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Introduction
Multiple sclerosis (MS) is a chronic demyelinating 
disease of the central nervous system with no 
known cure. A number of disease-modifying thera-
pies (DMTs) are available in the market to help 
reduce the severity and frequency of MS relapses 
and development of new lesions in the brain with 
the goal of slowing down the progression of the 
disease.1 Important variations exist, however, in the 
clinical efficacy, tolerability, and safety profile of 
these DMTs.2

Randomized controlled trials (RCTs) are the gold 
standard for establishing causality in comparative 
effectiveness studies. However, they are not always 
feasible. The availability of various registries and 
large multicentre MS cohorts thus opened the oppor-
tunity to answer research questions that are impracti-
cal to investigate using RCTs.3–6

The estimation of causal treatment effects in observa-
tional studies is challenging, mainly because treatment 
is not assigned at random. Hence, these sources can be 
prone to biases, such as selection bias and confounding 
by indication. Statistical techniques for observational 
data analyses currently offer several tools to reduce 
bias due to confounding. Notably, the PS approaches, 
which allow to adjust for the influence of confounders, 
have been increasingly used in the MS literature.5

There is a current gap in the literature reviewing the use 
of PS methods in MS. This article aims to address this 
gap by critically reviewing the MS literature using PS 
methods in terms of methodological use and reporting.

Methods
We searched the PubMed database for articles pub-
lished in English between January 2013 and July 
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2019. Articles were included if the study (1) pertained 
to MS patients, (2) was a comparative effectiveness 
study of DMTs, (3) evaluated the effectiveness 
between two arms (or treatment groups), and (4) used 
PS methods. Extracted data included study back-
ground, objectives, PS methodology, and statistical 
approach. Additional methods, including the neces-
sary technical background on PS methods to fully 
appreciate the observations in this review, can be 
found in the Supplementary Methods.

Observations
A total of 64 articles were identified during the title 
and abstract screening of which 39 were retained for 
data extraction (see Supplementary Results for addi-
tional results). Table 1 summarizes the characteristics 
of the 39 comparative effectiveness studies included 
in the review. Between 2013 and 2019, we observed a 
gradual increase in studies using PS methods in the 
MS literature. All studies were cohort studies, using 
either MS-specific databases or registries (82%), 
study-specific databases (3%), claims databases 
(12%), or general hospital-based databases (3%). 
Most studies were conducted across multiple sites 
(82%), while the remaining studies were single-site 
studies. The total sample size ranged from 92 to 
12,042 patients, with a median of 951 patients.

The most common DMT was fingolimod in 56% of 
studies, followed by natalizumab in 38% of studies. A 
total of 90% of studies specified at least one outcome 
as primary. Approximately 54% of these studies 
reported at least one continuous primary outcome, 
37% reported at least one binary primary outcome, 
and 46% reported at least one time-to-event primary 
outcome. The following primary outcomes were most 
commonly reported: annualized relapse rate (39%), 
time to first relapse (18%), time to disease progres-
sion (21%), proportion of patients who experienced a 
relapse (13%), treatment persistence (11%), and time 
to treatment discontinuation (8%). About 85% of the 
studies reported at least one secondary outcome.

PS estimation
Table 2 shows the general characteristics of the report-
ing of the PS model and analysis. Most studies (90%) 
assessed covariate imbalances before conducting the 
PS analysis. Of those, 86% noted pre-PS imbalances. 
About 13% of studies did not report how the PS model 
was estimated. Most studies (87%) used logistic 
regression to estimate the PS, with 5% of studies 
resorting to statistical model selection. On average, 
seven covariates were used to construct the PS (range: 

3–16). All studies reported a list of these variables, 
but only 21% of studies reported how this list was 
determined: of those, 75% used expert opinion and 
25% used statistical tests. The following variables 
were most commonly used: age, sex, disease dura-
tion, number of relapses in the 12  months prior to 
baseline, Expanded Disability Status Scale (EDSS) 
score at baseline, and treatments at baseline. Magnetic 
resonance imaging-related measures (presence of 
gadolinium-enhancing or cerebral T2 lesions) were 
used in 28% of the studies. About 5% of the studies 
included post-baseline variables (annualized relapse 
rate) in the PS model. Most studies (72%) used PS 
matching, 15% used weighting, and 18% used PS 
regression adjustment. Only one study used stratifica-
tion (with quintiles).

Matching
Table 3 presents the characteristics of the 28 studies 
that used PS matching as the method of analysis. The 
majority of studies (54%) used 1:1 matching. One 
study did not report the matching ratio. Two studies 
did not report the algorithm used to match patients. 
Most studies (93%) used greedy nearest neighbor 
matching. Among these studies, caliper widths varied 
widely, with 7% of studies using a caliper along with 
exact matching on a given covariate (baseline EDSS 
and disease duration). About 29% of studies used a 
caliper but did not report the chosen caliper. Most 
studies implemented matching without replacement 
(64%), although 32% of studies did not indicate 
whether matches were selected with or without 
replacement. On average, the reduction between the 
initial and matched sample size was 46% (range: 2%–
89%). Most studies (75%) used standardized mean 
differences (SMDs) to check post-PS imbalances, and 
43% of studies reported p values based on various 
tests. About 4% of studies did not state if or how post-
PS imbalances were checked. Post-PS imbalances 
were noted in 32% of studies, but only one study took 
action to rectify the imbalances. Only 25% of the 
studies reported using robust standard errors in the 
outcome analysis.

Weighting
Six of the 39 studies (15%) used weighting. Half of 
these studies estimated the average treatment effect 
among the treated, 17% estimated the average treat-
ment effect, and 33% did not report the causal effect 
of interest. About 66% of studies checked post-PS 
imbalances, among which 75% of studies used SMDs, 
and 25% used p values (t-test, Kolmogorov–Smirnov, 
or chi-square). One study used trimming at 2.5% of 
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Table 1.  Characteristics of the 39 included studies.

Variables No studies/total (%)

Publication year  
  2013 1/39 (3)
  2014 1/39 (3)
  2015 8/39 (21)
  2016 5/39 (13)
  2017 7/39 (18)
  2018 14/39 (36)
  2019 (up to July) 3/39 (8)
Data sourcea  
 � MS-specific registry or database 32/39 (82)
  Study-specific database 1/39 (3)
  Claims database 5/39 (13)
 � Healthcare administrative database 1/39 (3)
No. of patients enrolled  
  Median [Q1–Q3] 951 [563–2557]
  Mean [Min.–Max.] 2,012 [92–12,042]
No. of treated patients  
  Median [Q1–Q3] 428 [191–756]
  Mean [Min.–Max.] 897 [37–11,657]
No. of control patients  
  Median [Q1–Q3] 455 [268–985]
  Mean [Min.–Max.] 831 [49–6605]
Minimum treatment exposure or follow-up period eligibility criteria
  Yes 26/39 (67)
  No 13/39 (33)
Treatments under considerationb  
  Interferon-β 10/39 (26)
  Glatiramer acetate 3/39 (8)
  Dimethyl fumarate 7/39 (18)
  Fingolimod 22/39 (56)
  Teriflunomide 2/39 (5)
  Natalizumab 15/39 (38)
  Alemtuzumab 2/39 (5)
  Mixed treatmentsc 13/39 (33)
  Otherd 9/39 (23)
No. primary outcomes  
  Single 23/39 (59)
  Multiple 12/39 (31)
  Not specifiede 4/39 (10)
No. secondary outcomes  
  None 6/39 (15)
  1 7/39 (18)
  2–5 18/39 (46)

  >5 8/39 (21)

Max.: maximum, Min.: minimum, No.: number, Q1: first quartile, Q3: third quartile.
aMS-based registries or databases were iMED (4), MSBase (12), Tysabri Observational Program (2), CLIMB (1), and country-
specific registries (France, USA, Austria, Canada, Denmark, Italy, Germany, Sweden, Switzerland).
bStudies that compared two formulations of the same DMT (e.g. interferon beta-1a and -1b) counted once toward that DMT.
cStudies where one comparison group included multiple DMTs, for example, BRACE (Betaseron (interferon beta-1b), Rebif 
(interferon beta-1a), Avonex (interferon beta-1a), Copaxone (Glatiramer acetate), and Extavia (interferon beta-1b)).
dNo treatment (5), cladribine (1), and rituximab (1).
eFour studies had secondary outcomes but did not specify the primary outcome.
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each tail as a sensitivity analysis; no other study 
reported using trimming or truncation. Only one study 
used stabilized weights. Only 33% of the studies 
reported using robust standard errors.

Discussion
PS methods are particularly appealing for comparative 
effectiveness studies in MS given the increasing avail-
ability of non-experimental data. The objective of this 
study was to review the use and quality of reporting of 
PS methods in the recent MS literature. We identified 
39 comparative effectiveness studies using PS meth-
ods published between 2013 and 2019. We summa-
rized the extracted data in terms of the general 
characteristics of the studies, the estimation of the PS, 
and the resulting PS adjusted analysis. We observed 
some good practices that are followed by MS research-
ers using PS approaches; for example, the list of con-
founders used to construct the PS model was always 
reported, most of the studies that used PS matching 
reported the algorithm used to match patients, and 
post-PS imbalance checking was conducted by most 
studies, often with SMDs. However, many other 
essential aspects of the reporting of PS methodology 
were not optimal within the MS literature. Here, we 

summarize the found gaps in the use and reporting of 
PS methods and derive a few general and MS-specific 
recommendations.

Table 2.  Reporting of propensity score analysis in 39 
studies.

Characteristics No studies/total 
(%)

Baseline imbalances noted pre-PS  

  Yes 30/39 (77)

  No 5/39 (13)

  Not reported 4/39 (10)

PS model  

  Logistic regression 34/39 (87)

  Not reported 5/39 (13)

No. of variables to estimate the PS  

  Median [Q1–Q3] 7 [6–9]

  Mean [Min.–Max.] 7 [3–16]

Inclusion of non-baseline variables 
in the PS

 

  Yes 2/39 (5)

  No 37/39 (95)

PS methoda  

  Matching 28/39 (72)

  Weighting 6/39 (15)

  Stratification 1/39 (3)
  Adjustment 7/39 (18)

Max.: maximum, Min.: minimum, No.: number, PS: 
propensity score.
aThree studies used two methods.

Table 3.  Characteristics of 28 studies that used matching 
within the 39 studies reviewed.

Characteristics No. studies/28 (%)

Matching ratioa  

  1:1 15/28 (54)

  1:2 3/28 (11)

  1:3 3/28 (11)

  Variableb 7/28 (25)

  Not reported 1/28 (4)

Matching algorithm  

  Greedyc 26/28 (93)

  Not reported 2/28 (7)

Caliper  

  0.1 or less 15/28 (54)

  0.2 1/28 (4)

  Proportion of SDsd 4/28 (14)

  Not reported 8/28 (29)

Use of replacemente  

  With replacement 2/28 (7)

  Without replacement 18/28 (64)

  Not reported 9/28 (32)

Reduction of matched sample size  

  <  25% 5/28 (18)

  25–50% 12/28 (43)

  50–75% 7/28 (25)

  >  75% 4/28 (14)

Method to assess balancef  

  SMD 21/28 (75)

  p valueg 12/28 (43)

  Otherh 1/28 (4)

  Not reported 3/28 (11)

Post-PS imbalances noted  

  No 18/28 (64)

  Yes 9/28 (32)
  Not reported 1/28 (4)

PS: propensity score, SMD: standardized mean difference.
aOne study used 1:1 and 1:2 matching in two separate analyses.
bVariable ratios ranged from 1:1 to 1:10.
cOne study combined greedy matching with other algorithms 
(Kernel, radius).
d0.01 SD (SD), 0.25 SDs (1), 0.3 SDs (1), 0.5 SDs (1).
eOne study used both with and without replacement to 
construct two separate matched cohorts.
fSome studies used more than one method to assess balance.
gp values were based on t-tests, McNemar tests, Wilcoxon 
signed-rank tests, chi-square tests, Fisher exact tests, 
Mann–Whitney U tests or logistic regression. One study did 
not report which tests were used to derive p values.
hComparison of summative and average distances of the PS in 
the two treatment groups between the unmatched and matched 
samples.
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Areas of poor reporting
In many studies, the reporting of how the PS model 
was derived and estimated often lacked details. 
Although all studies reported the list of confounders 
that were included in the PS model, 79% of studies 
did not state how this list was obtained. Authors 
should provide enough information about why they 
included the selected confounders, for example, 
from the opinion of an expert in the domain or fol-
lowing findings in other studies. Over-reliance on 
statistical tests for variable selection should be dis-
couraged in general because different sample sizes 
will result in different covariates being selected 
based on p values.7,8 Most studies reported fitting the 
PS model with a logistic regression but did not indi-
cate how the model was specified, that is, with only 
main-effects, or whether polynomial terms and inter-
actions were included in the model. Also, basic veri-
fications of the fitted PS model were rarely reported; 
visual assessments of the overlap of the distribution 
of the fitted PS by treatment groups should be per-
formed, for example, with boxplots, histograms, or 
density plots.9 Assessments of the positivity assump-
tion should be explicitly reported, for instance, by 
inspecting the fitted PS directly or by noting con-
founders with no occurrence or low frequency in one 
of the treatment groups. Unfortunately, zero-cell 
issues were clearly noticeable in 13% of the studies 
under consideration.

Our review found a high proportion of PS matching 
studies that checked post-PS imbalances (96% of 
studies). This assessment is an essential aspect of 
quality reporting in PS methods. However, we found 
that 25% of studies that used PS matching did not 
report SMDs. Generally, the strategy to correct for 
those post-PS imbalances is to first improve the PS 
model. If balance on some covariates still cannot be 
achieved, then the imbalanced covariates should be 
included in the outcome regression model.10 However, 
it was not clear if this was done for the studies with a 
high imbalance (e.g. studies with SMD > 0.2). Also, 
post-PS imbalances were less often checked in studies 
that used weighting (66%); SMDs should be used to 
assess balance in the weighted samples as well.

Most studies did not report how they handled miss-
ing data in their analysis. Among the few studies 
which reported missing data analyses, the majority 
presented ad hoc or single imputation approaches, 
which suffer from known statistical limitations11 
(see Supplementary Discussion). Suboptimal han-
dling of missing data may affect the results from a 
PS analysis as it would affect any other types of 
analyses.

Post-baseline covariates
Adjustment with post-baseline covariates in PS mod-
els is highly discouraged, as confounders can only 
affect the treatment assignment if they are measured 
before or at the time of treatment decision. Post-
baseline variables are likely an effect of the treatment 
or worse, a mediator—adjusting for either of such 
variables has serious statistical consequences.12 One 
possible explanation could be that the researchers 
considered the post-baseline variable as a proxy for 
an important known but unmeasured pre-baseline 
covariate and hence adjusted for it to get an approxi-
mate treatment effect estimate.13 We found that 5% of 
studies included such post-baseline covariates in their 
PS models to adjust for potential imbalances between 
the treated and control groups. However, even in this 
case, the direction of bias for the treatment effect esti-
mate would be hard to guess without additional infor-
mation regarding the relationship between that 
important unmeasured variable and the proxy varia-
ble.7 Results from such analyses should be interpreted 
with caution. MS DMTs usually require sustained 
treatment strategies (i.e. exposure over time), whereas 
standard PS approaches are not capable of handling 
time-varying variables, and more useful for point 
treatment strategies.14 Unfortunately, only a few pub-
lished works within MS literature have considered 
applying more appropriate longitudinal time-depend-
ent analyses approaches for sustained treatment strat-
egies, which have the ability to appropriately adjust 
for post-baseline variables as well as time-varying 
exposure.15,16

Comparison with other disease areas
We compared our findings to similar reviews in 
other disease areas to highlight features specific to 
MS (see Supplementary Methods). Our comparison 
highlighted a few encouraging practices in MS 
research. The use of p values to check post-PS 
covariate balance is lower in MS than in other dis-
ease areas, but it remains high. It is generally rec-
ommended to check covariate balance with SMDs 
instead of p values from conventional statistical 
tests. Our comparison also highlighted some prob-
lems specific to MS. For example, our review had 
the lowest median number of covariates included in 
the PS model. One argument could be that MS 
researchers were presumably more careful in select-
ing confounders for their analysis. One could also 
argue that there are fewer factors in MS that con-
found the relationship of interest compared to other 
disease areas. However, it is not possible to assure 
the readers whether either was the case, as most 
reviewed studies did not report how they have 
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selected the covariates to include in the PS model. 
However, researchers argue that some notable con-
founders or outcome measures helpful in guiding 
MS treatment decisions are not adequately or 
routinely measured in MS-based registries and 
cohorts.17 Even though the omission of important 
confounders likely leads to biased treatment effect 
estimates (e.g. due to apparent violation of the con-
ditional exchangeability assumption), most studies 
in our review (64%) did not formally assess the 
influence of unmeasured confounding, for example, 
via Rosenbaum bounds.

Reproducibility and generalizability
Lack of clarity in the reporting of PS analyses may 
have serious implications for research in MS. Failure 
to clearly report the methodology utilized may 
increase the risk that the results of such studies are 
misinterpreted. For example, we found that 77% of all 
studies did not indicate if standard errors were calcu-
lated with a robust approach. Consequently, in those 
studies, the reliability of the reported confidence 
intervals for the treatment effect is unclear. Lack of 
transparency and relevant details in a manuscript also 
makes it difficult to reproduce the results. Inadequate 
reporting may, in turn, affect subsequent research and, 
ultimately, clinical practice.

In our review, we found that 39% of the studies 
deleted at least 50% of the study subjects while 
matching. Such drastic reductions in sample sizes 
may impact the precision of the results. Furthermore, 
selectively excluding a subset of the target popula-
tion may also impact the generalizability or external 
validity of the study. In such analyses, the resulting 
underlying target population may have been reduced 
to a very specific sub-population, and the estimated 
treatment effect may not be generalizable to the orig-
inal target population. From an opposing perspec-
tive, sacrificing external validity (deleting a large 
number of subjects) could be seen as a necessary 
step for achieving internal validity. In such a situa-
tion, for the sake of generalizability, it might be 
advisable not to use matching as the primary analy-
sis but rather to explore alternative PS approaches 
that do not require such extreme measures.18,19 
Researchers should not feel obliged to use one spe-
cific approach and should perform necessary sensi-
tivity analyses to validate the study findings. A 
related issue for such observational studies is 
whether this target population is clearly reported. In 
the absence of a clear definition of the target popula-
tion, the concept of generalizability is lost, regard-
less of the quality of the PS methodology.

Limitations
Our review has some limitations. First, it was chal-
lenging to evaluate precisely how the PS analyses 
were performed based on the published material. If the 
researchers did not clearly report the necessary PS 
model development and diagnostic steps in their arti-
cle, it was not possible to assess whether they correctly 
executed the analysis. For example, details about 
graphical inspections of the overlap of the distribu-
tions of the estimated PS between the two treatment 
groups were rarely shown.20 Second, the PS estimation 
methodology was often reported with some important 
details omitted (e.g. especially when reported as a sen-
sitivity analysis), preventing the extraction of relevant 
information that would be helpful for understanding 
the analytical choices. For example, it was often diffi-
cult to identify if the PS model was formed with main-
effect terms only or if polynomial or interaction terms 
were also considered.

Conclusion
PS methods are increasingly used in comparative effec-
tiveness studies in the MS literature. While our review 
highlights some good practices in the use and reporting 
of PS methods in MS, there are rooms for improvement 
in designing methodologically rigorous studies and 
reporting crucial information in order to enhance repro-
ducibility and generalizability. The development of 
MS-specific guideline for the use and reporting of PS 
methods would be helpful to aid in the appropriate 
applications of PS methods and ensure transparency.
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