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ABSTRACT 

Background: In contemporary management of COPD, the frequent exacerbator phenotype based on a 12-

month history of acute exacerbations (AECOPD) is a major determinant of therapeutic recommendations. 

However, there is considerable debate on the stability of this phenotype over time.  

Methods: We used fundamental principles in time-to-event analysis to demonstrate that variation in the 

frequent exacerbator phenotype has two major sources: variability in the underlying AECOPD rate and 

the randomness in the occurrence of individual AECOPDs. We re-analysed data from two large cohorts 

(ECLIPSE and SPIROMICS) using a Bayesian model that separated these sources of variability. We then 

evaluated the stability of the frequent exacerbator phenotype based on these results. 

Results: In both cohorts, the pattern of AECOPDs strongly supported the presence of an individual-

specific underlying AECOPD rate which is stable over time (Bayes Factor <0.001). Despite this, the 

observed AECOPD rate can markedly vary year-to-year within individual patients. For those with an 

underlying rate between 0.8–3.1/year, the frequent exacerbator classification, based on the observed rate, 

changes >30% of the time over two consecutive years due to chance alone. This value increases to >45% 

for those with an underlying rate between 1.2–2.2/year.  

Conclusion: While the underlying AECOPD rate is a stable trait, the frequent exacerbator phenotype 

based on observed AECOPD patterns is unstable, so much so that its suitability for informing treatment 

decisions should be questioned. Whether evaluating AECOPD history over longer durations or the use of 

multivariate prediction models can result in more stable phenotyping needs to be evaluated. 

Keywords: Chronic Obstructive Pulmonary Disease; Exacerbation; Phenotype; Survival Analysis; 

Recurrent Events; Heterogeneity 

  



INTRODUCTION 

Chronic obstructive pulmonary disease (COPD) is a common disease of the airways responsible for a 

high proportion of hospitalisations and mortality in many parts of the world[1]. Acute exacerbations of 

COPD (AECOPDs) are a defining feature of the disease and a major source of morbidity and 

mortality[2]. Due to the high burden of AECOPDs, their prevention is a major target of current COPD 

management strategies. In several contemporary COPD guidelines, the observed AECOPD rate from the 

previous year is used to identify a frequent exacerbator phenotype, which in turn guides the choice of 

initial and subsequent treatments. For example, the Global Initiative for Chronic Obstructive Lung 

Disease (GOLD) recommends the use of inhaled corticosteroids for patients who are “frequent 

exacerbators” based on a threshold of ≥2 moderate or ≥1 severe AECOPDs in the previous 12 months[3]. 

The Canadian guidelines follow a similar definition for the frequent exacerbator phenotype[4]. 

Given its central role in informing therapeutic choices, the frequent exacerbator phenotype needs to be 

stable over time if it is to be used to provide logical and consistent treatment recommendations to patients. 

Several investigators have studied the stability of such phenotypes in longitudinal COPD cohorts[5–9]. 

Two highly cited studies are the Evaluation of COPD Longitudinally to Identify Predictive Surrogate 

Endpoints (ECLIPSE)[5], and Subpopulations and Intermediate Outcomes in COPD Study 

(SPIROMICS)[6] cohorts. The investigators used similar methods for each of these cohorts to determine 

the stability of the frequent and non-frequent exacerbator phenotypes over three years. Interestingly, they 

arrived at different conclusions. The ECLIPSE investigators concluded that “COPD with frequent 

exacerbation is a distinct phenotype…” and that the “frequent exacerbation phenotype can be identified 

on the basis of a history of exacerbations”. On the other hand, the SPIROMICS investigators concluded 

that “exacerbation frequency is highly variable over time”, and “frequent exacerbator status defined by 

≥2 exacerbations in every year is distinctly uncommon”. Given these discordant findings, there is 

considerable debate on the importance (and even existence) of a frequent versus non-frequent exacerbator 

phenotype in clinical practice and therefore its application in clinical practice guidelines[10].  



In this work, we show that the variation in the observed number of AECOPDs in a given period is 

influenced by two major factors: the variability in the individual-specific, underlying AECOPD rates, and 

the randomness in the occurrence of AECOPD events. Evaluating the pattern of AECOPDs from this 

perspective sheds light on the inconsistencies in the interpretations of previous studies, and provides new 

insights into the utility of current phenotyping based on AECOPD history. The first objective of this study 

was to evaluate whether the data from the ECLIPSE and SPIROMICS studies support the presence of an 

individual-specific, underlying AECOPD rate, which is stable over time. The second objective was to 

explore, based on the findings from the first objective, the randomness of the observed AECOPD counts 

in a 12-month period to determine its suitability for phenotypic classification.  

 

METHODS 

Individual-specific ‘underlying’ AECOPD rate as the true characteristic 

In the analysis of recurrent events, two related but distinct concepts exist. One is the intensity function 

(also referred to as the instantaneous rate) of an event and the second is the actual frequency of 

events[11]. The intensity function for a given patient for a time interval captures the tendency of that 

individual to experience the event of interest at any given time within that interval. For example, given 

that more AECOPDs occur in the winter, the intensity function of AECOPDs has a higher value in the 

winter months than during the summer. The intensity function for an individual patient is not directly 

observable; however, it can be estimated when one observes AECOPDs in a sample of patients. The 

intensity function for recurrent events is analogous to the hazard function for non-repeated events (e.g., 

mortality).  

For recurrent events such as AECOPD, during any time interval, the „expected‟ number of AECOPDs is 

equal to the area under the curve of the intensity function during this interval. However, for each 

individual patient, the „observed‟ number of events is a random variable. Fundamental theory in time-to-

event analysis states that, under some general conditions, the number of events experienced during a 



period is a random variable that follows a Poisson distribution[12]. This is illustrated in a stylised 

example in Figure 1 – panel a. Here, the intensity function of a hypothetical COPD patient is depicted. 

The underlying average event rate for this patient (the area under the curve) is 1.5 (note that while the 

actual number of events is always an integer number, the average event rate is a continuous variable that 

can take any non-negative value). That is, if we follow patients with the same AECOPD intensity function 

for 12 months, they will experience, on average, 15 events in total. But the number of AECOPDs for each 

of these patients is random.  

For any given underlying AECOPD rate, the randomness of the observed number of AECOPDs can be 

studied using a Poisson distribution, as depicted in Figure 1 - Panel b[13]. This panel demonstrates the 

probability of observing a certain number of AECOPDs during a 12-month interval for the same patient 

(with an underlying AECOPD rate of 1.5/year). Had we known the underlying AECOPD rate for this 

patient, using a threshold definition of <2 AECOPDs/year, we would classify this patient as a non-

frequent exacerbator. However, according to Figure 1, the patient only has a 22% chance of not 

experiencing any AECOPD during a 12-month period (the left-most bar) and a 34% chance of having 

exactly 1 AECOPD (the second bar). Thus, based on the observed AECOPD rate, this individual has only 

a 56% (22%+34%) chance of being classified as a non-frequent exacerbator and a corresponding 44% 

chance of being incorrectly classified as a frequent exacerbator in any given 12-month period.  

In this framework, the variation of the frequent-exacerbator definition over time can be decomposed into 

two components: the variation due to the potential instability of the underlying AECOPD rates over time, 

and the randomness of observed AECOPD counts given the same underlying rate. These sources of 

variation can be formally studied using longitudinal AECOPD data.  

 

First objective: examining the presence of an underlying, stable AECOPD rate 



We re-analysed the observed AECOPD patterns in ECLIPSE and SPIROMICS to determine if the 

underlying AECOPD rate remains stable over time. ECLIPSE and SPIROMICS were two independent 

non-interventional, multi-centre three-year prospective cohort studies, whose design is published 

elsewhere[14, 15]. The overall objective of ECLIPSE was to evaluate COPD subtypes and factors that 

predict disease progression, while SPIROMICS aimed at identifying distinct subgroups of COPD patients 

for targeted enrolment in future clinical trials and to discover and validate intermediate endpoints. Both 

studies pre-specified multiple endpoints, with AECOPDs as a specific outcome evaluated during each of 

the follow-up visits.  

Our analyses are based on summary results from the two studies that evaluated the stability of frequent 

exacerbator phenotype. The study based on the ECLIPSE cohort included 2,138 patients[5], while the one 

based on SPIROMICS included 1,105 patients[6]. The demographic characteristics of these samples are 

provided in their respective publications[5, 6]. Both studies classified each patient-year as having 0, 1, or 

2 or more (coded as 2) AECOPDs. Over three years of observation, a patient would fall into one of 27 

possible AECOPD count patterns (0/1/1, 2/2/0, 1/0/1, etc). We used the reported number of patients 

within each of these 27 groups from the original publications to fit two Bayesian hierarchical models. 

First, we fitted an „unstable underlying rate‟ model, which assumed that the underlying AECOPD rate 

varies randomly from one year to another, and individual patients do not differ systematically from each 

other in their underlying AECOPD rates. The second model was based on a „stable underlying rate‟ 

assumption, which assumed that each individual has a unique underlying AECOPD rate that remains 

constant over the three-year span. This model separates between-individual variability (heterogeneity) in 

underlying AECOPD rates from the chance variability in observed frequencies. In both, the observed 

number of AECOPDs in a given year followed a Poisson distribution. In line with the original analyses, 

we did not adjust for any other variables. The models, implemented in OpenBUGS[16], are described in 

detail in the Supplementary Material.  



After fitting these models, we determined to what extent they explained the observed AECOPD patterns 

in the two studies by plotting the observed frequencies for each of the 27 patterns against the 

corresponding predicted frequencies. We also calculated the Bayes Factor to evaluate the amount of 

support in favour of the unstable versus stable underlying rate models (the lower the Bayes Factor, the 

higher the support for the „stable underlying rate‟ model)[17]. 

 

Second objective: examining the extent of variability of the frequent exacerbator phenotype 

As mentioned earlier, the observed number of AECOPDs will vary from year to year even in the presence 

of a stable underlying AECOPD rate. The utility of the current definition of the frequent exacerbator 

phenotype depends on the extent to which it remains stable from one year to another, such that AECOPD 

patterns from the previous year can inform clinicians to either step up or down therapies over time. Such 

stability can be quantified by calculating the probability that the frequent exacerbator classification of an 

individual with a given underlying AECOPD rate would randomly change in two consecutive years. This 

probability was calculated using the probability mass function of the Poisson distribution and was plotted 

as a function of the underlying AECOPD rate. To remain aligned with the original analyses of ECLIPSE 

and SPIROMICS, we used the definition of ≥2 moderate/severe AECOPDs for the frequent exacerbator 

phenotype. Alternative definitions, including those adopted by GOLD and the American Thoracic 

Society[18] are explored in the Supplementary Material.  

 

RESULTS 

Is the underlying AECOPD rate stable in ECLIPSE and SPIROMICS? 

Figure 2 provides the observed three-year AECOPD patterns for both cohorts, as well as the predicted 

patterns for the „unstable underlying rate‟ and „stable underlying rate‟ models. We found that the 



„unstable underlying rate‟ model resulted in predicted relative frequencies for AECOPD counts that were 

widely different from the relative frequencies reported in both ECLIPSE and SPIROMICS. On the other 

hand, for the „stable underlying rate‟ model, estimates were much closer to the observed relative 

frequencies in both cohorts. The average discrepancy (i.e., the mean absolute difference) between the 

observed and predicted proportion of patients in each of the 27 categories was 83% smaller for the „stable 

underlying rate‟ model compared with the other model in ECLIPSE. The corresponding value was 63% in 

SPIROMICS. The Bayes Factor was <0.001, indicating substantial support for the „stable underlying rate‟ 

model. As such, data from ECLIPSE and SPIROMICS both support the presence of an individual-

specific, stable underlying AECOPD rate, with the observed number of AECOPDs being a random 

variable with Poisson distribution. 

Why did ECLIPSE and SPIROMICS arrive at different conclusions regarding the stability of frequent 

exacerbator phenotype? 

Given the above observation that the „stable underlying rate‟ model provides a very good explanation of 

the data for both studies, an obvious question is: why did the ECLIPSE and SPIROMICS investigators 

arrive at such discordant conclusions regarding the stability of the frequent exacerbator phenotype? The 

answer lies in the distribution of the underlying AECOPD rates. As shown in Figure 3, the distribution of 

the underlying AECOPD rates across patients was much more heterogeneous in ECLIPSE compared with 

SPIROMICS, with the former having a long tail, indicating the presence of individuals who tended to 

exacerbate very frequently. The model-estimated proportion of frequent exacerbators (patients with an 

underlying AECOPD rate ≥ 2) was 18.7% in ECLIPSE but only 3.5% in SPIROMICS. Thus, in 

SPIROMICS, there was a scarcity of individuals in the true frequent exacerbator group. These differences 

in the distribution of underlying AECOPD rates between the two studies likely reflected different design 

strategies (i.e. individuals with mild GOLD grade I were not included in ECLIPSE). This is supported 

empirically as the first-year average annualised AECOPD rate per person in SPIROMICS was 0.38, 

whereas it was 1.21 in ECLIPSE. 



 

Is the frequent exacerbator phenotype stable? 

Given the findings from ECLIPSE and SPIROMICS, the results in this section are based on the 

assumption that the underlying AECOPD rate remains the same over two consecutive years, and the 

„noise‟ in the frequent-exacerbator phenotype is purely due to the randomness of AECOPD events. 

Figure 4 demonstrates the probability of the patient being classified into different exacerbator categories 

over two consecutive years as a function of the underlying AECOPD rate, when the underlying AECOPD 

rate remains constant across the two years. This graph demonstrates that for those with an underlying 

AECOPD rate between 0.8 – 3.1/year, the frequent exacerbator classification, defined by using a 

categorisation of ≥2 observed AECOPDs, changes >30% of the time from one year to the next. This 

probability increases to >45% for those with an underlying AECOPD rate between 1.2/year and 2.2/year. 

Again, this occurs despite the fact that the underlying AECOPD rate was assumed to be constant over the 

two years.  

DISCUSSION 

One conundrum in the literature has been the stability (or instability) of the “frequent exacerbator” 

phenotype. Two influential studies (ECLIPSE and SPIROMICS) arrived at different conclusions in this 

regard (one considering this phenotype to be stable, the other considering it unstable). In this work, we 

showed that the stability of this phenotype is affected by two major factors: the stability of the underlying 

AECOPD rate, and the randomness in the occurrence of individual events. By re-analysing data from 

these two cohorts, we showed that both studies provide much stronger support for the „stable‟ model than 

the „unstable‟ model. Thus, the discordant interpretations of ECLIPSE versus SPIROMICS are likely due 

to important differences in the case mix between the two cohorts, rather than a difference in the instability 

of the underlying traits. 



Despite the evidence supporting the presence of stable underlying AECOPD rates, here we showed that 

the observed AECOPD rate in a 12-month window can vary widely from year to year owing to the 

inherent randomness in the occurrence of AECOPDs. For individuals with an underlying AECOPD rate 

between 0.8 and 3.1 / year, the frequent exacerbation phenotype based on the observed AECOPD rate will 

change from one year to the next 30% or more of the time due to chance alone. A majority of patients 

with COPD harbour an underlying AECOPD rate in this range[19]. For patients whose underlying 

AECOPD rates are between 1.2 and 2.2/year, this probability increases to >45%, which is close to the 

chance finding related to flipping a coin. Given the instability of the observed AECOPD rate from year to 

year, treatment recommendations based on an assessment of AECOPDs in the previous year may be 

problematic. This problem is exaggerated for pharmacotherapies that have only a modest effect in 

reducing AECOPD risk; in such cases, any biological impact of the drug may be overshadowed by the 

large variability in AECOPD occurrences from year to year.  

In addition to ECLIPSE and SPIROMICS, other studies have evaluated the stability of the frequent 

exacerbator phenotype. Using claims data from multiple sources, Blagev et al. determined the stability of 

severe AECOPDs over six years[7]. They concluded that while the no-exacerbator phenotype was stable, 

the frequent exacerbator phenotype varied significantly over time. These findings can be explained by the 

fact that severe AECOPDs are much less frequent than moderate+severe ones. Thus, in a given year, most 

patients would not experience any severe exacerbations and fall into the “no-exacerbator” phenotype. 

Only a small minority would experience multiple severe exacerbations (most likely by chance) per year 

with most of these patients experiencing no severe exacerbations in a subsequent year (akin to the 

phenomenon of regression to the mean), resulting in an unstable frequent exacerbator phenotype. These 

results highlight the randomness of individual AECOPD events even when the underlying AECOPD rate 

is stable.  

To ensure that our findings are interpretable in comparison with those of the original analyses of 

ECLIPSE and SPIROMICS, we used the same definition of frequent exacerbator and categorisation of 



three-year AECOPD patterns. For this same reason, we did not adjust for covariates. Given that the 

frequent exacerbator phenotype is defined purely based on the number of AECOPDs, the contribution of 

other factors (such as comorbidity) is not relevant for studying its stability. On the other hand, the effect 

of treatment on AECOPD rate deserves further consideration. Any time-varying exogenous factor that 

affects the risk of AECOPD, such as change in treatment, would be expected to act as an added source of 

variability to the underlying AECOPD rate. As such, one can argue that ECLIPSE and SPIROMICS data 

are even more compatible with the „stable underlying rate‟ model, given the potentially varying treatment 

in these cohorts.  

To inform treatment decisions for AECOPD prevention, we need a phenotype definition that is more 

stable and less prone to the whims of chance. How can this be achieved? One possible solution may be to 

rely on information collected over longer periods (e.g. 3 to 4 years) for establishing AECOPD 

phenotypes, as previously suggested[9]. However, this approach would have limitations. For one, it 

would be impossible to apply this approach to recently diagnosed patients, and there may be issues with 

patient recall of AECOPD events over a longer time horizon (albeit the latter may be addressed through 

more objective methods such as the use of electronic medical records). A more promising solution is to 

keep the assessment window to 12 months, but to collect more information that may more clearly 

delineate the underlying AECOPD phenotypes. This can be achieved through the use of nuanced clinical 

prediction models that rely not just on AECOPD history but on a multitude of other predictor variables. A 

recent risk prediction model for AECOPD has demonstrated that the use of easily verifiable patient 

characteristics can significantly improve the predictability of AECOPDs, especially severe ones (an 

improvement in c-statistics of 0.11 was observed in this study)[20]. With the availability of 

multidimensional data, one can move beyond easily verifiable predictors to include values from imaging 

(e.g., bronchiectasis), blood or sputum biomarkers (e.g., eosinophils), comorbidity from electronic charts, 

and others. In theory, the predicted risks from such models should be more stable over time, because of 

the contribution of multiple patient characteristics that are relatively robust and less susceptible to the 



whims of chance. The effect of using multivariable prediction models to complement the influence of 

AECOPD history remains to be studied.  

In summary, the current AECOPD phenotype definition is one that is informed by the conventional 

wisdom that “the best predictor of future AECOPDs is previous AECOPD history”[5]. However, as our 

results demonstrate, AECOPD history alone, while likely being the single best predictor for future 

AECOPDs, is not good enough for being the basis for a reliable phenotype definition to inform treatment 

choices. To ascertain a more stable exacerbation phenotype, we will likely need to move from the current 

parsimonious approach to a more comprehensive risk classification based on multiple patient and disease 

characteristics. The increasing availability of data-rich, longitudinal COPD cohorts, combined with the 

use of statistical methods that can separate true underlying patterns from chance variability, should enable 

the field to achieve this goal, which in turn will lead to more robust and consistent patient management 

strategies.  
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Figure 1: An illustrative example of the randomness of the observed number of AECOPDs 

  

The unobserved intensity function (Panel a – top) and randomly generated event histories for 10 individuals 

(bottom). Vertical lines indicate the occurence of an event. Note that the same intensity function results in a 

random number of events. The number of events during any single period follows a Poisson distribution (the 

histogram in panel b). 

 

AECOPD: Acute Exacerbation of Chronic Obstructive Pulmonary Disease 

 

a)       b) 

Across a large 

number of patients 



Figure 2: Observed versus predicted proportion of patients across 27 three-year AECOPD patterns in 

ECLIPSE (top panel) and SPIROMICS (bottom panel) 

ECLIPSE 

 

 
SPIROMICS 

 

 
The labels on the X-axis refer to the three-year pattern of AECOPDs. For example, 0.0.0, the leftmost label, refers to 

the proportion of patients who had 0 AECOPDs in each of the three years, while 1.2.0 refers to the proportion of 

patients who had 1 AECOPD in year 1, 2 or more AECOPDs in year 2, and no AECOPDs in year 3.  

 

The mean absolute difference between observed versus predicted frequencies was as follows: ECLIPSE-unstable 
underlying rate: 0.022, ECLIPSE-stable underlying rate: 0.004, SPIROMICS-unstable underlying rate: 0.015, 

SPIROMICS-stable underlying rate: 0.006 

 

ECLIPSE: Evaluation of COPD Longitudinally to Identify Predictive Surrogate Endpoints; SPIROMICS: 

Subpopulations and Intermediate Outcomes in COPD Study; AECOPD: Acute Exacerbation of Chronic Obstructive 

Pulmonary Disease 

 

  a)  

b) 



Figure 3: Estimated underlying AECOPD rates for the ECLIPSE (orange curve) and SPIROMICS (blue 

curve) cohorts 

 

ECLIPSE: Evaluation of COPD Longitudinally to Identify Predictive Surrogate Endpoints; SPIROMICS: 

Subpopulations and Intermediate Outcomes in COPD Study; AECOPD: Acute Exacerbation of Chronic Obstructive 

Pulmonary Disease 

 



Figure 4: Probability of being classified into different exacerbator phenotypes over two consecutive years 

given a stable underlying AECOPD rate 

 
In line with the analysis of ECLIPSE and SPIROMICS cohorts, frequent exacerbator is defined as having ≥2 

moderate/severe observed AECOPDs. For the curves that pertain to GOLD definition (≥2 moderate or ≥1 severe 

AECOPDs) or ATS definitions (≥1 moderate/severe AECOPD) refer to Supplementary Material. 

 

ECLIPSE: Evaluation of COPD Longitudinally to Identify Predictive Surrogate Endpoints; SPIROMICS: 

Subpopulations and Intermediate Outcomes in COPD Study; GOLD: The Global Initiative for Chronic Obstructive 

Lung Disease; ATS: American Thoracic Society; AECOPD: Acute Exacerbation of Chronic Obstructive Pulmonary 

Disease 
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Section I: Description of the Bayesian models for the analysis of ECLIPSE and SPIROMICS 

cohorts 

 

Section II: Results based on alternative definition of the frequent-exacerbator group 
 

Section III: OpenBUGS code for the final models 
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Section I: Bayesian models for ECLIPSE and SPIROMICS 
 

Both ECLIPSE(1) and SPIROMICS(2) categorized each patient-year as being associated with 0, 1, or 2+ (2 or 

more) AECOPDs. This results in 27 different combination of AECOPD patterns over three years. Both studies 

provided data on the number of individuals who fell into each of the 27 categories. 

Let Yi,j be the observed number of AECOPDs for the ith patient in the jth year.  

The “unstable underlying rate” model was specified as 

𝑌𝑖,𝑗~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑖,𝑗) 

𝜆𝑖,𝑗~𝐺𝑎𝑚𝑚𝑎(𝛼, 𝛽) 

In this model, the underlying AECOPD rate, specified by 𝜆𝑖,𝑗, takes different values for each patient in each year 

(therefore there is no stable underlying rate). 

The “stable underlying rate” model was specified as  

𝑌𝑖,𝑗~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑖) 

𝜆𝑖~𝐺𝑎𝑚𝑚𝑎(𝛼, 𝛽) 

In this model, the underlying AECOPD rate, specified by 𝜆𝑖, takes a fixed value for each patient, but remains the 

same across follow-up years for each patient (therefore there is a stable underlying rate). 

The OpenBUGS(3) code for the models is provided below. We note that because 𝑌𝑖,𝑗 is truncated (follow-up years 

with 2 or more AECOPDs are coded as 2), the internally programmed Poisson distribution in OpenBUGS could not 

be used. Instead, we used the “zero trick” approach to directly implement the probability mass function of the 

truncated Poisson distribution(4, p.353). 

We also examined the choice of the Normal distribution in place of the Gamma to model the underlying AECOPD 

rates: 

ln(𝜆𝑖,𝑗)~𝑁𝑜𝑟𝑚𝑎𝑙(𝜇, 𝑣) for the ‘unstable underlying rate’; 

ln(𝜆𝑖)~𝑁𝑜𝑟𝑚𝑎𝑙(𝜇, 𝑣) for the ‘stable underlying rate’. 

. 

Among these variants, we chose two final models, one for the ‘unstable underlying rate’, and one for the ‘stable 

underlying rate’, based on the likelihood. We note that the use of penalized goodness-of-fit metrics is not required in 

this context because all four models have the same number of fixed parameters (p=2). Table S1 provides the results. 

For both cohorts, and for both the ‘unstable underlying rate’ and ‘stable underlying rate’ models, the versions based 

on the gamma distribution better fitted the data. 

Table S1: Goodness-of-fit measures (log-likelihood) of the models (the higher the better) 

Model ECLIPSE SPIROMICS 

Unstable underlying rate 

Gamma -5346 -2532 

Normal -5346 -3992 

Stable underlying rate 

Gamma -4856 -2385 

Normal -4896 -4337 

All results are based on 1,000 Markov Chain Monte Carlo simulations after 

1,000 burn-ins (for adaptation) 
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Section II: Results based on alternative definition of the frequent-exacerbator group 

 

1. American Thoracic Society (ATS) definition of frequent exacerbator (≥1 moderate/severe AECOPD) 

Figure S1. Probability of being classified into different 

exacerbator phenotypes over two consecutive years given a stable 

underlying AECOPD rate. 

 
 

 

2. The Global Initiative for Chronic Obstructive Lung Disease (GOLD) (≥2 moderate AECOPD or ≥1 severe 

AECOPD) 

Because the GOLD definition of frequent exacerbator uses separate thresholds for moderate and severe 

AECOPDs, this analysis required one additional parameter: the rate ratio of severe to moderate + severe 

AECOPDs. For consistency with the overall content, we used data from the ECLIPSE and SPIROMICS studies 

to estimate this ratio. In ECLIPSE, 18.2% of AECOPDs in the first year were severe; this value was 24.3% for 

SPIROMICS. This results in a sample-size-weighted average rate ratio of 20.3%. 

Figure S2. Probability of being classified into different exacerbator 

phenotypes over two consecutive years given a stable underlying AECOPD 

rate. 
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Section III: OpenBUGS code for the final model 
 
#ECLIPSE (data are coded as cumulative sum) 

list(n_total=1.67900E+03, cumul_margin=c(0.00000E+00, 3.87000E+02, 4.89000E+02, 5.24000E+02, 6.26000E+02, 6.78000E+02, 7.13000E+02, 7.48000E+02, 

7.83000E+02, 8.01000E+02, 8.86000E+02, 9.38000E+02, 9.56000E+02, 1.00700E+03, 1.04200E+03, 1.07700E+03, 1.11200E+03, 1.14700E+03, 1.19800E+03, 

1.23300E+03, 1.25100E+03, 1.26900E+03, 1.30400E+03, 1.33900E+03, 1.39000E+03, 1.40800E+03, 1.47600E+03, 1.67900E+03)) 

 

 

#SPIROMICS (data are coded as cumulative sum) 

list(n_total=1.10500E+03, cumul_margin=c(0.00000E+00, 5.64000E+02, 6.37000E+02, 6.57000E+02, 7.43000E+02, 7.67000E+02, 7.77000E+02, 8.12000E+02, 

8.34000E+02, 8.55000E+02, 9.09000E+02, 9.21000E+02, 9.30000E+02, 9.51000E+02, 9.59000E+02, 9.62000E+02, 9.75000E+02, 9.88000E+02, 1.00000E+03, 

1.01600E+03, 1.02300E+03, 1.03200E+03, 1.04100E+03, 1.04900E+03, 1.05600E+03, 1.06800E+03, 1.08000E+03, 1.10500E+03)) 

 

 

#Initial values (for both null and stable underlying rate models) 

list(alpha=1, beta=1) 

 

 

 

#unstable underlying rate model 

  model() 

  { 

    for(i in 0:2) 

    { 

      for(j in 0:2) 

      { 

        for(k in 0:2) 

        { 

          for(l in  (cumul_margin[9*i+3*j+k+1]+1):cumul_margin[9*i+3*j+k+2]) 

          { 

            Ns[l,1]<-i 

            Ns[l,2]<-j 

            Ns[l,3]<-k 

          }   

        } 

      } 

    } 

     

     

    for(i in 1:n_total) 

    { 

      for(j in 1:3) 

      { 

        rate[i,j]~dgamma(alpha,beta) 

        p[i,j]<-step(1.5-Ns[i,j])*pow(rate[i,j],Ns[i,j])*exp(-rate[i,j])+step(Ns[i,j]-1.5)*(1-exp(-rate[i,j])-exp(-rate[i,j])*rate[i,j]) 

      } 

       

      p1[i]<-p[i,1]*p[i,2]*p[i,3] 

       

      LL[i]<-log(p1[i]) 

      dummy[i]<-0 

      dummy[i]~dloglik(LL[i]) 

    } 

    alpha~dgamma(0.001,0.001) 

    beta~dgamma(0.001,0.001) 

     

    mu<-alpha/beta 

    var_w<-alpha/beta/beta 

  } 

 

 

 

 

#Stable underlying rate model 

model() 

  { 

    for(i in 0:2) 

    { 

      for(j in 0:2) 

      { 

        for(k in 0:2) 

        { 

          for(l in  (cumul_margin[9*i+3*j+k+1]+1):cumul_margin[9*i+3*j+k+2]) 

          { 
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            Ns[l,1]<-i 

            Ns[l,2]<-j 

            Ns[l,3]<-k 

          }   

        } 

      } 

    } 

     

     

    for(i in 1:n_total) 

    { 

      my_rate[i]~dgamma(alpha,beta) 

      for(j in 1:3) 

      { 

        rate[i,j]<-my_rate[i] 

        p[i,j]<-step(1.5-Ns[i,j])*pow(rate[i,j],Ns[i,j])*exp(-rate[i,j])+step(Ns[i,j]-1.5)*(1-exp(-rate[i,j])-exp(-rate[i,j])*rate[i,j]) 

      } 

       

      p1[i]<-p[i,1]*p[i,2]*p[i,3] 

       

      LL[i]<-log(p1[i]) 

      dummy[i]<-0 

      dummy[i]~dloglik(LL[i]) 

    } 

    alpha~dgamma(0.001,0.001) 

    beta~dgamma(0.001,0.001) 

     

    mu<-alpha/beta 

    var_b<-alpha/beta/beta 

  } 
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