
Randomized controlled trials (RCTs) provide the
strongest evidence for the efficacy of preventive and
therapeutic procedures in the clinical setting.1 In
RCTs, subjects are randomized to a treatment or
control group. By the very nature of chance, random
assignment tends to balance covariates, so that there
are not systematic differences (bias) in measured and
unmeasured covariates between subjects assigned to
treated and control groups. If randomization is
performed correctly, differing outcomes indicate
treatment effect.2 However, RCTs do not necessarily
provide the definitive answer to drug effectiveness
(benefit under the conditions of usual practice or
long-term results), as there are many restrictions that
limit generalizability3 and there are instances in
which RCTs are unethical or impractical. RCTs tend to
gather accurate, detailed and standardized
information on highly selected subgroups of patients,

treated with a particular drug, at a fixed dosage,
and with the greatest potential for benefit over a
short time (Table 1). Therefore, after the
demonstration of treatment effect under study
conditions (efficacy), its applicability to real life
(effectiveness) needs to be tested.4

The observational study is currently considered a
research tool to complement information provided by
RCTs.5 Morever, on the one hand, observational
studies allow the assessment of the effectiveness of
drugs, already proven effective in short-term RCTs
(Table 1). In such studies, the typically large patient
populations have been exposed to the treatment of
interest, often as part of their medical care, and they
could potentially benefit over the long term. On the
other hand, effectiveness data derived from
observational studies may be used as hypothesis
generating to be tested later in a RCT or carefully
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Summary

Introduction

The randomized controlled trial (RCT) is considered to be

the ‘gold standard’ for providing evidence on drug

efficacy. However, particularly for answering long-term

questions in chronic diseases such as multiple sclerosis

(MS), RCTs are often not feasible because of their size,

duration, ethical constraints and costs. Data derived from

observational studies complement information provided

by RCTs. A major issue is that observational studies are

more exposed and prone to biases, which can partly be

addressed through rigorous study design or statistical

analysis. Propensity score (PS) techniques are the most

frequently used. PS is the probability that an individual

would receive a certain treatment based on his/her pre-

treatment characteristics. This score is being widely used

in many therapeutic areas and also in MS to adjust for

the uncontrolled assignment of treatment in observational

studies. However, since PS cannot adjust for unmeasured

or unknown confounders, the conclusions from an

observational study may not be considered as strong as

those from RCTs. 
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conducted longitudinal studies.6 Further, observational
studies are useful for establishing long-term safety and
detecting rare side-effects of drugs and drug–drug
interactions. Moreover, RCTs are impractical for
identifying rare events because of the very large
number of cases that may be required to find a
statistically significant difference between the study
arms. Finally, observational studies can provide
information when there are substantial barriers to the
conduct of RCTs, such as the requirement for an
extremely large sample size or a very long period of
follow-up – e.g. assessment of treatments for multiple
sclerosis (MS). However, economic, regulatory or
political obstacles are not sufficient to justify the use
of observational studies for providing evidence on
drug efficacy. Instead, efforts need to be made to
overcome any obstacles that inappropriately prevent
the provision of reliable evidence from RCTs of
adequate size.5,7,8

Sources of Bias in Observational
Studies
A major issue is that observational studies are more
exposed and prone to biases than RCTs (Table 2). 9–11

The fundamental criticism of observational studies,
attempting to estimate the effect of a treatment by
comparing outcomes for non-randomized subjects, 
is that either known or unknown confounding factors
may influence the measured association between 
an exposure of interest and a given outcome.
Differences in outcomes can be due to differences
between the patient groups, in ascertainment of

outcomes, unintended differences in other treatment
factors, or to the treatment factor being studied and
even the outcome measures.12 Treatment-by-indication
bias may arise when patient characteristics influence
drug prescription and, at the same time, also relate to
outcome (survival), therefore acting as confounders.13

The reasons why certain patients received a
treatment while others did not are often difficult to
fully account for, and, if these characteristics also
affect the outcome, direct comparison of the groups
is likely to produce biased conclusions. Further bias
may be due to differential detection of outcomes.8

Patients receiving any treatment will tend to be seen
by doctors or other health professionals more
frequently than untreated patients, which may result
in the earlier detection of a variety of outcomes.14
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Table 1: Comparison between RCTs and observational studies 

RCTs Observational studies

Test efficacy in highly selected subgroups Test effectiveness in typical patient population
with the greatest potential for benefit who might potentially benefit

Short-term follow-up Long-term follow-up

Dosage regimen is often inflexible Dosing is flexible

One treatment is often used for each Different treatments can be assigned
patient enrolled to the same patient

Small changes of outcomes or surrogate Outcomes are usually more robust
outcomes are often used and can include rare events

Extremely costly Less expensive

Ethical constraints

Table 2: Bias in observational studies of treatment

Confounding: Systematic error due to the failure to
account for the effect of one or more variables that are
related to both the causal factor being studied and the
outcome and are not distributed the same between the
groups being studied. Confounding occurs when a
factor is associated with the use (confounding by
indication) or avoidance (confounding by
contraindication) of the treatment, but independently
influences the risk of the outcome of interest

Recall bias: Systematic error that occurs when the
reliability of recall of treatment exposure differs
between those who develop an adverse outcome and
those who do not

Detection bias: Systematic error that occurs when,
because of the lack of blinding or related reasons, the
measurement methods are consistently different between
groups in the study



Finally, recall bias can be a problem in
observational studies when there is a difference in
the reliability of the data collected on treatment
exposure between cases that have the disease of
interest and controls that do not.8,15

A recent paper16 underlined that important issues
related to confounding are often not clearly
addressed, from the reader’s perspective, in
published observational studies. Failure to recognize
the limitations of observational studies in the
assessment of treatment effects may have serious
consequences, including both the use of ineffective 
or dangerous treatments and the inappropriate
abandonment, or insufficiently widespread use, 
of effective treatments.8,17–19

Propensity Score Analyses to Ensure
Validity in the Absence of
Randomization 
Several possible methodological improvements
(regression adjustment, stratification and matching)
have been proposed and are available to deal with
confounding and to improve validity when
randomization is absent.20 Regression analyses
estimate the association of each independent
variable (baseline characteristics and the
intervention) with the dependent variable (outcome of
interest) after adjusting for the effects of all the other
variables, so that they provide an adjusted estimate
of the intervention effect.20 Stratification consists of
grouping subjects into strata determined by observed
background characteristics believed to confound the
analysis. Treated and control subjects in the same
strata are compared directly. Stratification creates
subgroups that are more balanced in terms of
confounders than the total population which can
result in less biased estimates of the intervention
effect.20 Matching techniques allow to match
individual cases (i.e. treated patients) with individual
controls that have similar confounding factors in
order to reduce the effect of these on the association
being investigated in analytical studies. This is most
commonly seen in case-control studies and when
there are only limited numbers of treated patients and
a much larger number of untreated (or control)
patients. However, these traditional methods of
adjustment are often limited since they can only use a

small number of covariates for adjustment or if there
is extreme imbalance in the background
characteristics.2,3

The propensity score (PS) tecnique, introduced by
Rosenbaum and Rubin in 1983,21,22 providing a
scalar summary measure of the covariate
information, lessens this limitation. It represents an
alternative method for estimating treatment effects
when treatment assignment is not random, but can
be assumed to be unconfounded (Table 3). It may be
considered as a balancing score that can be used to
reduce bias through the adjustment methods
mentioned above. Intuitively, the PS is a measure of
the probability (between 0 and 1) that an individual
is in the ‘treated’ group given his or her background
(pre-treatment) characteristics (e.g. age, disease
severity).3,23

The following steps have been proposed to derive
a PS model:24

• First, choose a list of background baseline
variables that, based on previous available
empirical evidence, are likely related to exposure
and/or the outcome. For example, in studies25,26

aimed to evaluate the impact of a treatment on
disability endpoints in MS cohorts, we choose the
following variables at treatment assignment: age
at disease onset, gender, disease duration,
number of relapses in the past year and Expanded
Disability Status Scale (EDSS) score.

• Secondly, derive an initial propensity score model
by using logistic regression, in which the treatment
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Table 3: Propensity score

Device for balancing numerous observed covariates21,22

Definition

Formal: The conditional probability of exposure to a
treatment given observed covariates

Intuitive: The likelihood that a person would have been
treated using only their covariate scores

Collection of covariates is collapsed into a single
variable; the probability (or propensity) of being
treated.

Limitation

Does not control for unobserved variables that may
affect whether subjects receive treatment



variable (‘treated’, yes or no) is the outcome and
the background characteristics (i.e. in MS
studies25,26 mentioned above, age at disease
onset, gender, disease duration, number of
relapses in the past year and EDSS score were
considered) are the predictor variables in the
model. Propensity scores are then calculated for
each participant by applying their background
values to the logistic model. Propensity scores
range from 0 to 1 and reflect each participant’s
conditional probability of being exposed to
treatment given baseline characteristics. Scores
close to 1 indicate participant characteristics
associated with a high probability of being treated
or drug exposed.24

• Thirdly, assess whether matching on the propensity
score results in a matched sample in which
measured baseline variables are balanced
between treated and untreated subjects. Non-
overlapping subjects were excluded from the
subsequent analyses.

Propensity score methods are increasingly being
used in observational studies in which: 1) baseline
characteristics differ between the exposed and
unexposed groups; 2) exposure is relatively common;
3) the number of measured characteristics or potential
confounders is relatively large; and 4) the number of
events is relatively small. The most common methods
in the medical and epidemiological literature are
stratification on the PS,27,28 PS matching,27 and
covariate adjustment using the PS.29,30 With all three
techniques, the PS is calculated in the same way,31

but once estimated is applied differently. In some of
these methods, the PS is used in the analyses as a
weight or factor (regression adjustment), whereas in
others it is used to construct the appropriate
comparisons (stratification or matching), but not in the
analyses directly.3

A comparison of the ability of different propensity
score models to balance measured variables between
treated and untreated subjects has been performed.32

A more recent paper,33 by the same authors,
examined the performance of different PS methods
for estimating relative risks. The authors found that
covariate adjustment using the PS tended to have the
best performance for estimating relative risks.
Matching and stratification on the PS resulted in

estimates with similar mean squared error, with
matching resulting in less bias and stratification
resulting in estimates with greater precision.
Propensity scores are being widely used in
pharmacoepidemiological and health-economic
analyses, particularly to test drug effects in many
therapeutic areas34–39 including MS.25,26,40

A Cox proportional hazards regression adjusted
for PS was used25 to assess the risk of disability
progression and worsening of relapse rate according
to the length of exposure to interferon beta (IFNB) in
a large cohort of 2090 MS patients collected by the
Italian MS Database Network. Forty-one per cent of
patients were exposed to IFNB for up to 2 years,
39% for 2–4 years and 20% for more than 4 years.
The risks of disability progression (hazard ratio
[HR]=0.23; 95% confidence interval [CI]:
0.17–0.30) and worsening of relapse rate
(HR=0.19; 95% CI: 0.14–0.27) were reduced by
about 4- to 5-fold in patients exposed to IFNB for
more than 4 years, compared with patients exposed
for up to 2 years. The propensity score technique
confirmed these findings (Figure 1). The long-term
impact of IFNB treatment on three different clinical
end-points: times from first visit to reach an
irreversible clinical disability corresponding to
Kurtzke’s EDSS scores 4 and 6 and to reach
secondary progression (SP), was evaluated in a large
cohort of untreated (n=401) and IFNB-treated
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Key Points

• Random assignment balances known and
unknown baseline characteristics (covariates)
between treatment and control groups

• Propensity score represents an alternative method
for estimating treatment effects when treatment
assignment is not random

• The use of the PS can create a ‘quasi-
randomized’ experiment

• Hidden bias is the great problem with all
methods of adjusting for overt biases, including
PS, in observational studies

• A sensitivity analysis determine the magnitude of
a potential unmeasured confounder that would
need to be present to materially alter the
conclusions of a study



(n=1103) relapsing-remitting MS (RRMS) patients
using an inverse-weighting PS-adjusted Cox
proportional hazards regression.26 Times from first
visit and from date of birth were used as survival
time variables. The IFNB-treated group showed a
highly significant reduction in the incidence of SP
(HR=0.38; 95% CI: 0.24–0.58 for time from first
visit; HR=0.36; 95% CI: 0.23–0.56 for time from
date of birth; P<0.0001), EDSS score of 4.0
(HR=0.70; 95% CI: 0.53–0.94 for time from first
visit; HR=0.69; 95% CI: 0.52–0.93 for time from
date of birth; P<0.02), and EDSS score of 6.0
(HR=0.60; 95% CI: 0.38–0.95 for time from first
visit; HR=0.54, 95% CI: 0.34–0.86 for time from
date of birth; P≤0.03) when compared with untreated
patients (Table 4). SP, EDSS score of 4.0 and EDSS
score of 6.0 were reached with significant delays
estimated by time from first visit (3.8, 1.7 and 
2.2 years, respectively) and time from date of birth
(8.7, 4.6 and 11.7 years, respectively) in favour of
treated patients. The percentage of patients in the
untreated group who converted to SP (20.2%) up to

7 years of follow-up (about 11 years from onset) was
in accordance with the estimated mean rate of
conversion to SP of 2–3% per year evaluated in
previous natural-history studies,41 whereas the
proportions of treated patients who converted to SP
was significantly lower (8%).The proportions of
untreated patients who reached EDSS scores of 4.0
(27.8%) and 6.0 (12.4%) are in accordance with
more recent natural-history data,42 whereas the same
proportions were lower in treated patients (20.5%
and 7.7% for EDSS score of 4.0 and 6.0, respectively). 

A PS matching analysis was performed40 to
assess the robustness of multivariate models in a 
post-marketing evaluation of the impact of
neutralizing antibodies (NAbs) on the effectiveness 
of IFNB in RRMS. PS-matched Poisson Regression
analysis, adjusted at the time in which comparator
group first became positive, showed a significant
increase of incidence of relapses and a trend to a
higher risk of confirmed EDSS 4.0 during the NAb+
in comparison with NAb– status. 

In a cohort of 2570 IFNB-treated RRMS patients, a
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Figure 1. Cox regression analysis of disability progression according to level of IFNB exposure and propensity 
score technique
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Blue bars represent hazard rates not adjusted by propensity score; red bars represent adjusted rates. 
Error bars represent 95% CIs. Adapted from Trojano et al.25



Cox proportional hazards regression model adjusted
for PS quintiles was used to assess differences
between groups of patients with early versus delayed
IFNB treatment on risk of reaching a 1-point
progression in the EDSS score, and the EDSS 4.0 and
6.0 milestones.43 The key findings from this study are
that patients who begin treatment later do not reap
the same long-term benefits as those who begin
treatment earlier during the disease course and that
the first year from disease onset seems to represent
the time frame when we could expect that initiation of
an effective treatment would allow subsequent
accumulation of disability to be minimized

Addressing Hidden Biases
The principal limitation of all methods of adjusting for
overt biases, including PS, is the inability to address
hidden biases due to unobserved or unrecorded
differences between treated and control patients
before treatment.3 In an ideal RCT, randomization
prevents hidden biases, although even experiments
may need to address some hidden biases from
protocol violations, such as frequent withdrawals of
patients from treatment or extensive nonadherence.44

In a non-randomized study, the results could reflect
the effects of unknown or unmeasured confounders.
Hidden biases must be addressed by other means
such as sensitivity analyses. A sensitivity analysis
determines the magnitude of a potential unmeasured
confounder that could erase the observed association
or would need to be present to materially alter the
conclusions of a study.45–46

An example of a sensitivity analysis26 performed
to account for potential residual confounding caused
by a hypothetical unmeasured confounder is reported
in Table 5. We explored the amount of hidden bias
from an unmeasured confounder necessary to alter
the conclusion that RRMS patients prescribed IFNB
had lower long-term disability progression than
untreated patients. The results of this analysis
showed that the positive effect of IFNB treatment for
the time from first visit to the SP end-point (reported
in the above paragraph) remained significant under
high imbalanced scenarios since it might be altered
by an unmeasured confounder with an HR=2 and a
strong prevalence imbalance (≥80%) between the
treatment group and control group (P0–P1) or with 
a low prevalence imbalance (≥20%), but an HR=8.
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Table 4: Results of the analysis of time from first visit to the three clinical end-points using propensity 
score-adjusted Cox models for the IFNB-treated group versus the untreated control group

SP EDSS 4.0 EDSS 6.0

Survival time HR 95% CI P-value HR 95% CI P-value HR 95% CI P-value

Years from first visit 0.38 0.24– <0.0001 0.70 0.53– 0.0174 0.60 0.38– 0.0304
to end-point 0.58 0.94 0.95
HR <1 favours IFNB treatment. HR, hazard ratio; CI, confidence interval; SP, secondary progression; EDSS, Expanded Disability Status Scale.
Adapted from Trojano et al.26

Table 5: Representative results of sensitivity analysis* on time from first visit to end-points SP and EDSS 
4.0 and 6.0: how the magnitude of an unmeasured binary confounder might affect the propensity score-
adjusted HRs of Table 4

Adjusted

End-point HR† P0-P1
‡ HR 95% CI

SP 2 0.8 0.66 0.41–1.00
4 0.4 0.67 0.42–1.02
6 0.3 0.67 0.42–1.02
8 0.2 0.69 0.44–1.06

EDSS 4.0 2 0.1 0.76 0.58–1.03
EDSS 6.0 2 0.1 0.65 0.41–1.03
*This analysis assumes that: 1) the unmeasured confounder is binary; 2) the unmeasured confounder is independent of measured confounders; 3) there is
no interaction between the unmeasured confounder and exposure; †Hypothetical HR of the unmeasured confounder on time to end-points; ‡Differences in
prevalence of the unmeasured confounder between IFNB-treated and controls. From Trojano et al.26



As to end-points, EDSS scores of 4.0 and 6.0, they
appeared sensitive to small bias since an
unmeasured confounder with an HR=2 and a 10%
prevalence imbalance would be sufficient to alter
the significant effect of IFNB treatment. However,
their HRs were still suggestive of a positive effect of
IFNB (0.76 and 0.65, respectively). This analysis
assumed that the unmeasured confounder 1) is
binary, and 2) is independent of measured
confounders; and that 3) no interaction occurs
between the unmeasured confounder and exposure,
and 4) the prevalence of the unmeasured
confounder is greater in the exposed group than 
in the unexposed group.46 A finding that could be
sensitive to small unmeasured confounders should
be interpreted with caution, but it should not be
dismissed on that basis.44 Moreover, sensitivity
analysis does not demonstrate that the postulated
hidden bias is necessarily present. 

Conclusions
In conclusion, RCTs and observational studies do not
exclude, but complement each other, and both are
necessary to provide a comprehensive picture of
drug benefit.6 All study designs have flaws that can
threaten external (whether or not the study results are
generalizable to other populations) or internal (how
the data are gathered and assigned) validity.47 RCTs
cannot examine many different types of questions,
but remain the ideal way for demonstrating a
‘causal’ association. However, RCTs are only as
good as the quality of the randomization at baseline.
If poor, correction for baseline imbalance also needs
to be included, and if it is not, such studies are
equally suspicious. Observational studies may be
especially valuable for answering long-term
questions, such as: the long-term impact of currently
available disease-modifying drugs in preventing
unremitting disability progression; the impact of early-
versus delayed-IFNB treatment on long-term disability;
and the impact of NAbs on the effectiveness of IFNB
in MS. Any attempt to assess treatment effectiveness
within the framework of properly conducted
observational studies, once overt and hidden bias
are taken into account, should not have to be
dismissed a priori. Methodological improvements to
enhance the quality of observational studies are

essential, given the availability of large longitudinal
observational data in a number of databases that are
being used by MS clinicians and researchers around
the world. PS-adjusted analysis, which can create
groups of patients who have similar likelihood of
receiving a therapy, is the most common method
currently used to reduce bias in treatment
comparisons in observational studies. Funding
models for research should consider the substantially
lower cost, the practical generalizability, and the
timeliness of studies from existing databases, in
comparison to RCTs.12 It is time to give a realistic
and appropriate place for observational studies in
evidence-based medicine.48
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