action 922 0.2

Cardiovascular nursing note 515 0.1

Respiratory nursing note 408 0.1

Psychiatric clinical nurse specialist note 359 0.1

Genital urinary nursing note 337 0.1

RN initiated observation note 244 <0.1

a
Miscellaneous inpatient nursing note encompass notes written for a variety of reasons in the inpatient setting. Examples include: Pt [patient] 

complaining of nausea, had episode of vomiting. Zofran given.; Pt complaining of chest pain. Vital signs taken. MD aware.; Pt received sitting on 
bed. Pt denies headache, pain, and/or blurry vision. Pt denies any distress.
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Table 2

Prevalence of Documented Symptom Occurrence by Note and Patient

By note (N=504,395 notes) By patient (N=133,977 patients)

Symptom % Symptom %

Pain 29.99 Pain 63.55

Swelling 6.27 Swelling 15.81

Nausea 5.63 Shortness of Breath 14.64

Shortness of Breath 5.61 Anxiety 12.79

Abdominal Pain 5.19 Depressed Mood 10.60

Chest Pain 5.05 Nausea 10.05

Headache 4.46 Fatigue 10.03

Cough 3.77 Chest Pain 9.15

Paresthesia/Numbness 3.75 Abdominal Pain 9.08

Anxiety 3.56 Pruritus 8.97

Dizziness 3.36 Paresthesia/Numbness 8.64

Depressed Mood 3.29 Cough 7.36

Disturbed Sleep 3.27 Headache 6.83

Pruritus 3.20 Dizziness 6.59

Unsteadiness 2.69 Disturbed Sleep 6.24

Fatigue 2.48 Unsteadiness 5.83

Weakness 2.25 Agitation 5.24

Muscle Cramp 2.08 Confusion 4.54

Chills 1.96 Elevated Mood 4.24

Confusion 1.95 Weakness 4.21

Impaired Cognition 1.78 Emotional Lability 3.98

Agitation 1.75 Impaired Cognition 3.35

Urinary Pain/Urgency/Hesitancy 1.47 Suicidal Ideation 3.06

Constipation 1.46 Muscle Cramp 3.03

Abdominal Bloating 1.28 Abdominal Bloating 2.74

Palpitations 1.22 Chills 2.72

Suicidal Ideation 1.10 Constipation 2.39

Emotional Lability 0.91 Urinary Pain/Urgency/Hesitancy 2.12

Vision Changes 0.90 Hallucinations 1.80

Hearing Impairment 0.86 Palpitations 1.80

Decreased Appetite 0.78 Decreased Appetite 1.78

Heartburn 0.77 Anger 1.75

Anger 0.72 Heartburn 1.62

Hallucinations 0.62 Hearing Impairment 1.45

Difficult/Painful Swallowing 0.56 Vision Changes 1.42

Malaise 0.41 Difficult/Painful Swallowing 0.88

Impaired Attention/Executive Function 0.26 Malaise 0.75

Elevated Mood 0.21 Impaired Memory 0.74
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By note (N=504,395 notes) By patient (N=133,977 patients)

Symptom % Symptom %

Impaired Memory 0.20 Impaired Attention/Executive Function 0.63

Upset Stomach 0.15 Upset Stomach 0.41

Vaginal Dryness/Irritation 0.08 Vaginal Dryness/Irritation 0.29

Impaired Concentration 0.07 Impaired Concentration 0.21

Difficulty Coping 0.05 Tinnitus 0.14

Hot flashes 0.04 Difficulty Coping 0.14

Tinnitus 0.04 Hot flashes 0.13

Increased Thirst 0.03 Increased Thirst 0.11

Dry Mouth 0.03 Dry Mouth 0.09

Increased Appetite 0.01 Altered Sense of Taste 0.03

Choking Sensation 0.01 Increased Appetite 0.02

Dyspareunia 0.01 Choking Sensation 0.01

Altered Sense of Taste 0 Dyspareunia 0.01

Altered Sense of Smell 0 Altered Sense of Smell 0

Decreased Libido 0 Decreased Libido 0

Decreased Thirst 0 Decreased Thirst 0

Defecation Pain/Urgency 0 Defecation Pain/Urgency 0

Tactile Perception 0 Tactile Perception 0

Note. For notes, prevalence was calculated by dividing the number of nursing notes with a symptom documented by the total number of notes in 
the entire corpus. For patients, prevalence was calculated by dividing the number of patients with a symptom documented one or more times in a 
nursing note in 2016 by the total number of patients. Prevalence calculations were completed for each symptom.
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