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Abstract

Background: Individuals with Chronic Obstructive Pulmonary Disease (COPD) often develop 

anxiety and depression, which worsen illness management and prognosis. Physical and 

psychological symptoms, contextual and illness-related factors display complex reciprocal 

interactions, which give rise to heterogeneous presentations. Examining the patterns of association 

between specific physical and psychological symptoms in patients with COPD may help to focus 

on the precision of the patient-centred care.

Research question: We used network analyses to examine the links between symptoms of 

COPD, depression and anxiety.

Methods: Data from 1587 individuals with COPD from the COPDGene study were included. 

We estimated a Bayesian Gaussian Graphical Model to highlight the unique associations 

between symptoms of COPD (assessed with the COPD Assessment Test), depression and anxiety 

(assessed with the Hospital Anxiety and Depression Scale (HADS), while examining the role of 

sociodemographic characteristics, lung function tests, and health status.

Results: Unique Variable Analysis reduced 14 HADS items to Tension/worry (chronic anxiety), 

Fear/panic (acute anxiety), Restlessness, Anhedonia, Sadness and Slowing. In network analyses, 

chest-tightness was related to acute anxiety, while cough and weakness were connected with 

core depressive symptoms (sadness and lack of pleasure). Chronic anxiety was linked with 

acute anxiety and depressive symptoms. Findings were confirmed accounting for the role of 

confounders, including lung function, sex, ethnicity and lifestyle factors. A simulation based 

on our model yielded distinct predictions about anxiety and depression in two participants with 

similar COPD severity, but different symptom profiles.

Conclusion: Network analyses highlighted specific associations between symptoms of COPD, 

depression and anxiety. Accounting for symptom-level interactions may help to promote 

personalized treatment approaches.
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1. Introduction

Depression and anxiety are common in patients with chronic obstructive pulmonary disease 

(COPD). COPD patients exhibit clinically relevant symptoms of comorbid depression 

and anxiety [1,2]. Untreated depression and anxiety are associated with increased acute 

exacerbations (AECOPD) [3,4], emergency health care utilization and hospital readmission 

[3,4] and premature mortality [5].

The exact reason(s) why patients with COPD manifest elevated rates of depression and 

anxiety remains unclear. Literature strongly associates the severity of individual COPD 

symptoms with depressive symptoms and anxiety, more than by traditional measures 

of classifying severity using pulmonary function impairment [6]. As such, anxiety and 

depressive symptoms are likely to be influenced by complex interactions between illness 

chronicity, physical activity limitations, social isolation, physiological effects of COPD on 

the brain, and genetic factors. These experiences and limitations lead to feeling demoralized 

with low self-efficacy, paving the way to further development of psychopathology [7]. 

Furthermore, depression and anxiety symptoms overlap with physical symptoms of COPD 

[8]. Acute anxiety (fear/panic), for example, may manifest as sudden shortness of breath 

or tachypnoea, potentially mimicking the presence of acute or chronic dyspnoea. Chronic 

anxiety is the tenacious feeling of anxiety or dread which can interfere with daily life 

e.g. unable to engage in social interaction. Depression entails affective, cognitive and 

neurovegetative symptoms [9], often accompanied by fatigue (weakness) and psychomotor 

slowing, which also largely overlap with symptoms of COPD. Specific symptoms of anxiety 

trigger or exacerbate COPD symptoms, and vice versa [4,6,8]. Depression in COPD may 

amplify social withdrawal, activity limitations or poor compliance to treatment, each of 

which may lead to lower self-esteem, lower self-management and increased risk of acute 

exacerbation (AECOPD) [3,4,8]. Because of such complex interactions, depression and 

anxiety in COPD have extremely heterogeneous clinical presentations.

The network approach is particularly useful to examine multiple, complex relationships 

between symptoms among individuals with physical illnesses such as COPD [10–12]. The 

network approach assumes that mental disorders emerge from the reciprocal causation 

of multiple symptoms. Network analyses identify the most relevant connections between 

symptoms, estimate their relative importance and groupings, and explore the role of 

contextual factors, such as demographic variables or biological indices [13–15]. In fact, 

mental disorders in COPD likely derive from a complex interaction between physical and 

psychological symptoms, either with a pronounced subjective component (e.g. dyspnoea, 

anxiety) or due to disease chronicity (e.g. persistent cough with or without phlegm) [16]. To 

date, only one study utilized network modelling in COPD to examine the inter-relationships 

of depressive symptoms with dyspnoea. Schuler and colleagues found that dyspnoea 

frequency and physical functioning related to somatic depressive symptoms (sleep problems, 

loss of energy), while cognitive/emotional responses associated with cognitive-affective 

symptoms (feeling down/depressed/hopeless) [17].

This study extends previous findings by identifying unique associations between specific 

symptoms of COPD and symptoms of depression and anxiety. Moreover, we examined 
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whether such relationships might be affected by sociodemographic characteristics, COPD 

assessment as an index of severity, lung function tests, comorbidities and health status. 

Lastly, we examined whether network models could provide testable predictions on the 

evolution of depression and anxiety in COPD. Given prior literature, we hypothesized that 

breathlessness would be strongly associated with acute anxiety. Exploring the interactions 

between clinical and psychological variables in patients with COPD may be particularly 

useful to elucidate the most frequent clustering of symptoms to identify personalized 

treatment targets.

2. Methods

We examined data from the previously reported Genetic Epidemiology of COPD 

(COPDGene) study [18]. COPDGene recruited current and former smokers (≥10 pack-

years) from 21 centers across the United States. Our analysis included participants with 

available Hospital Anxiety and Depression Scale (HADS) and COPD Assessment Test 

(CAT) data collected during the Phase 2 study visit, the first time that mood measures were 

administered. The Institutional Review Board of all 21 participating centers approved the 

study, and participants provided written informed consent.

2.1. Participants

Of the 6718 participants smokers who completed the Phase 2 visit, 4903 were excluded (n = 

4347 without COPD and n = 556 without HADS data). Of those diagnosed with COPD (n 

= 1815), we excluded subjects with missing CAT data (n = 228), leaving a final sample of 

1587 participants.

2.2. Assessments

Depression and anxiety were evaluated using the HADS, a 14-item questionnaire rating 

the severity of anxiety and depressive symptoms on two respective subscales. Both have a 

score range of 0–21, and a score of ≥8 on either subscale indicates clinically significant 

anxiety or depressive symptoms [19]. We assessed the severity of COPD symptoms and 

health status with the CAT, containing eight items assessing cough, phlegm, chest tightness, 

and breathlessness going uphill/stairs, activity limitations at home, confidence leaving home, 

sleep and energy. Each item is scored from 0 to 5 with a total score of 0–40, where 20 is 

the threshold for clinically significant symptoms. Higher scores correspond to poorer health 

status in COPD patients [20].

We also examined the role of: (1) Sociodemographic variables that could act as confounders, 

including sex, age, education, ethnicity and income; and (2) Clinical parameters that might 

influence COPD pathophysiology and/or depression, or be objective indices of COPD 

severity, including the ratio of the forced expiratory volume in 1 s to the forced vital capacity 

(FEV1/FVC), resting haemoglobin saturation (SaO2), distance walked in 6 min (feet), body 

mass index (BMI), number of cigarettes smoked daily, presence of cancer, number of 

physical comorbidities other than COPD [21] and number of daily COPD medications.
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2.3. Data analyses

In a symptom network, each edge weight represents the strength of the partial correlation 

between two nodes, i.e. the unique shared covariance between pairs of symptoms after 
adjusting for all other symptoms in the network. Thus, edges can be interpreted as indices 

of bidirectional causal association between two symptoms, which might depend on various 

biopsychosocial mechanisms [22]. According to the network theory of psychopathology, 

each symptom (node) contributes differently to the overall “activation” and maintenance of a 

network in an active state, depending on the connections with other nodes.

Before estimating the network models, we combined the 14 items of the HADS based on 

their conceptual similarity, to reduce bias due to topological overlap [14,23]. Using the 

Unique Variable Analysis (UVA) of the EGAnet R package, 1.0 version, we computed a 

latent factor from conceptually redundant and highly correlated items [23]. We estimated 

the Gaussian Graphical Model (GGM) of depressive/anxiety symptoms (derived from 

the HADS) and COPD symptoms (derived from the CAT) using the non-regularized 

Bayesian approach implemented in the R package Bayesian Gaussian Graphical Models 

(BGGM)2.0.2 [24]. The method is based on a Wishart prior distribution for the correlation 

matrix. Posterior samples are used to estimate credibility intervals on each correlation and 

allow testing if a parameter is non-zero at the 5% level. The network structure ultimately 

represents the conditionally dependent relationships between symptoms. This method yields 

more conservative estimates than regularized methods, reducing the detection of false 

positive edges [24–26]. Networks are displayed using graph 1.6.5 [27]. Values of edge 

weights are reported in Weighted Adjacency Matrices (WAMs).

We examined differences in the association of COPD and mood symptoms. We identified 

the groups of the most inter-related nodes, termed communities, using the Walktrap 

algorithm of the 0.9.8 EGAnet package [28]. We estimated relevant network indices, i.e. 

node strength centrality and predictability. Strength centrality is the sum of connection 

weights of each node, indicating the relative connectedness of each node. Predictability 

is the variance share (R2) of each symptom explained by neighbouring symptoms. 

Predictability allows inferences on how self-determined a symptom is, and may contribute 

to inform intervention strategies [29]. For instance, low predictability values suggest that a 

symptom might be determined by factors outside the network [24,25].

We conducted sensitivity analyses to evaluate the role of sociodemographic and clinical 

variables. For categorical variables, we compared the CAT-HADS network structure between 

the levels of the variable (e.g. network in males vs. in females). Continuous variables were 

entered as additional nodes in the network.

Lastly, we ran a simulation of the CAT-HADS network model to illustrate the potential for 

testable predictions about the evolution of depression and anxiety in patients with COPD. 

We used the CAT scores of two randomly selected subjects to activate the corresponding 

nodes in the network across simulated timepoints. Finally, we recorded changes in HADS-

derived symptoms, to illustrate how initial differences in the COPD symptom profile (e.g. 

different severity of cough, chest tightness) yield different predictions of the severity of 
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anxiety and depressive symptoms. The supplement reports additional details on network 

analyses.

3. Results

3.1. Participants’ characteristics

The 1587 participants had almost equal distribution of sexes (Table 1). About a third of 

patients had clinically significant symptoms of COPD (35% with CAT total score above 20). 

HADS scores revealed that over one in five subjects had either clinically relevant anxiety or 

depression, of whom nearly half (174 subjects; 11% of the total) had both depression and 

anxiety. CAT scores positively correlated with both HADS depression (R = 0.50, p < 0.001) 

and anxiety (R = 0.39, p < 0.001) subscales (Fig. S1), as well as weakly with BMI (R = 0.11, 

p < 0.001), number of cigarettes/day (R = 0.17, p < 0.001), number of comorbidities (R = 

0.09, p < 0.001) and number of respiratory medications (R = 0.32, p < 0.001). CAT scores 

negatively associated with age (R = −0.20, p < 0.001), FEV1 (R = −0.15, p < 0.001), oxygen 

saturation (R = −0.08, p = 0.001), and distance walked (R = −0.37, p < 0.001) (see Table 2).

3.2. Network of anxiety, depressive and COPD symptoms

The 14 original HADS items were combined into 6 variables based on their redundancy 

(tension/worry, fear/panic, restlessness, anhedonia, sadness, slowing) (Table S1). Tension/

worry is also termed “chronic anxiety” to underline the temporal and intensity difference 

with fear/panic (“acute anxiety”).

Nodes representing symptoms of anxiety, depression and COPD constituted a relatively 

dense network (39 out of 91, 43% of possible edges, Fig. 1). The nodes organized into 

five highly interconnected communities: 1) anxiety (including tension/worry, fear/panic and 

restlessness), 2) core depressive symptoms (anhedonia and sadness), 3) physical impairment 
(psychomotor slowing, low energy, breathlessness and activity limitation), 4) cough (cough 

and phlegm) and 5) “impact of respiratory problems” (lack of confidence going out, sleep 

problems and chest tightness). As expected, most connections were positive and strongest 

within each community. Moreover, nodes and communities representing typical COPD 

symptoms were highly inter-connected (e.g. symptoms in the physical impairment, cough 

and severe respiratory problems). In particular, cough and phlegm were closely connected to 

chest tightness, sleep problems and breathlessness, which in turn linked to items related to 

physical and activity limitations.

Weighted Adjacency Matrix of the network. The cells report the values of edge weights 

for each pair of nodes. Nodes belonging to the same community are highlighted in the 

same color. Similarly, cells reporting edge weights of nodes from the same community are 

highlighted in the same color.

The most notable connections between COPD symptoms and manifestations of 

psychological distress was the community of anxiety symptoms strongly connecting with 

the community of “severe respiratory problems,” mainly through edges between fear/panic 

and chest tightness, between restlessness and chest tightness, and between restlessness 

and sleep problems. Core depressive symptoms connected to symptoms of the “physical 
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impairment” community through low energy and slowness, while cough connected with 

sadness. Anxiety and depressive symptoms strongly reciprocally interconnected through 

edges between tension/worries and core depressive symptoms, and between fear/panic and 

sadness. Restlessness and low energy negatively connected, suggesting that among subjects 

displaying one of the two symptoms, the other was less severe.

The most central nodes in the network, contributing to the network activation, were activity 

limitation, lack of confidence going out, cough, tension-worry and low energy (Fig. S2). In 

addition, the network model explained a large share of variance (over 50%) of sadness, lack 

of confidence going out, activity limitation, chest tightness, and phlegm (Table S2).

3.3. Sensitivity analyses: sociodemographic characteristics and clinical parameters

Adding age, education and yearly income to the network did not affect the connections 

between anxiety, depressive and COPD symptoms (Table S3). Higher age associated 

with greater slowing and reduced severity of fear/panic and anhedonia. Higher education 

positively associated with sadness and slowing, and negatively with tension/worry. Income 

associated positively with sadness and restlessness, and negatively with fear/panic and 

anhedonia. In addition, after adjustment for sociodemographic features, chest tightness 

remained positively associated with fear/panic and restlessness, but a negative connection 

appeared with sadness.

Dividing the sample by sex yielded small-sized differences in symptom severity. Positive 

Standardized Mean Differences (SMDs) indicate more severe symptom among women 

than among men: activity limitations: 0.06; anhedonia: 0.02; breathlessness: 0.23; chest 

tightness 0.02; cough: 0.04; fear/panic: 0.25; low energy: 0.07; lack of confidence going 

out: 0.13; phlegm: −0.14; restlessness: −0.06; sadness: 0.07; sleep problems: 0.10; slowing: 

0.03; tension/worry: 0.24. Sex was not associated with significant differences in the global 

network structure (JSD = 0.139, p = 0.196) but yielded a few significant differences in edge 

strength pairwise comparisons (Fig. 2, Fig. S3, Table S4). In particular, women presented 

a stronger connection between fear/panic and tension/worry than men. In addition, women 

presented a positive connection between restlessness and anhedonia, while men did not. Men 

did not present connections between activity limitations and tension/worry, while women 

presented a negative edge; men presented a connection between phlegm and low energy, 

while women did not (see Fig. 2).

Dividing the sample by ethnicity (white vs. African-Americans) yielded significant 

differences in global network level (JSD = 0.289, p < 0.001) and individual edges (Fig. 

S4, Table S5). White participants presented a stronger association between tension/worry 

and restlessness than African-Americans participants. Only African-Americans participants 

presented a positive connection between tension/worry and slowing and between fear/panic 

and anhedonia, while only white participants presented a positive connection between 

slowing and low energy.

Finally, we re-estimated the network adding clinical parameters, producing limited changes 

in the connections between anxiety, depressive and COPD symptoms (Fig. S5, Table S6). 

Specifically, the sadness connections with cough, slowing and low energy disappeared. 
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Slowing connected with parameters related to COPD severity (FEV1/FVC and haemoglobin 

saturation), while cough connected with cigarette smoking. Anhedonia connected with BMI 

and cigarette smoking.

3.4. Illustrative simulation based on the network model

We used the network model to examine whether different profiles of COPD symptoms could 

lead to distinct predictions about anxiety or depressive symptoms. We selected the CAT 

score data from two randomly selected subjects with severe COPD (both with a CAT total 

score of 30). The first subject (nodes coloured in red) had dyspnoea and chest tightness 

at baseline, while the other subject (blue nodes) had more severe phlegm, sleep problems 

and lack of energy. Their data was imputed into the network model, to simulate a spread 

of activation across ten timepoints (Fig. 3). Higher activation of CAT nodes activated of 

other nodes in the network, corresponding to HADS symptoms, but with different patterns. 

After ten simulated timepoints, the first subject developed a profile characterized by slightly 

higher severity of fear/panic and restlessness, but lower levels of anhedonia and sadness than 

the second subject did. Thus, given different COPD symptoms, the network model yielded 

different predictions for the development of distinct anxiety or depressive symptoms.

Illustrative example of predictions made using spreading activation in the network model 

for two distinct individuals (red and blue color) (Fig. 3). The network is “activated” 

at baseline by a specific profile of severity of COPD symptoms (upper left panel), and 

transmits the activation to other nodes (lower panels). The simulation runs for ten simulated 

timepoints (lower panels of the illustration). At the end of the simulation, the patients 

display distinguishable severity profiles for anxiety and depressive symptoms (upper right 

panel). Panel A. Network activation with the input CAT symptom profiles of subjects 1 

and 2 at time 0. Panel B. Output symptom profile of HADS-derived symptoms at timepoint 

10. COPD symptoms: 7: cough; 8: phlegm; 9: chest tightness; 10: breathlessness; 11: 

activity limitation; 12: lack of confidence going out; 13: sleep problems; 14: low energy. 

Anxiety and depressive symptoms (1–6): 1: tension/worries; 2: fear/panic; 3: restlessness; 

4: anhedonia; 5: sadness; 6: slowing. Lower panel. Activation of the nodes across ten 

simulated timepoints. For ease of visualization, the figure depicts five timepoints (1, 3, 5, 7, 

9) for one patient (red color) and five timepoints for the other (blue).

4. Discussion

This study examined the relationship between symptoms of COPD, anxiety and depression 

in a large, representative clinical sample, controlling for contextual and pathophysiological 

factors. Chest tightness linked to fear and panic, as symptoms of acute anxiety, while 

cough and COPD-related weakness were specifically connected to sadness and anhedonia. 

Persistent worries, in turn, linked the symptoms of anxiety and depression. Network analysis 

yielded personalized, testable predictions about symptoms at the interface between physical 

and mental diseases.

Our study suggests that symptoms of anxiety play a prominent role for COPD patients 

in terms of psychological distress, although with different patterns for acute or chronic 

symptoms (fear/panic vs. tension/worries, respectively). Acute anxiety, namely fear or panic, 
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may be the response or trigger of dyspnoea, while chronic worries and tension denote mixed 

presentations encompassing both depressive and anxiety symptoms [30, 31]. Our findings 

extend the first network study in COPD, which found an association between the severity of 

dyspnoea and somatic depression symptoms (sleep problems, loss of energy) and between 

cognitive/emotional responses to dyspnoea and cognitive-affective depressive symptoms 

(feeling down/depressed/hopeless) [17]. Another symptom network approach suggested that 

a respiratory disease (asthma) specifically associated with a physical component of anxiety 

[11]. Our study employed the assessment of the main facets of anxiety and identified a 

crucial role for them in the reciprocal pathway between dyspnoea and depression [32]. 

Panic, in particular, commonly occurs in COPD patients, and derives from the appraisal 

of cardiorespiratory signals [33]. Interestingly, the relationship between chest tightness and 

panic in our study did not change when adjusting for objective indices of COPD severity, 

suggesting the link between dyspnoea and panic in COPD largely depends on subjective 

sensations [34,35]. Recent studies indeed show that anxiety critically depends on abnormal 

interoceptive sensitivity and distorted awareness of breathing perceptions, functions that 

subserved by brain activity in the anterior insula and periaqueductal grey [36,37].

Our findings further articulate the link between COPD and depressive symptoms [32,38]. 

Activity limitation and lack of confidence going out were highly central and may underlie 

chronic distress. In this study, activity limitations, lower physical energy levels and cough 

were the COPD features mostly connected with core depressive symptoms, i.e. sad mood 

and anhedonia. Adjusting the model for clinical parameters and COPD severity did not 

affect the link between sadness and anhedonia, but highlighted further connections between 

anhedonia, high BMI and cigarette use. This is consistent with the known link between 

anhedonia, metabolic and inflammatory abnormalities [39]. In contrast, the connection 

between activity limitations and sadness was no longer significant after adjusting for the 

severity of COPD and other comorbidities. Thus, sadness in COPD may depend on a 

demoralizing effect of disease severity that act mainly through weakness and disability 

[40,41]. Our further analysis in sex differences showed that women are most likely to have 

elevated symptom burden compared to men.

These findings are clinically relevant. The boundaries between physical and psychological 

symptoms are obscure, especially in patients suffering from chronic diseases such as COPD. 

Moreover, the link between COPD and psychological distress is bi-directional and implies 

a substantive worsening in COPD symptoms, and conversely COPD increases the risk 

of depression and mortality [8,38]. Thus, addressing the complexity of psychosomatic 

interactions with a symptom-specific network approach seems a crucial step to understand 

both respiratory and psychological dysfunction in COPD. Our network model findings 

may be extended to provide individualized predictions, as highlighted by our purposefully 

selected examples, and this could ultimately result in improvements of treatment choices. 

According to the predicted symptoms, in fact, one may establish optimal indications to 

intervene with effective treatments for patients with acute or chronic anxiety, or depression. 

Given the close relationship with dyspnoea, acute anxiety may preferentially respond to 

pulmonary rehabilitation protocols [42], or medications to improve lung functions [43]. In 

contrast chronic anxiety, core depressive symptoms, weakness or activity limitations may 

benefit more from psychotherapy [44] physical exercise or behavioural activation [45]. Our 
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findings also prompt the need to improve the precision of psychological measurements in 

COPD patients, especially of symptoms that play a crucial role in the economy of the 

network. Their assessment should be even more detailed, for instance including instrumental 

evaluations or tasks based on novel computational paradigms [36].

Our study is strengthened by a large sample size and robust data analysis. Including 

symptoms of anxiety and relevant covariates allowed the most reliable associations to be 

identified and used to illustrate clinically relevant predictions. However, the study has 

limitations. Network analyses conducted on cross-sectional data do not provide indications 

on the direction of effects. In addition, they represent inter-subject, rather than intra-subject 

variability. Such associations are consistent with longitudinal observations [46,47], but 

caution is needed before drawing causal inferences at the individual level [12]. Similarly, our 

illustrative example must be taken with caution. Future studies should in particular extend 

the assessments to other clinically relevant dimensions, such as suicidal ideation [48,49] and 

cognitive dysfunction [50].

In conclusion, network analyses highlighted that chest-tightness specifically related to 

acute anxiety, while cough and COPD-related weakness connected with core depressive 

symptoms. Chronic anxiety connected acute anxiety and depressive symptoms. The network 

approach yields testable predictions about the evolution of anxiety and depression in COPD 

and could aid clinicians to tailor treatment strategies.
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Fig. 1. 
Network of COPD, anxiety and depressive symptoms.
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Fig. 2. 
Sex differences in symptom severity and connections

The left panel represents the mean score of HADS–derived symptoms and CAT symptoms 

compared by sex. Error bars represent Standard Errors. The right panel represent the sex 

differences of network structure, i.e. the differences in the strength of association between 

symptoms (edges connecting nodes). Edge differences represent male minus female edge 

strength. Thus, green (positive) edges indicate that the connection is significantly stronger in 

males than in females, while red (negative) edges indicate that the connection is significantly 

stronger in females than in males. HADS-derived (1–6). 1: tension/worries; 2: fear/panic; 

3: restlessness; 4: anhedonia; 5: sadness; 6: slowing. CAT. 7: cough; 8: phlegm; 9: chest 

tightness; 10: breathlessness; 11: activity limitation; 12: lack of confidence going out; 13: 

sleep problems; 14: low energy.
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Fig. 3. 
Example of time-dependent changes in symptoms in two patients.
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Table 1

Characteristics of the study sample (n = 1587).

Age, mean ± sd 67.97 ± 8.30 CAT total score, mean (SD) 17.23 ± 8.32

Sex, female, % 49.5 CAT item scores, mean (SD)

Ethnicity % Cough 2.33 ± 1.41

African-American 22.8 Phlegm 2.03 ± 1.46

Caucasian 77.2 Chest tightness 1.47 ± 1.42

Education, % Breathlessness/dyspnea 3.39 ± 1.58

8th grade or less 2.7 Activity limitation 2.41 ± 1.69

High school, no diploma 9.8 Lack of confidence going out 1.26 ± 1.59

High school graduate or GED 25.8 Sleep problems 1.72 ± 1.65

College or technical school, no degree 28.5 Low energy 2.63 ± 1.40

College or technical school graduate 24.8

Master’s or Doctoral degree 8.4 HADS anxiety subscale, mean (SD) 4.98 ± 3.71

Income, % HADS anxiety ≥8, % 21.9

Under $15,000 30.5 HADS depression subscale 4.52 ± 3.41

$15,000–35,000 25.9 HADS depression ≥8, % 19.7

$35,000–50,000 12.8

$50,000–75,000 9.8 HADS items after UVAb, mean (SD)

More than $75,000 7.5 Tension/worries 0.81 ± 0.61

Decline to answer 13.5 Fear-panic 0.57 ± 0.59

Restlessness 0.86 ± 0.79

FEV1/FVC pre-bronchial 0.53 ± 0.15 Anhedonia 0.58 ± 0.54

Resting_SaO2 94.73 ± 3.65 Sadness 0.35 ± 0.52

Number of medications for COPD 2.14 ± 1.57 Slowing 1.49 ± 0.85

Count of physical comorbidities, median (IQR)a 3 (0–15)

Ever had any type of cancer, % 25.6%

BMI, mean (SD) 28.9 ± 6.7

Distance walked (feet), mean (SD) 1050 ± 427

b.
From the original set of 14 items, redundant items were combined into six using Unique Variable Analysis (UVA) GED, General Educational 

Development test; HADS, Hospital Anxiety Depression scale; BMI, Body mass index.

a
Number of physical comorbidities other than COPD.
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