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ABSTRACT

Background: In pharmacoepidemiologic studies of COVID-19, there were concerns about bias from residual confounding. We
investigated the effects of inhaled corticosteroids (ICS) on COVID-19 outcomes, applying high-dimensional propensity scores
(HDPS) to adjust for unmeasured confounding.

Methods: We selected patients with chronic obstructive pulmonary disease on 01 March 2020 from Clinical Practice Research
Datalink (CPRD) Aurum, comparing ICS/LABA/(+/—-LAMA) and LABA/LAMA users. ICS effects on the outcomes COVID-19
hospitalisation and death were assessed through IPT-weighted and unweighted Cox regression. HDPS were estimated from pri-
mary care observations, prescriptions and hospitalisations. SNOMED-CT codes and dictionary of medicines and devices codes
from CPRD Aurum were mapped to International Classification of Disease 10th revision codes and British National Formulary
paragraphs, respectively. We estimated propensity scores (PS) combining prespecified and HDPS covariates, selecting the top
100, 250, 500, 750 and 1000 covariates ranked by confounding potential.

Results: When excluding triple therapy users, conventional PS-weighted estimates showed weak evidence of increased
COVID-19 hospitalisation risk among ICS users (HR 1.19 [95% CI: 0.92-1.54]). Results varied slightly based on the number of
covariates included in HDPS (HR using 100 HDPS covariates excluding triple therapy 1.01 [95% CI: 0.76-1.33], HR using 250
HDPS covariates excluding triple therapy 1.24 [95% CI: 0.83-1.87]). Conventional PS-weighted models showed weak evidence
of a harmful association of ICS with COVID-19 death when excluding triple therapy users (HR 1.24 [95% CI: 0.87-1.75]). HDPS-
weighting moved estimates toward the null (HR using 250 HDPS covariates excluding triple therapy 1.08 [95% CI: 0.73-1.59]).
Conclusions: HDPS may have better controlled confounding for COVID-19 deaths in this case. HDPS results can be sensitive to
the number of covariates included, highlighting the importance of sensitivity analyses.

1 | Introduction confounder, while e-values provide a measure of how strong

an unmeasured confounder would need to be to explain away

In non-interventional research, it can be difficult to control for
hard-to-measure concepts such as frailty or disease severity.
Many methods exist to address concerns regarding residual
confounding; for example, quantitative bias analysis (QBA) [1]
and e-values [2]. Most QBA methods rely on pre-specifying the
prevalence of and exposure/outcome association with a single

an observed association. High-dimensional propensity scores
(HDPS) aim to optimise confounding adjustment by considering
recorded data as proxy variables [3].

Inhaled corticosteroids (ICS) are commonly used anti-
inflammatory therapies for COPD and were explored as a
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Summary

Residual confounding, including residual confound-
ing by indication, is a major concern in pharmacoepi-
demiologic studies of COVID-19 outcomes.

We apply high-dimensional propensity scores (HDPS)
to reduce residual confounding in a case study of in-
haled corticosteroids (ICS) on COVID-19 hospitalisa-
tion and death in CPRD Aurum.

Conventional PS-weighted analyses using only pre-
specified covariates suggested harmful effects of ICS
on COVID-19 hospitalisation and, to a lesser extent,
deaths.

HDPS weighted analyses of COVID-19 hospitali-
sations were sensitive to the number of covariates
included, with results moving towards the null for
smaller number of covariates and away from the null
when including more covariates, while for deaths, es-
timates moved towards the null consistently.

HDPS demonstrated promise in addressing confound-
ing even when comparison groups are suboptimal, but
its performance depends on the careful selection and
ranking of covariates.

potential treatment for COVID-19. Randomised controlled tri-
als (RCTs) indicated that one inhaled ICS, budesonide, had a
protective effect against severe COVID-19 in patients with mild
COVID-19 [4, 5], but found no effect of ciclesonide or fluticasone
[6-8]. Observational studies also examined the relationship be-
tween ICS and COVID-19 outcomes, but findings were incon-
sistent and potentially influenced by biases including residual
confounding [9, 10].

Given the inconsistent results obtained by observational stud-
ies, and the differences between trial results and observational
study results on the question of ICS and COVID-19 outcomes,
we previously conducted an analysis investigating outcome
misclassification in this clinical question and found that con-
founding was likely the main source of bias [11]. Therefore,
we conducted this methodological extension to assess whether
data-driven confounding control methods could be used to im-
prove inference from observational studies on this question.

We were particularly concerned about residual confounding
from frailty and COPD severity (i.e., confounding by indication),
which may not be fully captured in electronic health records
(EHRs) by variables such as prior exacerbation history. These
are difficult to measure directly but may be partially addressed
through the use of proxy variables via HDPS. We aimed to com-
pare conventional, investigator-led propensity scores and HDPS
when investigating the association between ICS and COVID-19
hospitalisation and death in CPRD Aurum.

2 | Methods

The study protocol was registered on ENCEPP EU PAS (register
number 47885). This analysis was planned post hoc after results
suggesting residual confounding may explain observed harmful
associations [11].

The data sources, study population, and exposure, outcome
and covariate definitions have previously been described [11],
and are summarised below. The study design is depicted in
Figure S1.

2.1 | Data Source

This study used UK primary care data recorded in the Clinical
Practice Research Datalink (CPRD) Aurum. CPRD Aurum in-
cludes data on 41 million patients (May 2022 build), with >13
million patients currently registered (20% of UK population) [12]
from >1300 practices using EMIS management software [11].
CPRD Aurum is broadly representative of the English popula-
tion [13].

CPRD Aurum was linked to Hospital Episode Statistics (HES)
Admitted Patient Care (APC) and Office for National Statistics
(ONS) Death Registry [13, 14]. HES APC holds information on
all in-patient contacts at NHS hospitals in England [14, 15]. The
ONS death registry contains information on deaths occurring in
England and Wales, including cause of death documented using
International Classification of Disease 10th revision (ICD-10)
codes [15, 16]. Data were also linked to the Index of Multiple
Deprivation (IMD), a postcode-level indicator of socioeconomic
status.

2.2 | Study Population

We defined a cohort diagnosed with COPD before 1 March 2020
(index date) based on a validated algorithm [17]. Patients had to
be alive, aged > 35, and registered in CPRD Aurum on the index
date. Patients needed to have 12 months’ continuous registration
and a record of current/former smoking before the index date.
We excluded people with asthma recorded within 3years be-
fore the index date, leukotriene receptor antagonist use within
4months before the index date as this indicates asthma, or
other chronic respiratory disease at any point before the index
date. Patients were followed until the outcomes (as recorded in
HES and ONS, respectively), death (recorded in ONS or CPRD),
deregistration or 31 August 2020, whichever came first. The
study period (1 March 2020-31 August 2020) approximated the
time period between the start of the pandemic and the start of
the second wave in the United Kingdom [18]. If death was reg-
istered in ONS, we used that date as the date of death. If death
was missing in ONS but registered in CPRD, we used the date
recorded in CPRD as the date of death.

2.2.1 | Exposure

Continuous treatment episodes were generated based on the re-
corded prescription issue date and information on intended du-
ration, prescribed amount and dosage [11].

We used treatment episodes to categorise people as exposed to
ICS (e.g., beclomethasone, budesonide)/long-acting f-agonist
(LABA, e.g., formoterol, salmeterol) or LABA/long-acting mus-
carinic antagonist (LAMA, e.g., tiotropium, umeclidinium) on
the index date. We conducted two separate analyses. In the first,
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people using ICS+ LABA + LAMA (i.e., triple therapy) were in-
cluded in the ICS/LABA group. While this comparison is likely
subject to strong confounding by indication as patients requir-
ing triple therapy typically have more severe disease, this anal-
ysis assesses whether HDPS can address residual confounding
in challenging settings with strong confounding. In the second,
triple therapy users were excluded as we expected these patients
to be sicker than those on dual therapy, creating a more suit-
able active comparator design. ICS/LABA was the exposure of
interest and LABA/LAMA was the active comparator. We did
not censor at the estimated discontinuation dates due to low dis-
continuation rates and concern that discontinuations would be
inaccurately estimated due to pandemic-related healthcare dis-
ruptions [19].

2.2.2 | Outcome

Outcomes were (i) hospitalisation with a primary diagnosis code
for COVID-19 in HES APC, and (ii) death with a diagnosis code
for COVID-19 as cause of death anywhere on the death certifi-
cate in the ONS Death Registry. COVID-19 hospitalisation and
death were identified with ICD-10 codes U07.1 and U07.2.

2.3 | Prespecified Covariates

The following covariates, selected based on input from a practis-
ing respiratory consultant clinician and based on previous stud-
ies [9] and defined on 1 March 2020, were included in propensity
scores (PSs): age, gender, BMI (most recent within 10years, cate-
gorised as underweight [< 18.5], normal [18.5-24.9], overweight
[25-29.9] or obese [>30]), smoking (current vs. former), ethnic-
ity, cancer (ever), diabetes (ever), chronic kidney disease (ever),
cardiovascular disease (ever), hypertension (ever), asthma
(>3years ago), immunosuppression, influenza vaccination
(past year), pneumococcal vaccination (past 5years), IMD quin-
tile and number of COPD exacerbations in the past 12 months as
a marker of COPD severity, based on a validated algorithm [20].
A directed acyclic graph (DAG) depicting the assumed causal
structure is in Figure S2.

2.4 | Statistical Analyses

Cohort characteristics were summarised using descriptive sta-
tistics by exposure group. There were missing data for BMI
(n=550, 0.7%), ethnicity (n=7785, 9.9%) and IMD (n=42,
0.05%). People with missing BMI were assigned to the ‘normal’
BMI category, as we assumed individuals with extreme values
were more likely to have this recorded in clinical practice, and
therefore the small number of missing BMI values were likely
to be closer to the ‘normal’ range [21]. Missing ethnicity was
treated as a separate category [22-24], and patients with missing
IMD were excluded as this may indicate poor quality records
[25]. In a sensitivity analysis, we used multiple imputation to
handle missing ethnicity values.

We estimated PSs and used inverse probability of treatment
weighting (IPTW) to estimate the average treatment effect
(ATE). Conventional PSs were estimated using logistic regression

including the prespecified covariates listed above. Stabilised
weights were calculated as w (ICS/LABA) and
HE-LABA/LAMA) (LABA /LAMA), where the PS is the probabil-
ity of receiving ICS. Overlap of the PSs across treatment groups
was assessed graphically and by summarising PSs by treatment
group. PSs were trimmed to the region of common support [26],
that is, the PS range where individuals from both treatment

groups are represented. This was applied for all analyses.

Cox regression was used to estimate hazard ratios (HRs) and
95% confidence intervals (CIs) for the association between expo-
sure and outcomes. The proportional hazards assumption was
assessed using Schoenfeld residuals. The Cox regression models
were IPT-weighted, and patients were censored at the outcomes,
death, transfer out of the GP practice, or 31 August 2020 (end of
study period).

We additionally calculate IPT-weighted risk differences and
survival curves, and present odds ratios estimated by logistic
regression.

2.5 | HDPS

When applying HDPS, data is separated into dimensions re-
flecting different care facets [3]. We separated available data
into primary care observations (CPRD Aurum), prescription
(CPRD Aurum) and hospitalisation (HES APC) information
[27]. In CPRD Aurum, clinical observations are coded using
SNOMED-CT, while prescriptions are coded using dictionary
of medicines and devices (dm+d) codes. Observations in HES
are recorded using ICD-10 codes. ICD-10 codes are hierarchi-
cal, with the first three characters denoting clinical categories.
To avoid sparsity, SNOMED-CT codes were mapped to ICD-10
using a mapping file supplied by the NHS, and subsequently
truncated to three characters [28, 29]. dm+d codes were
mapped to British National Formulary (BNF) paragraphs using
a mapping file from the Bennett Institute [30]. For unmatched
dm+d codes, the first six characters of the BNF chapter vari-
able supplied in the CPRD code browser were used. Unmapped
codes that had over 1000000 recordings in CPRD Aurum were
mapped manually (n=16). The top 100 unmapped codes for
clinical observations and prescriptions are in Tables S1 and S2.
BNF paragraphs correspond to drug classes or treatment indica-
tions rather than specific mechanisms of action (e.g., paragraph
030101 corresponds to bronchodilators, specifically adrenocep-
tor agonists) [27]. We excluded medications used to define the
treatment groups (ICS, LABA and LAMA, as single-ingredient
or combined inhalers), and ICD-10 codes used to define out-
comes (U07) from the HDPS. We did not exclude codes used to
define the prespecified covariates.

We assessed the occurrence of codes in the 12months before
the index date (1 March 2020). The original algorithm applies a
prevalence filter which includes the top codes ranked based on
marginal prevalence [3]. In line with Schuster et al., we did not
apply this filter as variables with a low marginal prevalence can
still be important confounders [31].

For each patient, we generated variables indicating if a code
was recorded at least once (>1), sporadically (>median) or
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frequently (>75%-ile) in the year before the index date, relative
to the number of occurrences of the relevant code per patient
among those who had >1 occurrence of the code. For the pri-
mary care observation dimension, we considered codes that
were ever-present before 1 March 2020, reflecting the fact that
conditions, particularly chronic ones, may not be recorded at
every consultation. Consistent with other applications of HDPS
in CPRD, this information was included by redefining ‘once’
variables for this dimension [27].

Covariates were prioritised using the Bross formula, which uses
covariate prevalence in exposed (P,) and unexposed (P,), and
the relative risk between confounder and outcome (RR.p) to
rank covariates by their potential to bias the exposure—-outcome
association [32].

We excluded variables that behaved like instrumental variables,
that is, strongly associated with exposure but not outcomes;
defined using cut-offs based on the relative risk between con-
founder and exposure (RR.;) and the RR, (llog(RR)I>1.1
and llog(RRp)! <0.5) [29].

Covariates identified using HDPS were included in logistic re-
gression models alongside predefined covariates to estimate
PSs. Subsequently, IPTWs were used to weight logistic and Cox
regression models to estimate the impact of ICS on the out-
comes. We calculated standardised mean differences (SMDs)
in covariate distributions between treatment groups before PS
weighting, after conventional PS weighting using prespecified
covariates, and after HDPS weighting.

We varied the number of covariates included in the HDPS (100,
250, 500, 750, 1000), with no predefined number specified. The
top 30 ranked covariates for each cohort and outcome are avail-
able in Tables S3-S6. Post hoc, we conducted an analysis where
covariates ranked 1st-250th were added one by one to assess the
sensitivity of results to the inclusion of particular covariates.

A summary of key features and decisions of the HDPS approach
is available in Table S7 [29].

Data were managed using Stata version 17.0 [33] and analysis
carried out using R (version 4.3.3) [34]. Code lists and data man-
agement and analysis code are on GitHub (https://github.com/
bokern/ics_hdps).

3 | Results

Cohort characteristics have previously been described [11]. We
included 56029 patients using ICS/LABA (14905 excluding tri-
ple therapy users) and 22307 patients using LABA/LAMA at
baseline (Table 1).

3.1 | Propensity Score Diagnostics

Figure 1 shows unweighted and weighted PS distributions for
the analysis using 250 HDPS covariates for COVID-19 hos-
pitalisations, excluding triple therapy users. For all analyses,
trimming PSs to the region of common support did not exclude

many patients (<1%, Table S10). Prespecified covariates were
balanced after weighting (SMD <0.1) using the conventional
PS. Covariate balance was better for the predefined covariates
when estimating the PS using only those covariates. However,
weighting using HDPS achieved adequate balance (SMD <0.1)
of predefined covariates while achieving better balance for
the additional HDPS covariates (Figure 2 and Table 1). For il-
lustration, we present diagnostics for 250 HDPS covariates for
COVID-19 hospitalisations excluding triple therapy users below
(Figure 2 and Table 1). For COVID-19 hospitalisations excluding
triple therapy users, the top 250 codes included 145 (58.0%) from
hospital data, 82 primary care prescription (32.8%) and 23 pri-
mary care observation codes (9.2%) (Figure S9). Diagnostics for
other implementations of the HDPS showed similar results and
are in the Supporting Information.

3.2 | Effects of ICS on COVID-19 Hospitalisations

Conventional PS-weighted analyses including triple therapy
users suggested an increased risk of COVID-19 hospitalisation
among ICS users (HR 1.46 [95% CI: 1.19-1.79]), which was at-
tenuated when excluding triple therapy users (HR 1.19 [95%
CI: 0.92-1.54]). All HDPS applications moved effect estimates
towards null (Figure 3). Point estimates varied slightly depend-
ing on the number of included covariates (HR using 100 HDPS-
covariates including triple therapy users 1.19 [95% CI: 0.93-1.52],
HR using 250 HDPS-covariates including triple therapy users
1.22 [95% CI: 0.96-1.56]). When excluding triple therapy users,
results were more sensitive to the number of covariates included
in the HDPS: The HDPS calculated using the top 100 covariates
gave an almost exact null result (HR 1.01 [95% CI: 0.76-1.33]).
Including more covariates shifted the effect estimate away from
null (HR using 250 HDPS-covariates 1.24 [95% CI: 0.83-1.87]),
although CIs were wide and remained consistent with null
effects.

3.3 | Effects of ICS on COVID-19 Death

Conventional PS-weighted models indicated a harmful associ-
ation of ICS when including triple therapy users (HR 1.42 [95%
CI: 1.08-1.87]) and very weak evidence of a harmful associa-
tion (HR 1.24 [95% CI: 0.87-1.75]) when excluding triple ther-
apy users. Using HDPS shifted estimates towards the null (HR
using 100 HDPS covariates including triple therapy users 1.15
[95% CI: 0.82-1.60], excluding triple therapy users 1.05 [95% CI:
0.72-1.53]) (Figure 4). For both exposure definitions, the CIs for
all applications of HDPS crossed the null and were insensitive to
the number of covariates. With more covariates, the estimates
for the cohort including triple therapy users became very close
to those in the cohort excluding triple therapy users (HR using
1000 HDPS covariates including triple therapy 1.15 [95% CI:
0.78-1.69], excluding triple therapy 1.12 [95% CI: 0.75-1.66]).

3.4 | Sensitivity Analyses
Adding covariates one by one showed that certain covariates

made substantial changes in the effect estimates (Figure 5).
The largest changes occurred when individuals with rare
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FIGURE1 | Density distributions of propensity scores for ICS and LABA/LAMA treatment groups before and after weighting for the outcome

COVID-19 hospitalisation, excluding triple therapy users. (A) Unweighted propensity score distributions using predefined covariates, (B) weighted
propensity score distribution, (C) high-dimensional propensity score (HDPS) distribution for 250 covariates for the outcome COVID-19 hospitalisa-
tion and (D) weighted HDPS distribution for 250 covariates.
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FIGURE 2 | Comparison of absolute standardised differences in the predefined and top 250 high-dimensional propensity score covariates be-
tween unweighted, predefined and HDPS weighted samples for COVID-19 hospitalisations, excluding triple therapy users.

combinations of covariates received a large weight and experi-
enced the outcome. These combinations of covariates cannot be
disclosed for data privacy reasons.

For both outcomes, point estimates were identical when using
Cox and logistic regression models. However, CIs were consis-
tently narrower when using logistic regression (Figures S41 and
S42). Using multiple imputation to handle missing ethnicity val-
ues did not substantially change results (Table S11). Risk differ-
ences were generally small in all analyses, and the comparative
pattern of estimates matched that seen in the main analyses
(Figures S46-S52).

4 | Discussion

Using conventional IPT-weighted models, we observed an in-
creased risk of COVID-19 hospitalisation and death among
ICS users when including triple therapy users, but no evidence
of increased risk when excluding triple therapy users. For
COVID-19 hospitalisations, results were sensitive to the num-
ber of covariates included in HDPS, with the point estimate
moving closer to the null or further away depending on the
exposure definition used. For COVID-19 deaths, HDPS con-
sistently moved the point estimate closer to the null, with no
evidence against the null hypothesis. The analyses including
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FIGURE3 | Forest plot of hazard ratios and 95% confidence intervals for COVID-19 hospitalisations, comparing ICS/LABA (+/—~LAMA) users to
LABA/LAMA users. Effect estimates > 1 indicate an increased risk in the ICS group.
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FIGURE4 | Forest plot of hazard ratios and 95% confidence intervals for COVID-19 deaths, comparing ICS/LABA (+/—~LAMA) users to LABA/
LAMA users. Effect estimates > 1 indicate an increased risk in the ICS group.

and excluding triple therapy users gave very similar results
after HDPS weighting. This is the first study to implement
HDPS in CPRD Aurum, building upon previous work to im-
plement HDPS in CPRD GOLD [27].

4.1 | Comparison to Previous Studies

Many studies have applied HDPS in CPRD GOLD, with most
using 500 covariates to estimate HDPS [35-45], although
some used as few as 40 [46, 47]. Most present results apply-
ing HDPS, although one presented results comparing con-
ventional PS-weighting to HDPS-weighting, finding superior

confounding control with HDPS [38]. Another study com-
pared HDPS-decile adjusted results to results adjusted for pre-
specified covariates only and found similar effect estimates in
the two analyses [44].

No pharmacoepidemiologic study applied HDPS to UK EHR
data during the COVID-19 pandemic. However, several studies
investigated the same clinical question. A cohort study using the
EHR platform OpenSAFELY [9] found an aHR for COVID-19
death of 1.39 (1.10-1.76) among patients with COPD. Using e-
values, the authors found that an unmeasured confounder
would need to be associated with either exposure or outcome by
a risk ratio of at least 1.43 to explain the association on its own.
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FIGURE 5 | Sensitivity analyses assessing the impact of the number of high-dimensional propensity score covariates selected on the effect esti-

mate, adding the top 250 Bross-ranked covariates one by one. Propensity scores were estimated using logistic regression, and treatment effects were

estimated using an inverse probability of treatment weighted Cox regression model. The outcome was COVID-19 hospitalisation, excluding triple

therapy users.

A QResearch study [10] found a more modest risk of severe
COVID-19 and COVID-19 death associated with ICS use
(COVID-19 hospitalisation aHR 1.13 [1.03-1.23], COVID-19
death aHR 1.15 [1.01-1.31]). Compared with our study, this
study included more prespecified confounders. Our results
after HDPS are very similar to the fully adjusted results from
this study.

4.2 | Interpretation

For both cohorts and outcomes, the highest-ranked empirically
identified covariates included codes relating to nicotine depen-
dence and lung disease (e.g., J44 [Other chronic obstructive
pulmonary disease|, J42 [Unspecified chronic bronchitis], J18
[pneumonia, organism unspecified], E94 [bronchial tests], J45
[asthma], E97 [respiratory education], J96 [respiratory failure,
not otherwise specified], Tables S3-S6). This suggests that vari-
ables related to respiratory disease were potentially important
confounders despite our efforts to mitigate confounding by indi-
cation through adjustment for prior exacerbations, past asthma
diagnosis, and exclusion of patients with current asthma or
other chronic respiratory disease. The identification of these ad-
ditional variables by HDPS suggests that it may have provided
better adjustment for this than conventional PS-weighting, and
that our predefined covariates and exclusion criteria could have
been strengthened by incorporating a broader set of respiratory-
related codes. Compared to other approaches such as e-values or
QBA, HDPS offers the advantage of not having to specify a sin-
gle confounder and its strength of association with the exposure
and outcome, and may adjust for multiple hard-to-measure con-
cepts, provided suitable proxies are captured in the data. HDPS
can also be used in conjunction with QBA or e-values, which
may aid in the quantification of unmeasured confounding.

For hospitalisations, results were sensitive to the number of
HDPS covariates included, illustrating the importance of vary-
ing the number of covariates in sensitivity analyses. A sensi-
tivity analysis that included covariates one by one showed that
even low-ranked covariates can result in substantial changes
in the effect estimates if patients with unusual combinations
of covariates have the outcome, especially if the outcome is
rare. It is possible that hospitalisation is a paradoxical out-
come, with a selection process occurring regarding which pa-
tients are admitted to hospital with COVID-19. We assumed
patients in the ICS group were sicker and would have more
severe COVID-19 compared to those using LABA/LAMA,
and therefore better control for confounding by disease sever-
ity would move effect estimates towards the null. However, it
is possible that for COVID-19 hospitalisations, confounding
operated in both directions, with sicker or frail patients less
likely to be hospitalised if they were deemed unlikely to sur-
vive [48]. The extent of this selection process may have var-
ied over time depending on changes in hospital pressures or
triaging processes. Similar issues were identified when using
intensive care unit admission as an outcome [48]. ONS data on
place of death indicates that during our study period around
28% of COVID-19 deaths occurred outside hospitals [49], sug-
gesting that not everyone with severe COVID-19 was admitted
to hospital and there may have been selection into hospitals.
Therefore, COVID-19 hospitalisation may not have been a
suitable outcome to represent severe COVID-19 if those with
the most severe COVID-19 died without hospitalisation.

For deaths, point estimates for the two treatment cohorts were
similar. Inclusion of the 100 highest-ranked covariates in the
HDPS shifted the effect estimate towards null, while inclusion
of additional covariates did not substantially change effect es-
timates. With inclusion of more covariates, effect estimates in
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the cohorts including and excluding triple therapy users became
more similar. The cohort including triple therapy had more
precision due to larger sample size. In the United Kingdom,
LABA/LAMA and ICS/LABA are commonly used treatment
combinations for COPD. Treatment should be stepped up to tri-
ple therapy if COPD remains uncontrolled. We therefore expect
patients using triple therapy to have more severe COPD and be
sicker than patients on dual therapy. As a result, excluding triple
therapy users from the ICS/LABA group should provide a bet-
ter comparison to the LABA/LAMA group. Taken together, this
indicates that HDPS may offer better confounding control than
conventional PS-weighting in this case study.

4.3 | Strengths and Limitations

Strengths of this study include the size and representativeness
of CPRD Aurum and comprehensive capture of hospitalisations
and deaths. The number of covariates included in our models
remained below the commonly cited 1:10 covariate-to-event
ratio threshold, reducing the risk of model overfitting [50]. We
focused on a time period at the beginning of the pandemic, be-
fore vaccines were available and before different SARS-CoV-2
variants arose. This early period also reflects a time when dexa-
methasone was not yet the standard of care for hospitalised
COVID-19 patients. In a previous analysis [11], we established
that outcome misclassification likely did not substantially im-
pact the effect estimates in this study.

Due to short follow-up, we could not use a new-user design. Hence,
the patients included in this study are likely heterogeneous in terms
of disease stage and treatment history, and we assumed any effect
of ICS on the outcomes was independent of treatment history and
length. The time-fixed exposure could have introduced some mis-
classification, but based on evidence of stockpiling behaviour in
the early pandemic [19], it may have been difficult to accurately de-
termine treatment discontinuation during this time. Additionally,
we did not have information on in-hospital prescriptions.

We observed minor deviations from proportional hazards,
but graphical inspection indicated this was likely due to low
numbers of outcomes and the characteristics of people with
severe COVID-19 changing throughout the study period. The
HRs presented should be interpreted as an average over the
time period.

The Bross formula used to prioristise variables for HDPS is suited
to binary covariates, exposures and outcomes only. Continuous
confounders such as laboratory or diagnostic test results do not
naturally get considered in the HDPS. Therefore, if these factors
are important confounders, they will not directly be accounted
for. Additionally, by treating outcomes as binary, the algorithm
disregards information about follow-up time. However, censor-
ing was low in this cohort, with logistic and Cox regression giv-
ing almost identical results. Factors that are not recorded in the
used data sources may still confound the effect estimates. In this
cohort, codes relating to forced expiratory volume in 1s mea-
surements or Medical Research Council Dyspnoea Scale may
have additionally controlled for confounding by COPD severity
[51]. Therefore, HDPS may not completely eliminate residual
confounding.

Including many variables in the HDPS carries the risk of con-
ditioning on IVs, mediators or colliders. To minimise overad-
justment, all covariates were measured before the index date,
and no time-varying covariates were included. The Bross for-
mula downweights variables that empirically act as IVs and
we additionally implemented cutoffs to exclude covariates be-
having like IVs [52]. Despite such precautions, the inclusion
of inappropriate variables may introduce some bias. However,
prior empirical and simulation studies have shown that the
HDPS generally improves confounding control even at the
cost of small increases in bias from irrelevant variables, par-
ticularly when those variables are data-driven and prioritised
based on their potential for confounding 3, 53]. Overall, the
net effect typically favours improved confounder adjustment
rather than harm from overadjustment.

5 | Conclusions

The results provide weak evidence of an association between
ICS and increased risk of COVID-19 hospitalisation, but no ef-
fect on COVID-19 death. The analysis of deaths suggests that
HDPS may have achieved better confounding control than
conventional PS weighting in this case study. In cases where
the confounding structure is unclear, such as for the outcome
COVID-19 hospitalisations, using a data-driven approach such
as HDPS can lead to inconsistent results that may be sensitive
to the inclusion of even low-ranked covariates, highlighting the
importance of sensitivity analyses.

5.1 | Plain Language Summary

A key challenge when researching the effects of medications
using EHRs is accounting for the fact that people who receive
different medications often differ in important ways. Such dif-
ferences, called confounding, are typically accounted for using
statistical methods which require researchers to pre-specify all
important confounders. A newer method, called HDPS, uses a
data-driven approach to select what confounders to account
for instead. These methods have not yet been applied to studies
of ICS and COVID-19 outcomes, an area where studies have
found conflicting findings. We used EHRs from the United
Kingdom to compare the risk of COVID-19 hospitalisation and
death among patients with chronic obstructive pulmonary dis-
ease taking two different treatments (ICS/LABA and LABA/
LAMA) using both conventional and HDPS methods. Our
findings showed that HDPS can reduce important differences
between patients (confounding), but that the results can be
sensitive to the number of covariates included. This demon-
strates the value of HDPS and the need for researchers to run
their analysis using several different assumptions.
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