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Abstract
Background: The major drivers of cost-effectiveness for chronic obstructive pulmonary disease (COPD) therapies are
the occurrence of exacerbations and deaths. Exacerbations, including acute and long-term events, can cause worsening of COPD and lead to an increased risk of further exacerbations, and ultimately may elevate the risk of death.
In contrast to this, health economic models are based on COPD severity progression. In this post hoc analysis of the
ETHOS study, we focus on the progression of COPD due to exacerbations and deaths.
Methods: We fitted semi-parametric and fully parametric multi-state Markov models with the following five progressive states: State 1, no exacerbation; State 2, 1 moderate exacerbation; State 3, ≥ 2 moderate exacerbations; State
4, ≥ 1 severe exacerbations; State 5, death. The models only allowed a patient to transition to a worsened health state,
and transitions did not necessarily have to be to the next adjacent state. We used the multi-state models to analyse
data from ETHOS, a phase III, 52-week study assessing the efficacy and safety of triple therapy with budesonide/glycopyrronium/formoterol fumarate dihydrate in moderate-to-very severe COPD.
Results: The Weibull multi-state Markov model showed good fit of the data. In line with clinical evidence, we found
a higher mortality risk after a severe exacerbation (11.4-fold relative ratio increase [95% CI, 7.7–17.0], 6.4-fold increase
[95% CI, 3.8–10.8] and 5.4-fold increase [95% CI, 2.9–10.3] relative to no exacerbations, 1 moderate exacerbation
or ≥ 2 moderate exacerbations, respectively). One moderate exacerbation increased mortality risk 1.8-fold (95% CI,
1.1–2.9) vs no exacerbations. We also found a higher risk of severe exacerbation and mortality following ≥ 2 moderate
exacerbations.
Conclusion: Multi-state modelling of patients with COPD in ETHOS found an acute and chronic effect of severe exacerbations on mortality risk. Risk was also increased after a moderate exacerbation. Clinical management with effective
pharmacotherapies should be optimised to avoid even moderate exacerbations. Modelling with exacerbations could
be an alternative to current COPD models focused on disease progression.
Trial registration: NCT02465567
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Background
Chronic obstructive pulmonary disease (COPD) is the
third-leading cause of death worldwide [1]. Globally, it is
estimated that more than 300 million people have COPD
[2], but over half of these cases may be undiagnosed [3].
This high prevalence has been estimated to translate to
over $50 billion per year of direct and indirect costs in
the US alone [4], with the majority of costs attributed to
COPD exacerbations [5, 6].
Exacerbations, defined as an acute worsening of respiratory symptoms that require additional therapy, are a
hallmark of COPD. Exacerbations are classified as mild,
moderate, or severe and, depending on severity, typically
last for 7–10 days [4]. Mild exacerbations may be selfmanaged with an increase in short-acting rescue medication. Moderate exacerbations require treatment with
short-acting rescue medication plus oral steroids and/or
antibiotics [4, 7]. Severe exacerbations are distinguished
by the requirement for treatment in the emergency
room and/or hospitalisation and may lead to death [4,
7], and are, consequently, considerably more costly and
resource-demanding than other exacerbations [8]. This is
compounded by the high frequency of re-hospitalisation
following discharge [9, 10]. Patients with frequent exacerbations endure more work absences and have more
short-term disability days per year, corresponding to
short-term disability costs approximately twice as high as
patients with infrequent or no exacerbations [11]. Exacerbations also have a significant burden on caregivers and
families [12, 13].
Patients at greatest risk of exacerbations are those who
have a history of exacerbations, as well as those with high
symptom burden and comorbid conditions [14–16]. In
addition, the risk of severe exacerbation or death has
been found to increase with each subsequent exacerbation [17]. Following a moderate exacerbation, while lung
function declines more rapidly, [18] the risks of cardiovascular complications, such as myocardial infarction
and stroke [19], have been shown to increase. Exacerbations have also been shown to have a negative impact on
symptom duration, quality of life, physical activity, lung
function, mortality and mental health, and are associated
with a number of different comorbidities [20, 21].
Health economics analyses of COPD typically focus
on progression to increasing COPD severities and how,
as patients progress and forced expiratory volume in 1 s
(FEV1) decreases, the risk of exacerbations increases.
Progression is usually taken into consideration using
Markov models (a type of multi-state model), where the

risk of an outcome (e.g. exacerbation) depends only on
current state (i.e. the COPD severity at a fixed point in
time) and does not consider exacerbation history. However, patients with very severe COPD already have a very
low FEV1 that may not decline further, and they continue to accumulate exacerbations more frequently than
patients with less severe COPD, increasing the risk of
subsequent severe exacerbations and death.
A previous study using Cox models, which are commonly used for time-to-event analyses [22], showed that
risk of future severe exacerbations and death increases
in a stepwise manner with each additional moderate
exacerbation, and that severe exacerbations were associated with a higher risk of death than multiple moderate exacerbations [23]. In comparison with Cox models,
which use intermediate events as time-dependent covariates, multi-state models allow the estimation of hazards
of moving between pairs of events for different patient
profiles over the study observation period in order to
understand the occurrence of events as a function of the
natural history of disease. This facilitates simultaneous
prediction of time to next exacerbation and time to death
and enables investigation of the impact of patient characteristics and disease history on these outcomes. Thus,
through improved understanding of disease progression
and informed assessment of the impact of the disease
and the associated costs, this may enable the generation
of new insights regarding future risk [24] and potential
improvements in the clinical management of patients.
This analysis sought to determine whether multi-state
modelling, in the form of a Markov model, could be used
to quantify how the accumulation of exacerbations, with
increasing severity of COPD, impacts the subsequent disease burden of patients with COPD. We conducted a post
hoc analysis of the phase III ETHOS study using multistate modelling to characterise the risk of subsequent
severe exacerbations or death based on prior exacerbation history, regardless of treatment [25]. The influence of
baseline characteristics on transitions from one event to
another, including scenario analysis on outcomes (cumulative exacerbation and death) were explored, and outcomes for different patient profiles were produced.

Methods
Study population

The ETHOS study (NCT02465567) evaluated the efficacy and
safety of the inhaled corticosteroid (ICS)/long-acting muscarinic
antagonist/long-acting β2-agonist fixed-dose combination budesonide/glycopyrronium/formoterol fumarate dihydrate metered
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dose inhaler (BGF MDI; referred to hereafter as BGF) at two
budesonide dose levels. Patients with moderate-to-very severe
COPD were randomised 1:1:1:1 to BGF 320/18/9.6 μg, BGF
160/18/9.6 μg, glycopyrronium/formoterol fumarate dihydrate
MDI (GFF) 18/9.6 μg or budesonide/formoterol fumarate dihydrate MDI (BFF) 320/9.6 μg [25]. All treatments were administered over 52 weeks as two actuations, twice-daily, using an
Aerosphere™ inhaler. Triple therapy with BGF 320/18/9.6 μg
was found to reduce the risk of moderate or severe exacerbations
vs dual therapy with BFF and GFF, and mortality vs GFF [25]. All
methods were carried out in accordance with relevant guidelines
and regulations, see the ‘Ethics approval and consent to participate’ section.
Inclusion/exclusion criteria

Inclusion and exclusion criteria have been published
previously [25]. Briefly, eligible patients were 40 to
80 years of age and had symptomatic COPD (defined
as a score of ≥ 10 on the COPD Assessment Test) with
a post-bronchodilator ratio of FEV1/forced vital capacity < 0.7, with a post-bronchodilator F
EV1 of 25% to
65% predicted; and had a documented history of ≥ 1
moderate or severe COPD exacerbations (if their F
 EV1
was < 50% predicted) or ≥ 2 moderate or ≥ 1 severe
COPD exacerbations (if their F
 EV1 was ≥ 50% predicted)
in the year prior to screening. Patients were excluded
from covariate-adjusted analyses if they had any missing
baseline covariate data.
Statistical analysis

This post hoc analysis of the ETHOS study included ontreatment events from the modified intent-to-treat population (mITT; all patients who underwent randomisation,
received a study treatment and had post-randomisation
data obtained before discontinuation of treatment).
As an initial investigation into the association between
exacerbations and mortality, Kaplan–Meier estimates
for the proportion of patients dying following exacerbation events were obtained. Survival times were censored
at the time of transition to another exacerbation event or
time of treatment discontinuation. A hazard ratio (HR)
for the risk of death following a severe exacerbation was
estimated using a Cox proportional hazards model with
an indicator of a severe exacerbation as a time-dependent
covariate. Initial analyses made no adjustment for baseline patient characteristics.
For each patient, times of exacerbation events and
death were observed exactly or right-censored (i.e., the
data points were known to be above a certain value, but
it was unknown by how much). Exacerbations were considered distinct events if there were > 7 days between the
end of one event and the start of the next. This produced
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multi-state survival data, where there is a series of event
times for each patient, corresponding to times of transition to the next state. At any point in time, a patient
occupied one of five well-defined states based upon the
events cumulatively experienced while on treatment in
the ETHOS study:
State 1: No exacerbation since study start
State 2: 1 moderate exacerbation (without severe
exacerbation) since study start
State 3: ≥ 2 moderate exacerbations (without severe
exacerbation) since study start
State 4: ≥ 1 severe exacerbations since study start
State 5: Death
The last observed state of a patient was either death
or censored.
To formally characterise the association between exacerbations and mortality, multi-state modelling based on
the Markov assumption (where transition to future states
depends only on the current state at time t and not previously occupied states) was used [24, 26]. Semi-parametric
and fully parametric multi-state models were employed.
Each multi-state model estimated transition intensities or
transition hazards, representing the instantaneous risk of
a patient moving from one state to another in continuous
time [24, 27, 28].
All patients were in the ‘no exacerbation’ state at randomisation. From this state, the model only allowed a
patient to transition to a worsened health state. Transitions did not necessarily have to be to the next adjacent
state (i.e. an individual could transition from no exacerbations to death without an exacerbation); however,
transitions directly from no exacerbations to ≥ 2 moderate exacerbations were not permitted (Fig. 1). Additional
details can be found in the supplementary material.
For the semi-parametric model, a standard Cox proportional hazards regression was fitted to the multi-state
data. This specified a different baseline hazard for each
transition by including each transition type as separate
strata. The baseline hazard was estimated non-parametrically, using the Breslow estimator.
Standard parametric models (exponential, Weibull,
Gompertz, log-logistic, log-normal, gamma and generalised gamma) were fitted to the multi-state data and compared using visual assessments and Akaike information
criterion (AIC). Times from baseline to transition to next
state were modelled, assuming a distinct rate parameter
for each transition type. Visual assessments of model fit
included comparisons of the Aalen-Johansen estimates
[29] of state occupancy probabilities and the NelsonAalen estimates [30] of the cumulative hazard (i.e. nonparametric estimates) with estimates based on the fitted
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Fig. 1 a Description of the multi-state model using the Markov assumption; and b Paths for four hypothetical patients through the model. All
patients were in the ‘no exacerbation’ state at randomisation. The model only allowed transition to a worsened health state. Transitions did not have
to be to the next adjacent state; however, transitions directly from no exacerbations to ≥ 2 moderate exacerbations were not permitted. Markov
assumption: transition to future states depends only on the current state at time t and not previously occupied states. Panel b shows paths for
four hypothetical patients: for example, patient 1 (overlapping with patient 2 up to week 20) was in State 1 (no exacerbations) up to week 8, then
transitioned to State 2 (1 moderate exacerbation) and stayed there up to week 20. At week 24, the patient transitioned to State 3 (≥ 1 moderate
exacerbations) then to State 4 (≥ 1 severe exacerbations) at week 28. The patient remained in State 4 until week 36 and died at week 40. exac
exacerbation, mod moderate, sev severe

parametric models. For each parametric model, state
occupancy probabilities were obtained and plotted for
various time points up to 5 years, which was beyond the
typical duration of an outcome trial in COPD [31–33].
The best fitting parametric model was that which fitted
well to the observed data and gave clinically plausible
state occupancy probability estimates up to 5 years.
To assess whether risk of death increases as patients
accumulate exacerbations, estimated regression coefficients and corresponding standard errors from the best
fitting parametric model were used to obtain hazard
ratios with 95% confidence intervals (CIs), comparing
the risk of death following 1 moderate exacerbation, ≥ 2
moderate exacerbations and ≥ 1 severe exacerbations
with the risk of death following no exacerbation. Similarly, hazard ratios were obtained to compare the risk
of ≥ 1 severe exacerbations from states of exacerbation
with the risk from no exacerbation.
The transition probabilities at 4 weeks from study
entry were estimated based on the best fitting parametric
multi-state model, without adjustment for covariates. To
estimate probabilities of occupying each state at a fixed
point in time t, we computed a transition probability
matrix, where the (r,s) entry is the probability of occupying state s at time t, given the state at time 0 is r. Since
we used Markov models, this was obtained by solving the
Kolmogorov differential equations [34].
To explore the influence of baseline patient characteristics on each of the transition intensities, the multi-state
models were adjusted for pre-specified covariates, including treatment, number of exacerbations in previous year,
eosinophil count (log-transformed), ICS use at screening,

FEV1% predicted, sex and age. The pairwise interaction between eosinophil count (log-transformed) and
treatment was included in the final covariate-adjusted
multi-state model, based on the likelihood ratio test with
a significance level < 0.05. The covariate-adjusted models assumed that hazards (transition intensities) were
proportional between covariate values/patient groups.
Covariate effects were allowed to vary for each transition, with the exception of transitions from exacerbation
states (States 2–4) to death, where common effects were
assumed due to insufficient data. The transition to death
was, for the same reason, assumed to be independent of
treatment and sex.
For eight patient profiles defined by F
 EV1 (40% vs 55%),
exacerbation at baseline (1 vs 2) and age (55 vs 70 years),
transition probabilities at numerous time points within
and beyond the study period were calculated based on
the best fitting parametric model, adjusted for covariates.
These transition probabilities represented the proportion
of patients incurring moderate and/or severe exacerbations or dying over up to 5 years.
Since results may be biased if the Markov assumption is violated, as a simple test, we included time spent
in State 1 (no exacerbation) as a covariate in the best fitting parametric model for transitions out of exacerbation
states (i.e. transitions out of States 2–4). The estimated
hazard ratios were all around the null value 1 (Table S1),
supporting the Markov assumption, therefore the results
presented are based on the fitted Markov models.
Data were analysed using R version 3.6.3 [35]. The “survival” [36] and “mstate” [37] R packages were used for
non-parametric and semi-parametric approaches. The
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Table 1 Summary of study population characteristics at baseline
(mITT population)
All patients
(N = 8509)
Age, years, mean (SD)

64.7 (7.6)

Male, n (%)

5081 (59.7)

Treatment arm, n (%)
BGF 320/18/9.6 µg

2137 (25.1)

BGF 160/18/9.6 µg

2121 (24.9)

GFF 18/9.6 µg

2120 (24.9)

BFF 320/9.6 µg

2131 (25.0)

ICS use, n (%)

6846 (80.5)

Number of moderate or severe exacerbations in last year,
median (range)

2 (0–12)

1, n (%)

3699 (43.5)

  
≥ 2, n (%)

4810 (56.5)

Blood eosinophil count, mean × 109/L (SD)

Post-bronchodilator FEV1% predicted, mean % (SD)

196.4 (132.8)
43.4 (10.3)

BFF Budesonide/formoterol, BGF Budesonide/glycopyrronium/formoterol, FEV1
Forced expiratory volume in 1 s, GFF Glycopyrronium/formoterol, ICS Inhaled
corticosteroid, mITT Modified intent-to-treat, SD Standard deviation

“flexsurv” [38] R package was used to fit fully parametric
Markov models via maximum likelihood estimation and
predict state occupancy probabilities.

Results
Overall, 8509 patients were included in the mITT population; the summary baseline characteristics are shown in
Table 1. Eight patients had missing baseline covariate data
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and were excluded from the covariate-adjusted analysis.
The majority of patients (n = 8504) were assigned to State
1 (no exacerbations) at initiation on Day 1. Three patients
had moderate exacerbations on Day 1 and two patients
had a severe exacerbation on Day 1. These patients were
immediately assigned to State 2 (1 moderate exacerbation; three patients) or State 4 (≥ 1 severe exacerbations;
two patients). In total, 6081 on-treatment exacerbation
events and 134 on-treatment deaths were observed in
the final retrieved dataset within 30 days of the last day
of treatment. For patients with multiple events, time-toevent from study entry varied, with a median of 48 days
(interquartile range, 2–223 days).
Of the 134 on-treatment deaths, 42 (31.3%) occurred
after patients had a severe exacerbation (Table S2), with
one further death occurring on the same day as a severe
exacerbation; 76 (56.7%) occurred after ≥ 1 moderate or
severe exacerbations. Of note, 43% of patients died without having any prior exacerbation.
Probabilities of death (cumulative incidence) were
higher following a severe exacerbation, particularly during
the month immediately following the event (acute effect)
and continuing beyond the first month (chronic effect; as
shown in Fig. 2), with an estimated higher risk of death
(HR 8.3 [95% CI, 5.59–12.3]) following a severe exacerbation vs no exacerbations. According to visual comparisons of estimates of state occupancy probabilities (Fig.
S1) and estimates of cumulative hazards for each transition type (Fig. S2), the exponential model was a poor fit to
the observed data compared with alternative parametric
models. Although the Gompertz model was the best fit

Fig. 2 Kaplan–Meier curves for time to death (cumulative incidence) from time of entry to four progressive exacerbation states arising
post-randomisation (mITT population). Since time is measured from state entry, and the majority of patients are in the state of no exacerbation
at study entry, the number at risk is much higher at 12 months for the no exacerbation state compared with the other exacerbation states. exac
exacerbation, mITT modified intent-to-treat, mod moderate, sev severe
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to the observed data based on AIC (Table S3), probability
estimates beyond the trial period were much lower in the
longer term than would be expected from long-term studies in COPD (Table S4, Fig. S3) [31–33]. The generalised
gamma, Weibull and gamma models showed a good fit
to the observed data, gave similarly plausible estimates of
state occupancy up to 5 years, similar visual estimates and
AIC, and, thus, were preferred over the Gompertz model.
We present results based on the Weibull model so as to
enable reporting of hazard ratios.
The unadjusted Weibull model estimated that
death following a severe exacerbation was 11.4 times
(95% CI, 7.7–17.0), 6.4 times (95% CI, 3.8–10.8) and
5.4 times (95% CI, 2.9–10.3) more likely than death
following no exacerbations, 1 moderate exacerbation or ≥ 2 moderate exacerbations, respectively

(Table 2). One moderate exacerbation made death
1.8 times (95% CI, 1.1–2.9) more likely than death
following no exacerbations, with ≥ 2 moderate exacerbations making death 2.1 times (95% CI, 1.1–3.9)
more likely than death following no exacerbations.
Using the Weibull multi-state Markov model without
covariate adjustment, probabilities of having a severe
exacerbation in four weeks’ time were 147 per 10,000
patients with no exacerbations, and higher at 205 and
274 per 10,000 patients for those with 1 moderate and ≥ 2
moderate exacerbations, respectively (Table 3). Probabilities of death were 15, 25 and 29 per 10,000 patients over
4 weeks, following no exacerbations, 1 moderate exacerbation and ≥ 2 moderate exacerbations, respectively. The
probability of death was higher at 149 per 10,000 patients
for those that had a severe exacerbation.

Table 2 Hazard ratios comparing risks of death and ≥ 1 severe exacerbation among the different states based on the best fitting
Weibull multi-state Markov model without adjustment for covariates (mITT population)
Transition to death from

vs transition to death from

HR

SE

95% CI

State 2 (1 moderate exacerbation)

State 1 (No exacerbation)

State 3 (≥ 2 moderate exacerbations)

State 1 (No exacerbation)

1.8

0.3

(1.1–2.9)

2.1

0.3

State 3 (≥ 2 moderate exacerbations)

State 2 (1 moderate exacerbation)

(1.1–3.9)

1.2

0.4

State 4 (≥ 1 severe exacerbations)

State 1 (No exacerbation)

(0.6–2.4)

11.4

0.2

State 4 (≥ 1 severe exacerbations)

(7.7–17.0)

State 2 (1 moderate exacerbation)

6.4

0.3

(3.8–10.8)

State 4 (≥ 1 severe exacerbations)

State 3 (≥ 2 moderate exacerbations)

5.4

0.3

(2.9–10.3)

Transition to ≥ 1 severe exacerbation from

vs transition to ≥ 1 severe exacerbation from

State 2 (1 moderate exacerbation)

State 1 (No exacerbation)

1.4

0.1

(1.2–1.6)

State 3 (≥ 2 moderate exacerbations)

State 1 (No exacerbation)

1.9

0.1

(1.6–2.3)

State 3 (≥ 2 moderate exacerbations)

State 2 (1 moderate exacerbation)

1.4

0.1

(1.1–1.7)

HR Hazard ratio, CI Confidence interval, mITT Modified intent-to-treat, SE Standard error for the log hazard ratio
Markov assumption: transition to future states depends only on the current state at time t and not previously occupied states

Table 3 Estimated transition probabilities from baseline to 4 weeks based on the Weibull multi-state model using the Markov
assumptiona and fitted without covariates, reported per 10,000 patients (mITT population)
From
exacerbation state

To exacerbation state

State 1 (No exacerbation)

9085 (9027–9136)

State 1
(No exacerbation)

State 2
(1 moderate
exacerbation)
693 (655–734)
8256 (8115–8383)

State 3
(≥ 2 moderate
exacerbations)
61 (53–70)

State 4
(≥ 1 severe
exacerbations)

State 5
(Death)

147 (134–161)

15 (12–18)

1514 (1396–1632)

205 (176–238)

25 (18–37)

9696 (9636–9747)

274 (227–330)

29 (17–50)

9851 (9795–9894)

149 (106–205)

State 2 (1 moderate exacerbation)

0 (0–0)

State 3 (≥ 2 moderate exacerbations)

0 (0–0)

0 (0–0)

State 4 (≥ 1 severe exacerbations)

0 (0–0)

0 (0–0)

0 (0–0)

State 5 (Death)

0 (0–0)

0 (0–0)

0 (0–0)

0 (0–0)

10,000 (10,000–10,000)

95% CIs are reported and were obtained by simulating 1000 samples from the asymptotic normal distribution of the maximum likelihood estimates [38]
CI Confidence interval, mITT Modified intent-to-treat
a

Markov assumption is that transition to future states depends only on the current state at time t and not previously occupied states
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Fig. 3 Estimated probabilities of occupying states of a death, b ≥ 1 severe exacerbations or death, c ≥ 2 moderate exacerbations, ≥ 1 severe
exacerbations or death, and d 1 moderate exacerbation, ≥ 2 moderate exacerbations, ≥ 1 severe exacerbations or death, estimated for eight patient
profiles, based on patient age, FEV1% predicted and exacerbation history, given the patients occupied the state of no exacerbation at study entry
(time 0). exac exacerbation, FEV1 forced expiratory volume in 1 s, mITT modified intent-to-treat, mod moderate, pred predicted, sev severe

The multi-state model estimated that having a severe
exacerbation following ≥ 2 moderate exacerbations was
1.9 times (95% CI, 1.6–2.3) more likely than following
no exacerbations, and 1.4 times (95% CI, 1.1–1.7) more
likely than following 1 moderate exacerbation (Table 2).
One moderate exacerbation increased the likelihood of a
severe exacerbation by 1.4 times (95% CI, 1.2–1.6) compared with no exacerbation.
Figure 3 shows the estimated probabilities of occupying
different possible states for eight patient profiles, defined
by patient age (55 vs 70 years), FEV1% predicted (55 vs
40%) and exacerbation history (1 vs 2 exacerbations in
the prior year). Probabilities of death were noticeably

higher for 70-year-old patients with FEV1 40% predicted
(Fig. 3a) although based upon limited data on deaths. The
probability of death or ≥ 1 severe exacerbations showed
a clear, distinct ranking between patients (Fig. 3b). The
number of exacerbations in the previous year affected
the transition intensities in the Markov model (Table S5).
For patients with the same FEV1% predicted normal and
age, each additional exacerbation was associated with
increased risk of incurring a severe exacerbation or death;
the estimated probability at 5 years for a 70-year-old with
FEV1 40% predicted was 53% for patients with one prior
exacerbation and 59% for patients with two prior exacerbations. When considering probabilities of occupying
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one of three or four disease states (Fig. 3c and 3d), older
patients aged 70 years with F
 EV1 40% predicted and 2
exacerbations in the prior year were at increased risk.

Discussion
Using a multi-state model under the Markov assumption, there was an estimated 11-fold increased risk of
death following a severe exacerbation compared with no
exacerbations, and an approximately 2-fold increased risk
of death following one exacerbation compared with no
exacerbations. Even patients with one moderate exacerbation were found to have a higher risk of severe exacerbation compared with patients who had no moderate
exacerbations; the risk was even higher in patients with
a second moderate exacerbation. In particular, patients
who incurred one or more severe exacerbations or had
increasing numbers of moderate exacerbations were at a
greater risk of all-cause mortality compared with all the
other health states. These findings are in line with a previous study by Rothnie et al. which used Cox modelling
to predict risk of future severe exacerbations and mortality with increasing numbers of moderate exacerbations
[23]. Together, these studies illustrate the importance
of preventing exacerbations of any severity, particularly
severe exacerbations, given the increased risk of morbidity and all-cause mortality subsequent to these events
[16–21]. Furthermore, although exacerbations (moderate or severe) were shown to increase the risk of hospitalisation or death, it is also notable that almost half of
patients who died during the study did not have a prior
exacerbation.
Multi-state Markov models are typically used to evaluate progression between COPD states defined by Global
Initiative for Chronic Obstructive Lung Disease airflow limitation severities rather than exacerbations risk.
In addition, they are often utilised in health economics
and policy models to project epidemiological data and
outcomes in terms of mortality, costs and life benefits,
among others. For this analysis, using a multi-state model
was beneficial as it allowed estimation of the risk of
events (exacerbations and/or deaths) for different patient
profiles. The parametric models developed were useful to
assess the risk of exacerbations and all-cause mortality
beyond the time horizon of observation and may inform
clinical decision making and assessment of the burden of
COPD at an individual level.
There were a number of limitations to this study. The
ETHOS study recruited a population of patients with
moderate-to-very severe COPD who had a history of
exacerbations, therefore, it is not possible to predict
risk profiles for patients without an exacerbation history. While Markov models are very useful in describing disease processes as discrete states, some transitions

Page 8 of 10

in this analysis had relatively sparse data, meaning that
some Markov models were fitted based on assumptions.
Specifically, it was assumed that there was no effect of
treatment and sex on transitions to death, and common
effects of the remaining covariates on transitions from
exacerbation states to death. In fact, a 49% reduction in
risk of mortality was observed in the ETHOS study for
BGF 320/18/9.6 µg relative to GFF (HR 0.51 [95% CI,
0.33–0.80]) [39]. Although unable to account for such
treatment effects on death, the model was able to represent the increased burden from prior events, which was
the main aim of the work.
Another limitation is that although overall the chosen
fully parametric model was a good fit to the observed data
based on agreement between non-parametric and parametric estimates of state occupancy probabilities, there
were some discrepancies between non-parametric and parametric estimates of cumulative hazard for a few transition
types, where data are sparse. Future work could explore
more advanced modelling approaches such as for the parametric distribution to differ according to the type of transition. Another extension to this work could be to predict
outcomes over a longer-term duration of a COPD patient’s
survival, using multi-state modelling techniques in combination with elicited expert opinion or external data [40].

Conclusion
Multi-state modelling using data from the ETHOS study
quantifies the cumulative burden of exacerbations in
patients with COPD and demonstrates the extent to
which the risk of all-cause mortality increases following
a severe exacerbation and the extent to which the risk
of a severe exacerbation increases as patients accumulate moderate exacerbations. These exploratory analyses
showed that there was an acute (i.e. first month after a
severe exacerbation) and chronic (i.e. following the first
month after a severe exacerbation) effect of severe exacerbations on mortality risk. In addition, the mortality risk
after a moderate exacerbation was higher than before a
moderate exacerbation. The impact of just one moderate exacerbation on mortality risk in patients with COPD
highlights that clinical management with novel pharmacotherapies should be optimised to prevent even moderate exacerbations. Estimated transition probabilities may
provide greater granularity in quantifying patient burden
and subsequent costs.
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