
INTRODUCTION
Randomised controlled trials (RCTs) are 
considered to be the ‘gold standard’ study 
design for identifying the true effects of 
an intervention. However, RCTs may suffer 
from selection bias. This may be due to 
extensive exclusion and inclusion criteria, 
or because patients who decline to be 
randomised differ systematically from those 
who accept randomisation.1 The treatment 
effects observed in a trial context therefore 
may not generalise to the wider population. 
There are other circumstances in which 
observational studies may be important. For 
example, ethical or practical considerations 
may prevent initiating an RCT.2

The disadvantage of an observational 
cohort study is that patients are not 
randomised, but get treatment according 
to usual clinical practice. The treated and 
untreated patients may differ systematically 
on key covariates that influence outcomes.3 
The randomisation process in an RCT 
creates groups that are balanced, ensuring 
that the intervention and control groups 
can be directly compared and used to 
establish causal effects.4 In contrast, 
observational studies are at greater risk 
of confounding by indication, that is, the 
treated group may differ systematically from 
those who are not treated.5 In the context of 
antibiotic prescribing, observational studies 
are particularly at risk of confounding by 
indication, as clinicians’ decisions to issue 

a prescription are based on factors such as 
the severity of clinical signs and symptoms in 
the initial consultation, which in turn impact 
on the outcome measures of interest.

There are various statistical methods to 
adjust for confounders. These adjust the 
observed crude association for identified 
potential confounders.2 In the 1980s, 
Rosenbaum and Rubin6 introduced the 
propensity score, which is intended to 
address confounding by indication and its 
use has increased in recent years. The 
propensity score represents the probability 
of receiving the intervention and is 
calculated for each individual patient. The 
score can then be used to adjust outcomes 
using inverse probability weighting, 
stratification, or matching.7,8 The propensity 
score balances the dataset on observed 
covariates. By creating a dataset balanced 
on observed covariates, similar to the 
structure of an RCT, it should be possible 
to make accurate causal inferences 
in the observational study population. If 
the results obtained in an RCT therefore 
represent the true treatment effect in the 
general population, it could be assumed 
that the same treatment effect would be 
seen in an observational study balanced 
by propensity score, assuming there is no 
residual unmeasured confounding.

In some situations, propensity scores 
may give similar results to traditional 
methods of controlling for confounding.9 
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However, they are considered to have 
some methodological advantages.10 Unlike 
traditional methods of controlling for 
confounding, the propensity score approach 
provides balance diagnostics, allowing 
examination of whether the model has 
been adequately specified. The propensity 
score is also developed independently of 
the analysis of the relationship between 
exposure, or treatment, and outcome, so 
the researcher avoids any temptation to 
continue adjusting the regression model 
until the desired effect is achieved.11 There 
may also be more flexibility in studies 
where the outcome is rare but the exposure 
is common, For example, propensity 
scores have been used to explore the 
rare outcome of cardiovascular events in 
patients with diabetes according to the 
more common exposure of treatment with 
thiazolidinedione.12. 

It might not be possible to include all the 
baseline confounders for a rare outcome 
— at least 10 events per covariate is often 
recommended.13 But if the treatment is 
more common, there may be more 
flexibility in including these confounders in 
the calculation of the propensity score.14

Discussion of findings from RCTs 
compared with observational studies 
is often hampered by differing designs, 
settings, inclusion criteria, and outcome 
measures. The GRACE studies gathered 
data on patients seen in general practice 
for acute lower respiratory tract infection 
in 12 European countries. They offer a 
unique opportunity to compare and analyse 
the differences between outcomes from 
observational studies and an RCT using the 
same inclusion criteria, similar settings, and 
the same follow-up measurements. This 
sub-study aimed to compare estimates of 
the effect of antibiotic treatment in patients 
with lower respiratory tract infections in an 
RCT and prospective observational cohort. 

Analyses were performed that did and did not 
take propensity scores into account to see if 
this approach resulted in similar estimates 
of treatment effect in studies using both an 
observational and a randomised design. 

METHOD
Study design and participants
This sub-study used data from an 
observational study and a RCT conducted 
within the GRACE Network of Excellence 
(Genomics to combat Resistance Against 
Antibiotics in Community-Acquired lower-
respiratory-tract infection in Europe, a 
European funded project in 14 countries). 
Patients in the observational study15 and 
the trial16 were recruited concomitantly 
with the same inclusion criteria between 
November 2007 and April 2010 in 16 primary 
care research networks in 12 countries 
(Belgium, England, France, Germany, 
Italy, the Netherlands, Poland, Slovakia, 
Slovenia, Spain, Sweden, and Wales). 
Patients who required initial antibiotics (for 
example, those with a clinical diagnosis of 
community-acquired pneumonia) or those 
who declined randomisation were asked to 
contribute to the observational study. 

Eligible patients were aged ≥18 years, 
consulting with an illness where an acute 
or worsening cough was the main dominant 
symptom (≤28 days’ duration), or had a 
clinical presentation that suggested lower 
respiratory tract infection. All included 
patients gave written consent. Exclusion 
criteria were immunosuppression, 
pregnancy and breastfeeding, and those 
not able to fill in the study material.

Treatment
In the trial, patients were allocated to 
amoxicillin 1 g three times a day or placebo. 
For the observational study, the case report 
form was reviewed to determine whether 
or not patients were prescribed antibiotics. 

Although the trial standardised antibiotic 
prescribing, with all participants receiving 
either amoxicillin or a placebo, no 
restriction was placed on the prescribing 
practice of clinicians in the observational 
study. Amoxicillin was the most frequently 
prescribed antibiotic, but amoxicillin/
clavulanic acid (co-amoxiclav) was often 
prescribed in a number of countries, 
as were doxycycline and macrolides. 
These different types of antibiotics have 
a different working spectrum and hence 
might influence the outcome. In order to 
provide a direct comparison with the trial, 
the ‘treated’ arm of the observational study 
was limited for this sub-study to patients 
who were prescribed amoxicillin.

How this fits in
There have long been discussions 
about the benefits and disadvantages 
of randomised controlled trials versus 
observational studies, especially in 
primary health care, with higher risk of 
confounding being the main disadvantage 
of observational studies. This study shows 
that observational studies using the 
propensity score to adjust for confounding 
can allow accurate inferences about 
treatment effect to be made and can 
therefore sometimes be an acceptable 
alternative to randomised trials.
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Outcomes
The primary outcome for all datasets was 
the duration of symptoms rated by the 
patient as ‘moderately bad’ or worse after 
initial presentation. Symptom severity and 
re-consultation with new or worsening 
symptoms were secondary endpoints. 
Symptom severity was measured as the 
mean diary score for all symptoms rated 
from 0 (normal/not affected) to 6 (as bad as 
it could be) during days 2–4 after the index 
consultation. Data on re-consultation was 
defined as a return to the physician with 
worsening symptoms, new symptoms or 
signs, or illness necessitating admission 
to hospital within 4 weeks after the first 
consultation (established from reviews of 
patients’ notes). 

Statistical analysis
Propensity score. The propensity score is 
the conditional probability that a patient 
receives treatment, given a set of observed 
covariates.10 This score can be used in further 
analyses in a number of ways including as 
a covariate in a regression model, as a 
probability weight, and in propensity score 
matching.17,18 In this study, the propensity 
score was used as a population overlap 
weight.19 The population overlap weight 
weights each unit proportional to its 
assignment to the alternative group and 
is designed to balance the distribution of 
covariates between comparison groups.

The variables included in the calculation 
of the propensity score were chosen on 
the basis of their association with the study 

outcomes (for a full set of variables see 
Box 1) but did not include instrumental 
variables (that is, those associated only with 
the exposure).20–23 The selected covariates 
were used in a logistic regression model 
to predict the probability of receiving an 
antibiotic prescription, creating a unique 
propensity score for each individual. The 
probability of receiving a prescription varies 
both by clinician and country.24 The GP and 
network were therefore included in the 
propensity score model as random effects.25

The predicted probabilities from this 
mixed logistic regression model were used 
to calculate the population overlap weights. 
The resulting propensity scores were then 
checked to make sure they adequately 
corrected for covariate imbalance in all 
covariates measured at the baseline 
consultation. Covariate balance was 
assessed by examining the standardised 
mean differences and a difference of 0.10 
was taken to indicate substantial imbalance.26

Analyses of effects of antibiotics. Analyses 
of trial data were performed blind to 
treatment allocation and were based on 
an intention-to-treat analysis. For the 
observational data, analyses were based 
on whether a patient received antibiotics, 
recorded by the GP on the case report form 
at the initial consultation. A proportional 
hazards model was used to model the 
duration of symptoms, a linear regression 
model for symptom severity, and a logistic 
regression model for new or worsening 
symptoms. In the trial there was no 
evidence of clustering at the GP or country 
level.16 However, there was evidence of 
clustering at both levels in the observational 
study,24 and therefore all models of the 
observational data controlled for clustering 
at the country and GP levels as random 
effects. For the observational study data, 
the propensity score was calculated as 
described above and used as a probability 
weight in all models.

In line with the analysis of the trial, 
this analysis included patients for whom 
complete outcome data were available. 
Stata (version 14) was used for all analyses.

RESULTS
Baseline characteristics
Data on 780 patients were available from the 
observational study (233 in the amoxicillin 
group and 547 in the no antibiotics group). 
In the RCT, 2061 patients were randomly 
assigned (1038 to the amoxicillin group and 
1023 to the placebo group). Table 1 shows 
that the two studies have broadly similar 
profiles. Observational study participants 

Box 1. List of variables used to 
calculate the propensity score
• Age
• Duration of illness before consultation
• Duration of cough before consultation
• Breaths per minute
• Pulse rate
• Abnormalities at auscultation
• Low blood pressure
• Temperature
• Phlegm colour
• Lung comorbidity
• Heart disease
• Cough (yes/no)
• Wheeze (yes/no)
• Crackles (yes/no)
• Rhonchi (yes/no)
• Runny nose (yes/no)
• Chest pain (yes/no)
• Muscle aches (yes/no)
• Headache (yes/no)
• Disturbed sleep (yes/no)
• Confusion (yes/no)
•  Illness interferes with normal activities (yes/no)
• Feeling generally unwell (yes/no)
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were more likely to be smokers, have 
a heart or lung condition, and to have 
crackles, rhonchi, and abnormalities on 
auscultation.

As expected, the groups were well 
balanced in the RCT, while there was 
significant imbalance in the observational 
study, with evidence of confounding by 
indication. Taking a threshold of 0.10 as 
indicating substantial imbalance, 18/20 
(90%) of the key covariates showed evidence 
of imbalance in the observational study. 
After applying the propensity score weights, 
the standardised mean difference was 
below 0.10 for all covariates and all but three 
were below a threshold of 0.01, suggesting 
that the dataset was now well balanced on 
observed covariates and that the propensity 
score weights were successful in making 
the groups more directly comparable.

Effects of amoxicillin
The main results of the trial are presented 
in Table 2, but full results can be found in 
Little et al.16 Table 2 also sets out the results 
for the observational study for comparison. 
No significant results were found, although 
the confidence intervals are wide, likely 
because of insufficient sample size.

The point estimates of the effect in 
the observational study adjusting only 
for baseline severity indicated a slightly 
longer duration of symptoms, higher 
symptom severity, and slightly increased 
risk of re-consultation. Because those who 
received amoxicillin were likely to be more 
unwell at baseline, this is as expected.

Adjusting for known confounders had 
little impact on the result for duration of 

symptoms compared with simply including 
baseline severity in the model. But the 
result for symptom severity now showed no 
difference and re-consultation was now less 
likely in the amoxicillin group but, again, this 
was not statistically significant.

Adjusting using the propensity score 
also gave non-significant results. The 
point estimates were similar in direction 
and magnitude to the trial results, but 
with wide confidence intervals. The hazard 
ratio for duration of symptoms was 1.06 
(95% CI = 0.96 to 1.18) in the trial and 1.06 
(95% CI = 0.80 to 1.40) in the observational 
study. The difference in the severity score 
was –0.07 (95% CI = –0.15 to 0.007) in the 
trial and –0.07 (95% CI = –0.34 to 0.20) in 
the observational study. The odds ratio for 
re-consultation was 0.97 (95% CI = 0.63 to 
0.99) in the trial and 0.91 (95% CI = 0.48 to 
1.66) in the observational study.

DISCUSSION
Summary
There was no statistically significant benefit 
of amoxicillin for either symptom duration 
or symptom severity in the observational 
study. Although the observational study 
represented a slightly different population 
from those who agreed to randomisation in 
the trial, the estimates of treatment effect 
were non-significant after controlling for 
confounders both in the traditional method 
and after weighting by propensity score.

Strengths and limitations
The format of the GRACE studies created a 
unique opportunity to compare outcomes 
from an observational study with an RCT 
with similar setting and inclusion criteria.

It is likely that there is no true effect of 
the intervention in this setting. The chances 
of finding similar negative results in both 
studies, regardless of the method used 
to control for confounding, was therefore 
high. Although propensity scores have 
methodological advantages, in this context 
it is not possible to say that this method 
provided superior control for confounding by 
indication when compared with traditional 
methods. Ideally, this analysis should be 
repeated in two studies where the trial 
has shown a statistically significant effect. 
However, the similarity in the magnitude 
and direction of the estimates obtained 
in the trial and observational study, both 
after controlling for confounding using the 
traditional approach and after weighting by 
propensity score, makes it more likely that 
the true effect in this population has been 
correctly estimated.

Although- the randomisation process 

Table 2. Outcomes for the RCT and adjusted and unadjusted outcomes 
for the observational study

  Duration of  Symptom New/worsening 
  symptomsa severityb symptomsc 
  Hazard ratio Mean difference Odds ratio 
  (95% CI) (95% CI) (95% CI)

RCT Results controlling for 1.06 (0.96 to 1.18) –0.07 (–0.15 to 0.007) 0.97 (0.63 to 0.99)d 
 baseline severity 

Observational Results controlling for  0.92 (0.76 to 1.11) 0.06 (–0.11 to 0.23) 1.04 (0.64 to 1.67) 
study baseline severity

 Results controlling for  0.92 (0.73 to 1.16) –0.01 (–0.19 to 0.17) 0.85 (0.48 to 1.51) 
 baseline severity and  
 confounding variables

 Results using propensity  1.06 (0.80 to 1.40) –0.07 (–0.34 to 0.20) 0.91 (0.48 to 1.66) 
 score weight

aResolution of symptoms rated ‘moderately bad’ or worse in treatment versus no treatment group. bDifference of 

mean symptom severity score on days 2–4 after consultation between groups. cWorsening of illness in the treatment 

group versus no treatment. dSignificant at P<0.05. CI = confidence interval. RCT = randomised controlled trial.
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assures that RCTs are balanced both 
on observed and unobserved factors, 
propensity score methods can only account 
for measured confounders in observational 
data.27 It is possible that observational data 
may still suffer from residual confounding. 
Given the similarity of the estimates in the 
observational study to the unconfounded 
estimates in the RCT, it is less likely that the 
results suffer from residual confounding.

The use of different antibiotic classes 
in the observational study compared with 
the trial might be a potential limitation. In 
this sub-study the analysis was limited to 
patients who were prescribed amoxicillin. 
However, this has reduced the available 
population for analysis, leading to wider 
confidence intervals.

The use of propensity scores as a 
weight in a regression model may give 
confidence intervals that are too narrow, 
as uncertainty surrounding the estimation 
of the propensity score is not accounted for 
in the model.28 In this study, the confidence 
intervals were wide and the results non-
significant. However, this may be an issue 
in larger datasets, and solutions such as 
Bayesian propensity score analysis29 and 
bootstrapping30 should be considered.

Comparison with existing literature
To the best of the authors’ knowledge, 
this is the first study to compare the same 
outcomes from different study designs with 
such similar settings, inclusion criteria, 
and outcome measures. This, combined 

with the detailed information available from 
the patients, created an ideal opportunity 
to explore the utility of propensity score 
weights to enable causal inference from 
observational data and to explore the 
generalisability of the RCT findings.

Implications for research and practice 
This study shows that it is possible to 
obtain estimates of treatment effect in 
observational data that are comparable 
with estimates from RCTs. In general, 
observational studies are expected not 
only to yield different results from trials 
because of confounding, but also because 
of a different setting or context, and differing 
behaviour of both health professionals and 
patients. The GRACE study design, however, 
made it possible to look solely at whether 
it is possible to account for confounding 
by indication sufficiently to allow causal 
inferences in observational data. This 
study is therefore a contribution to the 
assessment of the merits of observational 
and randomised studies: observational 
studies using appropriate methods to 
control for confounding by indication can 
sometimes be an acceptable alternative to 
RCTs.

It also confirms the RCT result showing 
a lack of benefit of amoxicillin can be 
replicated in a population of similar patients 
who were unwilling to be randomised. This 
suggests that the result is generalisable 
beyond the trial population. 
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