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Purpose: Medication patterns include all medications in an individual’s clinical profile. We 
aimed to identify chronic co-morbidity treatment patterns through medication use among 
COPDGene participants and determine whether these patterns were associated with mortal-
ity, acute exacerbations of chronic obstructive pulmonary disease (AECOPD) and quality of 
life.
Materials and Methods: Participants analyzed here completed Phase 1 (P1) and/or Phase 2 
(P2) of COPDGene. Latent class analysis (LCA) was used to identify medication patterns 
and assign individuals into unobserved LCA classes. Mortality, AECOPD, and the 
St. George’s Respiratory Questionnaire (SGRQ) health status were compared in different 
LCA classes through survival analysis, logistic regression, and Kruskal–Wallis test, 
respectively.
Results: LCA identified 8 medication patterns from 32 classes of chronic comorbid medica-
tions. A total of 8110 out of 10,127 participants with complete covariate information were 
included. Survival analysis adjusted for covariates showed, compared to a low medication 
use class, mortality was highest in participants with hypertension+diabetes+statin+antiplate-
let medication group. Participants in hypertension+SSRI+statin medication group had the 
highest odds of AECOPD and the highest SGRQ score at both P1 and P2.
Conclusion: Medication pattern can serve as a good indicator of an individual’s comorbid-
ities profile and improves models predicting clinical outcomes.
Keywords: COPDGene, co-morbidities, latent class analysis, medication patterns, mortality

Introduction
Many diseases are related to smoking cigarettes and approximately 480,000 deaths 
annually in the US are attributed to smoking.1,2 In large observational cohort 
studies, comorbid conditions were often self-reported using question “has 
a physician ever told you that you have a certain disease?”. Some studies have 
augmented this assessment of co-morbidities by comparing self-reported medica-
tion use by the participant to comorbidities reported and defining a condition based 
on the combination of both.3 Other observational studies have combined self- 
reported comorbidities into a single score where self-reported results are summed 
into a score that represents the total burden of co-morbid conditions.4 However, this 
approach lacks nuance and relies on scoring based on a perception of severity or 
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relatedness to the studies’ outcomes of interest making 
some scores less applicable in specific study settings.4 

Comorbid conditions such as diabetes, obesity, and renal 
disease can be correlated which raises modeling concerns.

One aspect of co-morbidity that is not typically con-
sidered when statistically “controlling” for co-morbidities 
is the combination of medications. Prescribed medications 
may represent a more nuanced window into the structure 
of a patient’s co-morbid milieu because prescription med-
ications represent the sum of clinicians’ observations 
regarding the patient. When clinicians build a treatment 
regimen, they balance therapeutic effects with quality of 
life, drug interactions, history of successful medication 
use, and other aspects of the clinical picture. This window 
into the clinical thought process suggests examining how 
medications cluster may be a fruitful approach that will 
allow us to gain an understanding of co-morbidities and 
adjust for it statistically.

A previous study used medication data to infer unre-
ported comorbidities and found improved model fit in the 
co-morbidity-adjusted model, however, they did not use 
a statistical method to show how different medications 
were combined.5 Given the possibility that many medica-
tions are used simultaneously, it is necessary to use 
a statistical method to cluster the population into sub-
groups with similar medication combinations. We aggre-
gated the individual medications reported by participants 
in the COPDGene study into therapeutic classes and 
employed latent class analysis (LCA) to cluster partici-
pants based on observed patterns of medication use. We 
chose LCA because it is a model-based approach that can 
identify homogeneous medication patterns within 
a heterogeneous population and assess the effect of multi-
ple medication use simultaneously instead of assessing the 
impact of single medication separately.6 LCA is a well- 
established analytical method applied in research since 
1995.7 Previous studies have utilized LCA to cluster multi- 
morbidity, however, no previous study has measured co- 
morbidity medication use in a cohort of individuals at high 
risk for COPD.8–13 After clustering medication pattern 
through LCA, we then assessed the risk for all-cause 
mortality, acute exacerbations of COPD (AECOPD), and 
quality of life adjusting for these clusters and assessed 
model performance.

Materials and Methods
All data were collected from the COPDGene cohort, 
a large cross-sectional study designed to investigate the 

underlying genetic factors about the chronic obstructive 
pulmonary disease (COPD), baseline initiation started in 
2007. Participants from the COPDGene cohort who com-
pleted P1 or both P1 and P2 (each phase is 5 years apart) 
from 2007 through 2019 with complete demographics, 
clinical information, baseline medication records, COPD 
factors, and mortality status were included in the study. All 
participants were heavy smokers with >10 pack-years 
smoking. Mean and standard deviation (SD) were reported 
for baseline age, smoking duration, smoking pack-years, 
and BMI, frequencies and proportion were reported for 
sex, race, ethnicity, and smoking status. COPD was cap-
tured using five COPD factors, increasing scores in these 
factors represents increase of severity.14–16 These factors 
remain consistent and should not be impacted by different 
COPD severity definitions from 2007 through 2019.

Participants’ medications were collected through self- 
report and confirmed by bringing their bottles of medica-
tions prescribed by their physicians. Detailed information 
about medication classification was provided in Appendix 
1. Medication classification was based on expert opinion, 
for instance, the American Diabetes Association was con-
sulted for medication use to treat type I or type II diabetes 
(T2D).17,18 LCA was utilized to identify medication pat-
terns among 200 medications in 32 classes of chronic 
disease drugs with the exception of those for COPD, 
asthma, cancers, and infections. Classification of antihy-
pertension drugs used a list of oral antihypertensive drugs 
from the 2017 American Heart Association clinical prac-
tice guideline.19 Classification of diabetes drugs used the 
American Diabetes Association pharmacologic approach 
to glycemic in 2018.17,19 Similar approaches were used for 
the other classes of drugs. LCA patterns were then com-
pared with the participants’ self-reported comorbidities. 
Mortality information was obtained at the end of the P2 
follow-up, which was confirmed in October 2018. 
AECOPD information was obtained at both P1 and P2. 
AECOPD was defined as severe exacerbation of COPD in 
our study based on self-reported answers from respiratory 
epidemiology questionnaires modified from the ATS 
Chronic Respiratory Disease Questionnaire (ATS-DLD 
-78) 7.20 Exacerbation severity was determined by the 
location where the exacerbation was treated.20 Mild to 
moderate exacerbations could be managed at home or in 
the emergency room.20 Severe exacerbations need to be 
managed in the hospital.20

To measure the quality of life, the St. George’s 
Respiratory Questionnaire (SGRQ) was assessed at the 
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P1 and P2 visits.21 A higher total SGRQ score correlates 
with a lower quality of life in an individual with 
a respiratory disease.21 Baseline age, sex, race, smoking 
status, smoking pack-years, COPD factors were included 
in the study as potential confounders. Gender and smoking 
status were tested for potential interactions in models pre-
dicting all-cause mortality, risk of AECOPD and total 
SGRQ score.

Statistical Analysis
All participants were asked their medication use informa-
tion and were included in the medication LCA. LCA is 
a statistical method used to cluster a set of discrete, 
mutually exclusive latent classes of individuals based on 
their responses to a set of observed categorical variables.22 

We performed LCA based on whether participants used 
a specific class of drugs. Model selection for LCA started 
with two classes and fitted with increasing numbers of 
classes. The best number of LCA classes was determined 
by comparing Akaike Information Criterion (AIC), 
Bayesian information criterion (BIC), sample size adjusted 
BIC (SABIC), entropy, and the overall interpretability of 
model.23,24 Lower values of AIC and BIC, SABIC, and 
higher values of entropy means a better model fit.22,25 

After determining the optimal classes of LCA, everyone 
was classified into the class where they have the highest 
predicted probability of class membership, and the best 
class of membership for each individual was automatically 
selected through LCA. The characteristics of each LCA 
class were then determined by the observed item-response 
probabilities and labeled by names of dominated classes of 
medications. Item-response probabilities were considered 
high if the conditional probability was >0.7 and low if the 
conditional probability was <0.3, previous paper has used 
<0.4 as a low probability for this interpretation step, thus 
we used cut-point of <0.4 as a low probability, 0.4–0.7 
as moderate probability, and above 0.7 as high 
probability.26,27 LCA patterns were confirmed with the 
participant’s self-reported comorbidities. Baseline charac-
teristics were compared using Chi-square tests, one-way 
ANOVA and the Kruskal–Wallis test across LCA classes.

Survival analysis was conducted by Cox proportional 
hazard regression model adjusting LCA membership, 
COPD factors, gender, baseline age, race, smoking status 
and smoking pack-years to determine the association 
between identified patterns of medication use and mortal-
ity and reported with hazard ratios (HR) and 95% confi-
dence interval (CI). Risk of AECOPD was also compared 

across different LCA classes fitting logistic regression 
models adjusting for potential confounders in P1 and P2 
separately and reported with odds ratios (ORs) and 95% 
CI. Quality of life among different LCA classes was com-
pared through the Kruskal–Wallis test using total SGRQ 
score in P1 and P2, respectively. Potential effect modifiers 
including gender*LCA and smoking status*LCA were 
tested in Cox proportional hazard model predicting all- 
cause mortality, logistic regression model predicting risk 
of AECOPD, and generalized linear model assessing 
SGRQ score in different LCA classes separately. We tested 
effect modifiers by entering them into each model and use 
a P-value<0.1 to continue to investigate the existence of an 
interaction. LCA medication patterns were compared with 
the participants’ self-reported comorbidities by frequency 
proportions. Correlations between covariates and variance 
inflation factor (VIF) was used to detect multicollinearity. 
Correlation between variables>0.8 and VIF>5 will be con-
sidered as multicollinearity.28,29 Finally, we performed 
a sensitivity analysis by adjusting the posterior probability 
of LCA instead of LCA membership in models predicting 
all-cause mortality and risk of AECOPD. All statistical 
analyses were performed through SAS Version 9.4, 
P-value<0.05 were considered statistically significant.

Results
COPDGene included 10,127 participants with complete 
baseline medication information. A total of 8110 participants 
had complete COPD characterization and mortality informa-
tion, thus a total of 8110 out of 10,127 participants with 
complete baseline medications, gender, race, ethnicity, age at 
baseline, smoking pack-years, smoking duration, smoking 
status, and Global initiative for chronic Obstructive Lung 
Disease (GOLD) status was finally included in the LCA 
study cohort.30 COPD severity was assessed using 5 factors 
capturing different aspects of the disease.14–16 All 8110 
participants completed P1 and 4763 out of these 8110 parti-
cipants completed P2. Among the 8110 participants, average 
age at enrollment was 60 years, 46% were female, 69% were 
white, all participants were not Hispanic or Latino, 48% 
were former smokers, 52% were current smokers, average 
cigarette smoking pack-years is 44 pack-years and average 
smoking duration are 36 years, average BMI is 29, 44% 
participants had COPD and 12% participants were observed 
to have Preserved Ratio Impaired Spirometry (PRISm) at 
baseline (Table 1).31,32 Among the 8110 participants, there 
were 4874 participants who used at least one class of med-
ication at baseline. Medication patterns among the 8110 will 
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be further discussed below through the results of LCA 
characteristics.

LCA Models were fit as shown in Table 2. After con-
ducting LCA from 2 classes through 9 classes, the BIC 
selected 5 classes, SABIC selected 7 classes, AIC selected 
9 classes. Although 8 classes had higher SABIC and BIC 
compared to those with 5 classes and 7 classes, and higher 
AIC compared to 9 classes, we finally selected the 8 
classes model because it provided a stronger medication 
pattern and easier interpretation. The clustering of medica-
tions in each LCA is shown in Figure 1. Detailed item- 
response probability is shown in Appendix 2.

Characteristics of LCA
LCA 0: included 4167 (51.38%) participants. LCA 0 had 
a very low probability of all medication use (probability of 

each medication <5%) and the medications used in this 
group did not share the same clustering with other LCA 
models. LCA 0 is labeled as (low-med).

LCA 1: included 506 (6.24%) participants. LCA 1 had 
moderate probability angiotensin II receptor blockers 
(ARB) use (41.23%), statin use (46.56%), and low prob-
ability of antiplatelet use (APT, 37.43%) and other medi-
cation use. LCA 1 is labeled as (ARB+statin).

LCA 2: included 293 (3.61%) participants. LCA 2 
showed a high probability of biguanide use (87.00%), 
moderate probability of angiotensin-converting enzyme 
inhibitors (ACEi, 60.42%), statin (67.67%), sulfonylureas 
(49.77%) and low probability of antiplatelet use (34.21%). 
Biguanides and sulfonylureas are medications for T2D. 
LCA 2 was labeled as (ACEi+Statin+T2D).

LCA 3: included 798 (9.84%) participants. LCA 3 had 
a moderate probability of 46.38% ACEi, 61.09% APT, 
46.17% beta-blocker, and a high probability of 86.64% statin 
use. ACEi and beta-blockers are both medications for hyper-
tension (HTN). LCA 3 was labeled as (HTN+APT+Statin).

LCA 4: included 94 (1.16%) participants. LCA 4 had 
low probability of 32.93% ACEi, moderate probability of 
APT (58.31%), ARB (52.58%), biguanides (45.40%), beta- 
blocker (63.89%), calcium channel blocker (45.98%), high 
probability of diuretic use (71.87%) and statin (80.90%) use. 
LCA 4 was labeled as (HTN+T2D+statin+APT).

LCA 5: included 827 (10.20%) participants. LCA 5 had 
a moderate probability of selective serotonin reuptake inhi-
bitors (SSRI) use (40.34%) and low probability of anxiolytic- 
hypnotics use (32.56%). LCA 5 was labeled as (SSRI only).

LCA 6: included 283 (3.29%) participants. LCA 6 had 
moderate probability of ACEi (44.67%), antiplatelet 
(51.71%), beta-blocker (43.71%), diuretic (48.26%), 
SSRI (48.54%), statin use (65.61%) and low probability 
of other psychiatric medications (37.83%). LCA 6 was 
labeled as (HTN+SSRI+statin+APT).

Table 1 Baseline Characteristics

Characteristics Mean (SD) n (%)a

Age 59.63 (9.00)

Female 3760 (46.37)

Race White 5699 (69.18)

African American 2409 (30.82)

Smoking status Former smoker 3871(47.74)

Current smoker 4237(52.26)

Smoking pack years 44.43 (24.93)

Smoking duration (years) 36.37 (10.14)

BMI 28.88 (6.17)

GOLD status PRISm 987 (12.17)

GOLD 0 3530 (43.54)

COPD 3591 (44.29)

Notes: aTotal number in GOLD status and smoking status not equal to 8110 due 
to missing data. 
Abbreviations: BMI, body mass index; COPD, chronic obstructive pulmonary 
disease; GOLD, Global initiative for chronic Obstructive Lung Disease; PRISm, 
preserved ratio impaired spirometry; SD, standard deviation.

Table 2 Model Fit Comparisons in Different LCA Classes

No. of LCA Classes Likelihood G2 AIC BIC SABIC Entropy

2 15,852.01 15,982.01 16,451.51 16,244.94 0.71
3 14,232.83 14,428.83 15,136.68 14,825.25 0.71

4 13,382.22 13,644.22 14,590.43 14,174.13 0.72

5 13,025.38 13,353.38 14,537.94 14,016.78 0.70
6 12,783.68 13,177.68 14,600.60 13,974.57 0.67

7 12,474.34 12,934.34 14,585.63 13,864.72 0.71

8 12,297.50 12,823.50 14,723.14 13,887.36 0.70
9 12,148.36 12,740.36 14,878.36 13,937.71 0.73

Abbreviations: AIC, Akaike Information Criterion; BIC, Bayesian information criterion; LCA, latent class analysis; SABIC, sample size adjusted BIC.
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LCA 7: included 1142 (14.08%) participants. LCA 7 
had a moderate probability of ACEi (39.75%, boundary 
value) and diuretic (44.25%). LCA 7 was labeled as (ACEi 
+diuretic).

Characteristics of LCA patterns were confirmed 
against the participants’ self-reported comorbidities 
(Appendix 3). Additionally, demographic characteristics 
were compared among LCA classes in Table 3. LCA 4 
showed the highest average age of 67.30 years, a lower 
proportion of females of 23.40%, longer average smok-
ing duration of 34.78 years, higher average BMI of 
34.78, and a higher proportion of PRISm participants 
of 25.53%.

Model Fit Using LCA
LCA variable was significant in the survival model pre-
dicting all-cause mortality (P<0.0001). No evidence of 
interaction was found in this model. Survival analysis 
adjusting for COPD factors, gender, baseline age, race, 
smoking status, smoking duration, and smoking pack- 
years showed, compared to low-med pattern (LCA 0), 
adjusted mortality was statistically significant higher in 
HTN+T2D+statin+APT pattern (LCA 4, HR=1.66, 95% 
CI: 1.13, 2.43, Table 4), HTN+SSRI+statin+APT pattern 
(LCA 6, HR=1.55, 95% CI: 1.21, 1.99, Table 4) and SSRI 
only pattern (LCA 5, HR=1.27, 95% CI: 1.05, 1.54, 
Table 4).

Figure 1 ACEi=Angiotensin-converting enzyme inhibitors, ARB=Angiotensin II receptor blockers, DRI= dopamine reuptake inhibitor, LCA=Latent class analysis, PPI=Proton 
pump inhibitor, SNRI= Serotonin and norepinephrine reuptake inhibitors, SSRI= Selective serotonin reuptake inhibitors. Membership in other classes were labeled in 
Appendix 1. LCA posterior probability of each class of medication was shown in Appendix 2. Appendix 5: SGRQ= St. George’s Respiratory Questionnaire, P1=Phase 1.
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The LCA variable was statistically significant when 
included in the model predicting P1 and P2 AECOPD 
(P1: P<0.0001, P2: P=0.04). No evidence of interaction 
was found in the model predicting the risk of AECOPD. 
Compared to low-med (LCA 0), HTN+SSRI+Statin+APT 
pattern (LCA 6, P1: OR=2.22, 95% CI: 1.68, 2.94, P2: 
OR=1.81, 95% CI: 1.25, 2.62, Table 5) and SSRI only 
pattern (LCA 5, P1: OR=1.44, 95% CI: 1.19, 1.75, P2: 
OR=1.30, 95% CI: 1.01, 1.66, Table 5) had a significantly 
higher risk of AECOPD in both P1 and P2.

Total SGRQ score was assessed in 8110 participants 
who completed P1 and the 4763 participants who com-
pleted P2 separately. Compared to low-med class 
(LCA 0), the median total SGRQ scores were signifi-
cantly higher in the rest LCA groups in P1. Participants 
with the medication pattern of HTN+SSRI+statin+APT 
(LCA 6) had the highest median total SGRQ score in 
both P1 and P2 (P1:38.30, P<0.0001, P2: 31.12, 
P<0.0001, Table 6). In P2, compared to the low- 
medication pattern (LCA 0), the median total SGRQ 
scores were also significantly higher in the other LCA 
patterns (Table 6). SGRQ total score in different LCA 
classes was stratified by smoking status in P1 (p=0.046). 
Current smokers had higher median SGRQ total score in 
all LCA classes compared to former smokers (Appendix 
4, Appendix 5). Gender was not a significant interaction 
in the SGRQ model in P1 (P=0.41). Gender (P=0.90) 
and smoking status (P=0.18) were not significant inter-
actions in the SGRQ model in P2.

Multicollinearity was not an issue in any models 
as correlation between variables was <0.8 and all 
the VIFs, which indicate multicollinearity were 
<5. Sensitivity analysis was conducted adjusting the 
posterior probability of LCA in predicting mortality 
and the risk of AECOPD. Results were similar to 
models adjusted for LCA membership (Appendix 6, 
Appendix 7).

Discussion
This study applied LCA to cluster participants’ medi-
cation use patterns in the COPDGene cohort. 
Examining how medications cluster together may be 
an approach to provide a better understanding of co- 
morbidities as represented through medication use indi-
cated total disease patterns. LCA identified 8 clusters 
of medication use patterns and there were significant 
differences in overall mortality, COPD exacerbations, 
and quality of life among different co-morbidity med-
ication use patterns. LCA is a statistical method widely 
applied to assess substance use patterns.27,33 Woodman 
et al assessed 14 separate drug classes and identified 3 
medication patterns with serum sodium concentrations 
in older hospitalized patients.34 To our knowledge, this 
is the first analysis that employees LCA to assess 
medication patterns in a cohort of heavy smokers at 
high risk for COPD. Furthermore, this approach of 
including a medication use pattern variable in an 
LCA model could be an innovative method adjusting 

Table 3 Characteristics According to Latent Class Membership

Characteristicsa LCA 0 

(n=4167)

LCA 1 

(n=506)

LCA 2 

(n=293)

LCA 3 

(n=798)

LCA 4 

(n=94)

LCA 5 

(n=827)

LCA 6 

(n=283)

LCA 7 

(n=1142)

P-valueb

Age 57.05 (8.46) 65.26 (8.30) 61.96 (8.28) 66.01 (7.62) 67.30 (7.27) 57.68 (7.94) 62.40 (8.06) 61.60 (8.85) <0.0001

Female (n,%) 1833 (43.99) 270 (53.36) 106 (36.18) 267 (33.46) 22 (23.40) 516 (62.39) 158 (55.83) 588 (51.49) <0.0001

African American (n,%) 1650 (29.60) 95 (18.77) 62 (21.16) 96 (12.03) 17 (18.09) 153 (18.5) 53 (18.73) 373 (32.66) <0.0001

Former smoker (n,%) 1546 (37.10) 361 (71.34) 172 (58.70) 565 (70.80) 79 (84.04) 344 (41.60) 155 (54.77) 651 (57.01) <0.0001

Current smoker 

(n,%)

2621 (62.90) 145 (28.66) 121 (41.30) 233 (29.20) 15 (15.96) 483 (58.40) 128 (45.23) 491 (42.99) <0.0001

Smoking pack-years 41.73 (22.97) 45.65 (25.86) 50.26 (27.23) 52.28 (29.36) 47.22 (25.39) 43.42 (22.36) 53.27 (29.20) 45.06 (26.01) <0.0001

Smoking duration 

(years)

35.50 (9.60) 65.26 (8.30) 37.61 (10.51) 39.06 (11.10) 35.94 (11.00) 36.13 (9.70) 38.16 (10.23) 36.91 (10.38) <0.0001

BMI 27.87 (5.76) 29.67 (6.12) 32.39 (6.01) 29.59 (5.87) 34.78 (6.62) 28.80 (6.42) 32.20 (6.61) 29.59 (6.45) <0.0001

PRISm (n,%) 489 (11.74) 57 (11.26) 51 (17.41) 88 (11.03) 24 (25.53) 97 (11.73) 48 (16.96) 133 (11.66) <0.0001

GOLD 0 (n,%) 2063 (49.52) 158 (31.23) 122 (41.64) 247 (30.95) 26 (27.66) 395 (47.76) 93 (32.86) 426 (37.34) <0.0001

COPD (n,%) 1614 (38.74) 291 (57.51) 120 (40.95) 463 (58.02) 44 (46.81) 335 (40.51) 142 (50.18) 582 (51.00) <0.0001

Notes: aAge, smoking duration, smoking pack-years and BMI was reported in mean (SD), other categories were reported in n (%). Total number for some category does 
not equal to 8110 due to missing data. bChi-square test was used to test differences among categorical variables in different LCA. One-way ANOVA used for BMI and 
smoking duration and Kruskal–Wallis test used for age and smoking pack-years in different LCA. 
Abbreviations: BMI, body mass index; COPD, chronic obstructive pulmonary function disease; GOLD, Global initiative for chronic Obstructive Lung Disease; PRISm, 
preserved ratio impaired spirometry.
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the clustering of various comorbidities because medi-
cation use is a good indication of a patient’s overall 
clinical picture.

LCA 0 was labeled as low-med. In this class, 78.18% 
of people did not use any medications in the 32 classes 
assessed, 21.42% used a single medication, and 0.40% 
used two medications. The co-morbidity medications 
used in this LCA had lower probability when utilized as 
a single or combination of two medications, which was not 
captured by other clustering within this cohort, thus we 
termed it “low-med”. Compared to low-med (LCA 0), 
HTN+T2D+APT+Statin pattern (LCA 4) had the highest 
overall mortality rate, people using these medications 
could possibly be individuals with hypertension, diabetes, 
and hyperlipidemia. Correspondingly, 25% people in this 
group were in PRISm and 47% people in this group were 
diagnosed with COPD (Table 3). This was consistent with 
the previous data indicating that individuals with COPD 
had a high prevalence of hypertension, diabetes, and car-
diovascular disease, and people with these comorbid dis-
eases had higher mortality risk.35,36 To confirm the 
prediction of comorbidities, we compared the clustering 
of medications with possible chronic diseases through self- 
reported diagnosis information, and the trend of treatment 
patterns and potential disease patterns were matched 
(Appendix 3).

Both SSRI only pattern (LCA 5) and HTN+SSRI+sta-
tin+APT pattern (LCA 6) were associated with a higher 
risk of AECOPD, higher mortality, as well as lower qual-
ity of life scores. Since these two medication use patterns 
included SSRI, depression might play a critical influence 
on mortality, AECOPD, and quality of life.37,38 Depression 
was associated with a higher risk of AECOPD, mortality 

Table 4 Adjusted Survival Analysis in Different LCA Classes

Parameters HRa 95% CI P-valueb

Smoking pack-years 1.00 1.00, 1.01 0.01

Female 0.73 0.65, 0.81 <0.0001

Race 0.94 0.82, 1.08 0.37

Age 1.04 1.04, 1.05 <0.0001

Smoking status 1.66 1.46, 1.89 <0.0001

COPD factor 1 1.49 1.41, 1.58 <0.0001

COPD factor 2 1.95 1.84, 2.07 <0.0001

COPD factor 3 1.20 1.12, 1.29 <0.0001

COPD factor 4 1.15 1.08, 1.22 <0.0001

COPD factor 5 1.00 0.94, 1.05 0.85

LCA 1 0.94 0.76, 1.17 0.59

LCA 2 1.02 0.77, 1.36 0.88

LCA 3 0.85 0.70, 1.01 0.07

LCA 4 1.66 1.13, 2.43 0.01

LCA 5 1.27 1.05, 1.54 0.01

LCA 6 1.55 1.21, 1.99 0.001

LCA 7 1.07 0.92, 1.26 0.36

Notes: aLCA 0 is the reference group. Survival analysis was conducted adjusting for 
COPD factors, gender, baseline age, race, smoking status, smoking duration and 
smoking pack-years. bLog rank test was used to test mortality in different LCA classes. 
Abbreviations: COPD, Chronic obstructive pulmonary function disease; CI, 
Confidence interval; HR, Hazard ratio; LCA, Latent class analysis.

Table 5 Risk of AECOPD in P1 and P2

Parameters P1a P2a

ORb 95% CI ORb 95% CI

Smoking pack-years 1.00 1.00, 1.01 1.01 1.00,1.01

Female 1.66 1.48, 1.87 1.42 1.22, 1.65

Race 0.65 0.57, 0.76 0.78 0.64, 0.94

Age 0.97 0.97, 0.98 0.97 0.96, 0.98

Smoking status 0.84 0.73, 0.97 0.97 0.81, 1.16

COPD factor 1 1.59 1.50, 1.69 1.74 1.60, 1.89

COPD factor 2 2.27 2.13, 2.42 2.10 1.94, 2.29

COPD factor 3 1.29 1.21, 1.38 1.29 1.18, 1.39

COPD factor 4 1.08 1.02, 1.14 1.08 1.00, 1.16

COPD factor 5 0.97 0.91, 1.02 0.96 0.88, 1.03

LCA 1 1.33 1.05, 1.67 1.29 0.96, 1.73

LCA 2 1.43 1.06, 1.93 1.23 0.82,1.84

LCA 3 1.12 0.91, 1.38 1.03 0.79, 1.33

LCA 4 1.61 0.97, 2.66 1.01 0.51, 2.01

LCA 5 1.44 1.19, 1.75 1.30 1.01, 1.66

LCA 6 2.22 1.68, 2.94 1.81 1.25, 2.62

LCA 7 1.24 1.04, 1.46 1.08 0.86, 1.35

Notes: aRisk of AECOPD was compared in different LCA classes using logistic 
regression adjusting for smoking pack-years, gender, race, age, smoking status and 
COPD factors in P1 and P2 separately. bLCA 0 is the reference group. 
Abbreviations: AECOPD, acute exacerbations of COPD; COPD, chronic 
obstructive pulmonary function disease; CI, confidence interval; LCA, latent class 
analysis; OR, odds ratio; P1, Phase 1; P2, Phase 2.

Table 6 Comparison of SGRQ Total Score in Different LCA 
Classes in P1 and P2

LCA Classa SGRQ Total P1 
(n=8108)

SGRQ Total P2 
(n=4763)

Median P valueb Median P valueb

0 17.14 <0.0001 14.88 <0.0001

1 25.42 19.49

2 27.03 18.42
3 22.66 16.50

4 26.18 27.53

5 26.05 20.80
6 38.30 31.12

7 26.90 20.07

Notes: aThis table shows the distribution of the median SGRQ total score among 
LCA classes in P1 and P2. bP-value: Kruskal–Wallis test was used to compare mean 
ranks in different LCA groups. The median of SGRQ total score was reported. 
Abbreviations: LCA, latent class analysis; P1, Phase 1; P2, Phase 2; SGRQ, 
St. George’s Respiratory Questionnaire.
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and lower quality of life in previous studies. Underner et al 
reported a positive association found between depression 
and risk of AECOPD after examining publications 
between 1980 and 2017.37 Lim et al found it was hard 
for people with depression to improve the quality of life in 
COPD patients.38 Plus, another study found that SSRI 
users compared to non-users had significantly higher 
rates of all-cause mortality (HR=1.20, 95% CI: 
1.11,1.29).39

Our study had several limitations. First, medication use 
patterns were assessed through medication use at study 
enrollment and did not reflect alterations of medications 
during the follow-up period. However, this analysis pro-
vides a clear clinical picture combining all aspects of 
patients’ co-morbidity patterns. Future work will include 
a reassessment of patient’s medication changes during P2 
and could allow us to assess how changes in medication 
use through latent transition analysis over the intervening 
period. Also, COPD factors in P2 were not available, so 
changed of COPD severity would not be assessed. This 
will be addressed in future work. Second, we assessed 
participants’ medications through interviews with confir-
mation by the subject’s bringing all current medication 
bottles, however, we did not have access to information 
to validate whether people are truly taking these medica-
tions. Given the importance of our findings, this may lead 
to future analysis incorporating adherence information. 
Third, only 8110 participants had complete information 
on COPD factors and mortality to assess the relationship 
between medication use patterns and mortality, AECOPD, 
and quality of life. However, comparing those subjects 
with complete information to those excluded due to miss-
ing information in COPD factors or baseline characteris-
tics did not show large differences (Appendix 8). Fourth, 
medication use patterns could be another approach to 
adjust for comorbidities, however, we are not able to 
directly translate the medication use into firm comorbid-
ities patterns because different diseases are treated with 
similar drugs. For example, ACEi or ARB reduces the risk 
for both kidney failure and cardiovascular events.40 

Besides, LCA predicts medication use pattern but does 
not necessarily represent every single participant’s medi-
cations within each LCA membership, detailed numbers of 
medication use patterns for each LCA membership is 
shown in Appendix 9. In addition, glycated hemoglobin 
provides average blood sugar information for participants, 
however blood measurement of glycemic control was not 
available at baseline in our dataset.41 Fifth, assessing 

medication use patterns using LCA is a complex statistical 
approach compared to direct co-morbidity counts recalled 
by participants, however, co-morbidity counts suffer from 
recall bias and do not indicate co-morbidity patterns. 
Furthermore, medication assessment is less likely to have 
recall bias and provide polypharmacy information to 
implicate the cluster of comorbidities. Therefore, adjusting 
for medication use is an alternative approach to adjust for 
comorbidities when co-morbidity information is absent or 
of poor quality. Sixth, we were not able to adjust for 
severity of comorbidities because we do not have clinical 
information such as doses, timing or frequencies of med-
ication use, future studies including dose or frequency 
variables could consider addressing this issue. Lastly, 
SGRQ was not a validated measurement for the quality 
of life in a non-COPD cohort but has been used to measure 
quality of life in heavy smokers in a previous study.42

Our study also had several strengths. We identified 
8 clear co-morbidity medication use patterns in a cohort 
of heavy smokers at high-risk of COPD and these medica-
tion use patterns were matched with potential disease 
patterns. Using LCA allows us to assess the effect of 
total medication use rather than isolated drugs. We also 
adjusted for confounders and tested potential effect modi-
fiers that might influence the association of medication use 
patterns with mortality and AECOPD.

Conclusions
Our study is the first to assess co-morbidity medication use 
patterns using LCA in a population of smokers with and 
without COPD and to test the association between co- 
morbidity medication use patterns with mortality, 
AECOPD, and quality of life. We believe that adjusting 
for medication use patterns is an alternative method to 
adjust for co-morbidities when co-morbidity information 
is absent, overly complex or of poor quality.

Abbreviations
ACEi, angiotensin-converting enzyme inhibitors; ARB, 
angiotensin II receptor blockers; AECOPD, acute exacer-
bation of COPD; AIC, Akaike Information Criterion; APT, 
antiplatelet; BIC, Bayesian information criterion; COPD, 
chronic obstructive pulmonary disease; COPDGene, 
Genetic Epidemiology of Chronic Obstructive Pulmonary 
Disease; CI, confidence interval; GOLD, Global initiative 
for chronic Obstructive Lung Disease; HR, hazard ratio; 
HTN, hypertension; LCA, latent class analysis; OR, odds 
ratio; P1, Phase 1; P2, Phase 2; PRISm, preserved ratio 
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impaired spirometry; SD, standard deviation; SGRQ, 
St. George’s Respiratory Questionnaire; SSRI, selective 
serotonin reuptake inhibitors; SABIC, sample size 
adjusted BIC; T2D, type II diabetes; VIF, variance infla-
tion factor.
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