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SUMMARY

Matching is a common method of adjusting for confounding in observational studies. Studies in
rare diseases usually include small numbers of exposed subjects, but the performance of matching
methods in such cases has not been evaluated thoroughly. In this study, we compare the performance
of several matching methods when number of exposed subjects is small. We used Monte Carlo
simulations to compare the following methods: Propensity score matching (PSM) with greedy or
optimal algorithm, Mahalanobis distance matching, and mixture of PSM and exact matching. We
performed the comparisons in datasets with six continuous and six binary variables, with varying
effect size on group assignment and outcome. In each case, there were 1,500 unexposed subjects and
a varying number of exposed: N = 25, 50, 100, 150, 200, 250, or 300. The probability of outcome
in unexposed subjects was set to 5% (rare), 20% (common), or 50% (frequent). We compared the
methods based on the bias of estimate of risk difference, coverage of 95% confidence intervals for
risk difference, and balance of covariates. We observed a difference in performance of matching
methods in very small samples (N = 25-50) and in moderately small samples (N = 100-300). Our
study showed that PSM performs better than other matching methods when number of exposed
subjects is small, but the matching algorithm and the matching ratio should be considered carefully.
We recommend using PSM with optimal algorithm and one-to-five matching ratio in very small
samples, and PSM matching with any algorithm and one-to-one matching in moderately small
samples.
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1. Introduction
The generation of an appropriate comparator group is
a challenge for many studies related to epidemiology,
health care, benefit assessment, and the costeffectiveness of treatments. The potential exists to
establish a comparator group from either secondary
data, historical groups or meta analyses. The number of
studies using propensity score matching (PSM) for this
purpose is increasing, with the number of publications
using these methods increasing from 432 in 2010 to
3,335 in 2018 (1).
Studies of rare diseases often include comparisons
between two or more groups, at least one of which
has a small sample size. Such comparisons are subject
to confounding and the consequent biases that are
generated. Confounding is present when subjects'
characteristics, both observed and unobserved, are
not randomly imbalanced between two comparison

groups (2). In randomized controlled trials, the balance
(or imbalance due only to chance) of characteristics
is usually achieved in the study design stage, when
the two groups are randomized before treatment
assignment. In observational studies, it is impossible
to achieve this balance before the group assignment,
and accounting for it in the analysis stage is therefore
necessary.
Confounding in comparison analyses can be
reduced in a number of ways, such as by regression
adjustment, stratification, or matching (3) or by a
combination of two methods (4). Regression adjustment
is a common method, which adjusts for confounding
by directly including the confounding covariates in
the regression model. Another method of confounding
adjustment involves stratifying the observations into
groups based on the fixed values of a confounder, so
that the values of the confounder do not vary within
each group. The analyses are performed separately in
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each of the stratified groups, and the results are then
combined. Lastly, adjusting for confounding in large
observational studies can be achieved by matching,
where similar exposed and unexposed subjects are
matched, and the analysis is performed on the matched
exposed and unexposed subjects only. One common
method for matching the observations is PSM (2).
In this method, exposed and unexposed subjects are
matched on a similar propensity score, which is the
probability of being exposed given the values of other
covariates. As with all the methods for adjusting for
confounding, PSM is based only on a subject's observed
characteristics. That is, PSM can only adjust for
characteristics included in the propensity score model,
and it is sensitive to how the propensity score model is
specified.
Various aspects of PSM have been studied in the
past; however, most of the studies on and using the
method have involved datasets with large samples (5,6).
Studies have also been conducted to gain more specific
details about matching, such as the advantages of oneto-many matching in PSM (7) or the ideal caliper
widths in PSM (8). However, to our knowledge, the
performance of PSM in small samples has only been
scarcely studied (6,9,10). A recent study by Cottone
(11) explored the advantages of combining propensity
score methods (matching, stratification, and weighting)
with regression adjustment. Austin (12) performed one
of the most detailed studies on propensity-score-based
matching in small samples, in which several propensityscore-based matching methods were compared to
one another. None of the previous studies, however,
including the studies by Cottone (11) and Austin (12),
has compared the performance of PSM methods in
small samples to matching methods that are not based
on propensity scores, and no study has assessed the
performance of matching methods across different
outcome rates. In addition, no studies have been carried
out with small samples examining the sensitivity of
various matching models to unobserved confounding.
Statistical methods have been developed to provide
unbiased results under certain assumptions, such as
appropriate variable distribution or adequate sample
size (13). Those assumptions are especially likely to
be violated in studies with small sample sizes, and
the methods used in such studies should be carefully

considered (14-17). Matching observations from small
samples can pose some unique problems that might not
exist in matching larger datasets. First, because of the
small sample size, building a propensity score model
that takes into account all the relevant variables might
be difficult. Furthermore, if a propensity score model
is not specified correctly or does not include all the
variables associated with the outcome, then the bias in
the results might not be lessened using PSM. Second,
there has recently been a discussion about whether
PSM increases or decreases the balance in matching
variables (18,19), but the balance in these variables has
not been studied in small samples. Since PSM does not
balance the sample on individual variables, but on an
overall score, it is possible that in small samples, the
overall balance of the samples will not be achieved.
Finally, in small samples, the outcome rate should
possibly influence the analysis method that is used.
Outcomes with low rates of occurrence can result in a
small number of outcomes observed, thus making the
analysis highly sensitive to analysis methods.
In this study, we evaluate the performance of PSM
when the number of exposed subjects is small, and we
compare it to performance of matching methods that
are not based on propensity scores or not based only on
propensity scores. We examine the performance of each
of the methods in several different scenarios in terms of
sample size and outcome rate. Lastly, we examine the
effect that unobserved confounding has on the results
from each matching method.
2. Materials and Methods
We used a series of Monte Carlo simulations (20) to
compare the performance of different matching methods
when the number of exposed subjects is small. Each
simulated dataset included one binary outcome and
12 covariates, 6 of which were continuous and 6 of
which were binary. We evaluated the performance
of seven matching methods, which are described in
Table 1. Briefly, four of the matching methods were
based on propensity score distance, with two of them
using greedy and two of them using optimal matching
algorithms. Two of the methods were based on the
Mahalanobis distance. The last method was based
on a mixture of PSM with a greedy algorithm for

Table 1. The list of matching methods evaluated in the study
Method

Distance Measure

Variables included

Matching Algorithm

Matching Ratio

1
2
3
4
5
6
7

Propensity Score
Propensity Score
Propensity Score
Propensity Score
Mahalanobis
Mahalanobis
Propensity Score
Exact

All
All
All
All
All
All
Continuous
Binary

Greedy
Greedy
Optimal
Optimal
N/A
N/A
greedy
N/A

one-to-one
one-to-five
one-to-one
one-to-five
one-to-one
one-to-five
one-to-one

www.irdrjournal.com

81

Intractable & Rare Diseases Research. 2020; 9(2):79-88.

continuous covariates and exact matching for binary
variables. For three of the methods, we assessed both
one-to-one matching, where each exposed subject is
matched to only one unexposed subject, and one-tofive matching, where each exposed subject is matched
to five unexposed subjects. All matching algorithms
were assessed without replacement, meaning that each
unexposed subject can be matched to only one exposed
subject.
2.1. Description of the matching methods
Propensity score matching identifies pairs of exposed
and unexposed subjects based on propensity score and
not based on any specific variable value. Propensity
score is the probability of a subject being exposed based
on its characteristics (2). Two algorithms are commonly
used to determine how exposed and unexposed subjects
should be matched based on propensity score (12):
1). Greedy algorithm. Here, an exposed subject is
matched to an unexposed subject with a propensity
score closest to that of the exposed subject.
2). Optimal algorithm. Here, all matched pairs
are formed by minimizing the average within-pair
difference of propensity scores.
Mahalanobis distance matching (3,21) is another
matching method that considers the overall distance
between subjects, not the values of individual variables.
This distance measurement is based on the Euclidean
distance between two observations, and it takes into
account the variance-covariance matrix (Ʃ). The
Mahalanobis distance between two observations i and j
with covariate vector x is defined as follows:
d2 (i,j) = (xi - xj)T Ʃ-1 (xi - xj)
Exact matching (3) is a method that examines the
value of each variable, and it matches subjects only
when they have the exact same values for matching
variables. This method is most commonly used for
discrete variables.
2.2. Description of the Monte Carlo simulations
We based the design of our study on previous studies
by Peter Austin (8,12); however, we adapted it to our
research question. The specific details for covariates
and outcome simulations are presented below.
2.2.1. Covariates
For each observation, we generated six continuous
variables and six binary variables with values of either
0 or 1. For the unexposed subjects, each continuous
variable was drawn from an N(0,1) distribution. For the
exposed subjects, variables X1 - X3 were drawn from an
N(0,1) distribution, and variables X4 - X6 were drawn

from an N(0.5,1) distribution. Furthermore, all the
binary variables for the unexposed subjects were drawn
from Bin(1,0.5) distribution, whereas for the exposed
subjects, variables X7 - X9 were drawn from a Bin(1,0.5)
distribution, and variables X10 - X12 were drawn from
a Bin(1,0.75) distribution. The reason for choosing
different variable distributions between exposed and
unexposed subjects was to simulate confounding. If the
distribution of a variable is different for exposed versus
unexposed subjects, and if the variable is associated with
the probability of the outcome, then such a variable is
considered to be a confounder.
2.2.2. Outcome
We generated a binary outcome for each observation
based on the values of the covariates. Binary outcomes
are common outcomes in observational healthcare research. Some examples of binary outcomes
include mortality, the presence or development of a
comorbidity (e.g. cancer or heart disease), the presence
or development of a symptom (e.g. pain), and hospital
readmission. We assumed the following logistic
regression model that relates the probability of outcome
(Y) to the covariates (X 1 - X 12) and the assignment
variable (exposed: T = 1; unexposed: T = 0).
logit (pi,outcome) = α0,outcome + βTi + αNX1,i + αMX2,i
+ αHX3,i + αNX4,i + αMX5,i + αHX6,i
+ αNX7,i + αMX8,i + αHX9,i + αNX10,i
+ αMX11,i + αHX12,i
The regression coefficients were set to reflect no effect,
a medium effect size, and a high effect size:
αN = log (1), αM = log (1.25), αH = log (2).
Here, α0,outcome was estimated three times using a Monte
Carlo iterative process and bisection method (22), so
that the probability of outcome in unexposed subjects
was one of the following: 5% (rare outcome), 20%
(common outcome), or 50% (frequent outcome). In
addition, β was estimated using a separate Monte Carlo
iterative process and bisection method (22), so that
the risk difference between exposed and unexposed
subjects equaled 0.1.
2.2.3. Monte Carlo simulations
We used a complete factorial design in which two factors
are allowed to vary: the number of exposed subjects
and the probability of outcome among the unexposed
subjects. We randomly generated datasets with size
1,500+N. In each case, there were 1,500 unexposed
subjects and a varying number (N) of exposed subjects:
N = 25, 50, 100, 150, 200, 250, or 300. This led to final
datasets (exposed and unexposed subjects combined)
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with sample sizes varying from 1,525 to 1,800. The
results from any method with a one-to-five matching
ratio when N = 300 are equivalent to those without
matching, since in this case, one-to-five matching
will include all exposed and unexposed subjects. This
scenario is included in the study to illustrate the general
significance of matching. Next, we generated 1,000
samples from each of the 1,500+N observations, with
error term ~N(0,1). We calculated the probability of
outcome (pi,outcome) using the logistic regression model
above, and we then used the probability to generate the
outcome for each observation from binary distribution
Bin(1,pi,outcome).
2.3. Analysis
Once the datasets were generated, we applied the seven
matching methods described above in each of the 1,000
samples of each scenario. We used all 12 covariates in
the estimation of the propensity score model and the
Mahalanobis distance. In each matched sample, we
estimated the following characteristics:
Bias of the estimate of risk difference. We estimated
the prevalence of the outcome both in exposed and
in unexposed subjects in each matched dataset and
calculated the difference between them. The overall
bias of the estimate was the difference of mean of this
measure across the 1,000 samples and 0.1 (the risk
difference set by simulations).
Balance. we calculated the mean of absolute values
of standardized difference between exposed and
unexposed subjects across all the variables. The overall
balance was the mean of this measure across the 1,000
samples. This measure of balance was introduced by
Austin (23) and is defined as follows:

Coverage. For each matched dataset, we determined
whether the 95% confidence interval for risk difference
contained the true risk difference (24) (0.1). The overall
coverage was the percentage of 1,000 samples in which
the 95% confidence interval included 0.1.
The simulations were conducted using SAS software
(25), and the matching was performed using MatchIt
(26,27) R package.
3. Results
3.1. Bias
We observed three noteworthy points when examining
the bias of estimated risk difference across different
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outcome rates and sample sizes of the exposed subjects.
First, the baseline outcome rate was a factor in how
different matching methods performed when estimating
the risk difference between exposed and unexposed
subjects (Figure 1). When the outcome was rare (5%),
the differences in the bias of estimated risk difference
were smaller between the methods studied than when
the outcome was frequent (20%) or common (50%). The
outcome rate also seems to affect whether the methods
lead to overestimation or underestimation of the risk
difference. When the outcome was rare, all methods led
to overestimation of the risk difference, and when the
outcome was common or frequent, five of the matching
methods (propensity score methods using one-to-five
matching, Mahalanobis distance methods, and the
mixture of propensity score and exact matching methods)
also consistently overestimated the risk difference.
While PSM methods with one-to-one matching did not
necessarily estimate the risk difference exactly, they did
not consistently overestimate or underestimate it.
Second, the more common the outcome, the largest
the bias in risk difference for fully matched samples.
That is, in one-to-five matching with 300 exposed
subjects, which is equivalent to no matching at all, the
bias was largest for the frequent outcomes and smallest
for the rare outcomes (Figure 1).
Third, a difference in the performance of methods was
found in very small samples (25-50 exposed subjects)
and in moderately small samples (100-300 exposed
subjects). In very small sample sizes, no method was
found that clearly outperforms all others. Mahalanobis
distance matching using one-to-five matching led to
the largest bias in very small samples, independent of
outcome rate. Moreover, all the propensity-score-only
methods performed similarly in very small samples,
and there is some indication that propensity score oneto-five matching with the optimal algorithm performed
especially well in the smallest samples (N = 25) (Figures
1 and Figure 2). The mixture of propensity score and
exact matching did not perform as well as propensityscore-only matching methods in very small samples.
In the moderately small samples, PSM with a
one-to-one ratio, with either an optimal or a greedy
matching algorithm, resulted in smaller bias than any
other matching method. Furthermore, the mixture
of propensity score and exact matching performed
better than the Mahalanobis methods or any one-tofive matching methods, but not better than propensityscore-only one-to-one matching methods (Figures 1
and Figure 2). In addition, independent of outcome rate,
the performance of propensity-score-only one-to-one
matching methods and a mixture of propensity score
and exact matching methods were better in moderately
small samples than in very small samples, which was
not true for other matching methods (Figure 1). Finally,
similar to very small samples, the bias was also the
largest for one-to-five Mahalanobis distance matching
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Figure 1. The bias of risk difference across different samples sizes of exposed subjects and different matching methods when outcome is
rare (panel A), common (panel B), and frequent (panel C).

in moderately small samples.
3.2. Balance
As with the bias of estimated risk difference, the
method that leads to the best balance differs between
very small samples of exposed subjects (N = 25–50)
and moderately small samples (N = 100–300). In very
small samples, all propensity-score-based matching

methods performed similarly well, with the exception of
propensity score one-to-one matching with an optimal
algorithm. In moderately small samples, similar to bias
in most cases, propensity score one-to-one matching,
with either optimal or greedy algorithm, lead to the best
balance between exposed and unexposed subjects. All
the matching methods with one-to-five matching result
in worse balance, especially as the sample size increases
(Figure 3).
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Figure 2. The bias of estimated risk difference when number of exposed subjects is 25 (Panel A), and when number of exposed subjects is
200 (Panel B). The bias is evaluated across different outcome rates and different matching methods.

Figure 3. The balance of covariates in matched datasets, defined as mean standardized difference. The balance is evaluated across different
sample sizes and different matching methods.
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3.3. Coverage
In very small samples, all of the matching methods
result in 95% confidence intervals that include the
true risk difference between 83.2% and 91.8% of the
time. Overall, methods based on propensity score only

perform better than other methods, especially as the
sample size increases. In very small samples, methods
with one-to-five matching ratio outperformed methods
with one-to-one matching ratios (Figure 4).
As the number of exposed subjects increased,
increasing the matching ratio led to a loss of accuracy.

Figure 4. The coverage of matching methods, defined as percent of matched datasets in which the 95% confidence intervals contains the
true risk difference, when outcome is rare (panel A), common (panel B), and frequent (panel C). The coverage is evaluated across different
sample sizes and different matching methods.
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Therefore, for the moderately small samples, the
coverage was the best when using one-to-one PSM, in
which case the 85% confidence intervals (CIs) included
a true risk difference between 85% and 90%. Finally,
across all sample sizes of exposed subjects, the mixture
of propensity score and exact matching resulted in
worse coverage than propensity-score-only matching
methods (Figure 4).
4. Discussion
In this study, we used Monte Carlo simulations to
evaluate and compare the performance of several
matching methods for a small sample of exposed
subjects. The methods we considered were based on
propensity scores, the Mahalanobis distance, and a
mixture of propensity score and exact matching. We
considered a combination of continuous and binary
variables, various baseline outcomes rates, and various
numbers of exposed subjects in a dataset.
Our study demonstrates that differences exist in the
performance of matching methods between very small
samples (N = 25-50) and moderately small samples
(N = 100-300). Based on the results of our study, we
conclude that in very small samples, PSM still performs
better than matching based on the Mahalanobis
distance; however, there are still differences between
PSM algorithms and ratios. Depending on the goal
of the matching analysis, different methods might be
considered. Both algorithms in one-to-one matching
lead to a relatively small bias, and some evidence
was found that in very small sample sizes, one-tofive matching with an optimal algorithm results in the
smallest bias. The mixture of propensity score and
exact matching does not perform as well as methods
that include both continuous and binary variables in the
estimation of propensity scores, and it should therefore
not be used in studies with very small samples.
Furthermore, propensity score one-to-one matching
with an optimal algorithm results in a relatively high
imbalance in the distribution of covariates, but the
greedy algorithm in one-to-one matching performs
better. Propensity score one-to-five matching results
in the highest coverage when the number of exposed
subjects is very small. Therefore, if the goals of the
matching are to decrease the bias of estimated risk
difference, increase the balance in covariates, and
increase the coverage of 95% confidence intervals in
very small samples, then propensity score one-to-five
matching with an optimal algorithm should be used.
In moderately small samples, PSM with an optimal
algorithm performs similarly to PSM with a greedy
algorithm, and they both perform better than matching
on the Mahalanobis distance. In addition, one-toone matching leads to a smaller bias of estimated risk
difference, better balance, and better coverage than oneto-five matching. The poor performance of one-to-five
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matching in moderately small samples is likely a result
of the lack of high-quality matches once the sample size
of exposed subjects increases. Nonetheless, propensity
score one-to-one matching is the better method in
moderately small samples.
Our study also demonstrates that the baseline
outcome rate affects the size of the bias in estimated
risk difference, but it does not necessarily influence
which method performs best compared to others. The
more important factor in distinguishing between the
methods is the number of exposed subjects.
Our results are similar to other studies that have
suggested that there is no clear best-matching method.
Fullerton et al. assessed the performance of propensityscore-based methods and exact matching methods
in terms of balance (28). While their study was not
performed using small samples, it concluded that the
best method is sensitive to the definition of balance,
and they recommended that best practice would be to
include the application of several matching methods.
Moreover, a study by Baser examined the performance
of different PSM methods (29) in a large sample; it
also concluded that no superior method exists and
that sensitivity analysis should be used. In one of the
rare studies with small samples, Pirracchio found that
PSM matching methods lead to unbiased results for
estimating marginal odds ratios (9). Our study builds on
these conclusions and demonstrates that there is no one
superior propensity-score-based matching method in
small samples, but that any such method is better than
the Mahalanobis-distance-based method or a mixture of
propensity score and exact matching methods.
One other important point in analyzing matching
samples is the statistical significance. Our study
suggests that, as expected, one-to-five matching can lead
to a higher bias than one-to-one matching. However,
the higher number of subjects in a comparison sample
increases the accuracy of statistical comparisons, as
revealed by the increased coverage of one-to-five
matching in very small samples. This increase in
coverage might be more important in studies with a
small number of exposed subjects than in larger studies.
In small samples, variability is a more significant
problem; therefore, adding more observations to the
analysis might have an important impact. Prior studies
have found possible benefits of one-to-many matching
(7,30) and the optimal matching ratio for decreasing
bias but increasing power. Those studies, however, did
not focus on scenarios when samples are very small,
and our finding is thus significant.
While our study explored different scenarios in
terms of sample size and outcome rates, it has several
limitations, and other topics should be studied further.
For example, the optimal caliper width was not studied
in small samples. In such samples, the trade-off between
the percentage of observations matched and the quality
of matches might be different than in large samples. In
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addition, in our study, we did not examine the effects
of including in the propensity score model matching
variables that are not associated with the exposure and/
or outcome. The effect of including variables with little
or no associations should be studied more closely, since
inclusion of variables might have a major impact in
small samples.
Our study has significance in several applications,
such as health-care research; pharmacoepidemiology;
clinical effectiveness studies; and health economics
studies in rare diseases based on nonexperimental
observational studies, secondary data, or registries.
Studies in health-care research can be time and
resource consuming, and often only samples of limited
sizes can consequently be collected. It is important
to ensure that the results and conclusions of those
studies are accurate, as they might lead to significant
policy changes. Similarly, pharmacoepidemiological
studies and research in clinical effectiveness are
also often performed using small groups of patients;
therefore, appropriate methods are imperative to ensure
drug safety. For example, the number of innovative
treatments developed for rare diseases is growing each
year, and an increasing number of them are licensed
on the fast track (31,32). Studies that do not undergo a
regular approval process require subsequent additional
pharmacovigilance, relative effectiveness, and health
economics studies (33). The validity of methods used in
these studies is of high importance.
In conclusion, our study demonstrates that PSM
performs better than other matching methods in
terms of bias in estimating risk difference, coverage,
and balance of covariates, when matching a small
number of exposed subjects to a larger dataset of
unexposed subjects. Based on the results of the study,
we recommend that a higher matching ratio (e.g. oneto-five) be used in very small samples, and a lower
matching ratio (e.g. one-to-one) be used as the sample
size of exposed subjects increases. It is unclear whether
a greedy or an optimal algorithm performs better in
PSM, and our recommendation is that both algorithms
be performed as sensitivity analyses.

5.
6.

7.

8.

9.

10.
11.

12.
13.
14.
15.

16.
17.

Acknowledgements

18.

Dr. John Boscardin is supported by the UCSF Older
Americans Independence Center (P30 AG044281).

19.

References

20.

1.
2.
3.
4.

Clarivate Analytics. Web of Science. https://apps.
webofknowledge.com (accessed July 20, 2019).
Austin PC. An introduction to propensity score methods
for reducing the effects of confounding in observational
studies. Multivariate Behav Res. 2011; 46:399-424.
Stuart EA. Matching Methods for Causal Inference: A
Review and a look forward. Stat Sci. 2010; 25:1-21.
Ho DE, Imai K, King G, Stuart EA. Matching as

21.

22.

nonparametric preprocessing for reducing model
dependence in parametric causal inference. Polit Anal.
2007; 15:199-236.
Austin PC. A critical appraisal of propensity-score
matching in the medical literature between 1996 and 2003.
Stat Med. 2008; 27:2037-2049.
Franklin JM, Eddings W, Austin PC, Stuart EA,
Schneeweiss S. Comparing the performance of propensity
score methods in healthcare database studies with rare
outcomes. Stat Med. 2017; 36:1946-1963.
Austin PC. Statistical criteria for selecting the optimal
number of untreated subjects matched to each treated
subject when using many-to-one matching on the
propensity score. Am J Epidemiol. 2010; 172:10921097.
Austin PC. Optimal caliper widths for propensity-score
matching when estimating differences in means and
differences in proportions in observational studies. Pharm
Stat. 2011; 10:150-161.
Pirracchio R, Resche-Rigon M, Chevret S. Evaluation
of the Propensity score methods for estimating marginal
odds ratios in case of small sample size. BMC Med Res
Methodol. 2012; 12:70.
Hajage D, Tubach F, Steg PG, Bhatt DL, De Rycke Y.
On the use of propensity scores in case of rare exposure.
BMC Med Res Methodol. 2016;16:38.
Cottone F, Anota A, Bonnetain F, Collins GS, Efficace
F. Propensity score methods and regression adjustment
for analysis of nonrandomized studies with health‐related
quality of life outcomes. Pharmacoepidemiol Drug Saf.
2019; 28:690-699.
Austin PC. A comparison of 12 algorithms for matching
on the propensity score. Stat Med. 2014; 33:1057-1069.
Hoekstra R, Kiers HAL, Johnson A. Are assumptions of
well-known statistical techniques checked, and why (not)?
Front Psychol. 2012; 3:137.
Whicher D, Philbin S, Aronson N. An overview of
the impact of rare disease characteristics on research
methodology. Orphanet J Rare Dis. 2018;13:14.
Gagne JJ, Thompson L, O'Keefe K, Kesselheim AS.
Innovative research methods for studying treatments
for rare diseases: Methodological review. BMJ.
2014;349:g6802.
Gupta S, Faughnan ME, Tomlinson GA, Bayoumi AM. A
framework for applying unfamiliar trial designs in studies
of rare diseases. J Clin Epidemiol. 2011; 64:1085-1094.
Cornu C, Kassai B, Fisch R, et al. Experimental designs
for small randomised clinical trials: An algorithm for
choice. Orphanet J Rare Dis. 2013; 8:48.
King G, Nielsen R. Why propensity score should not be
used for matching. Polit Anal. 2019; 27:4.
Ripollone JE, Huybrechts KF, Rothman KJ, Ferguson
RE, Franklin JM. Implications of the Propensity Score
Matching Paradox in Pharmacoepidemiology. Am J
Epidemiol. 2018; 187:1951-1961.
Rubinstein RY, Kroese DP. Simulation and the Monte
Carlo Method: Second Edition. (Balding DJ, Cressie
NAC, Fitzmaurice GM, eds.) John Wiley & Sons, Inc,
Hoboken, NJ, USA, 2007; pp. 62-67
Rubin DB. Bias reduction using mahalanobis-metric
matching. In: Matched Sampling for Causal Effects.
Cambridge University Press, New York, NY, USA, 2006;
pp. 160-166.
Austin PC. A data-generation process for data with
specified risk differences or numbers needed to treat.

www.irdrjournal.com

Intractable & Rare Diseases Research. 2020; 9(2):79-88.
Commun Stat Simul Comput. 2010; 39:563-577.
23. Austin PC. Balance diagnostics for comparing the
distribution of baseline covariates between treatment
groups in propensity-score matched samples. Stat Med.
2009; 28:3083-3107.
24. Morris TP, White IR, Crowther MJ. Using simulation
studies to evaluate statistical methods. Stat Med. 2019;
38:2074-2102.
25. SAS Institute Inc. SAS software. Cary, NC, USA;
26. H o D E , I m a i K , K i n g G , S t u a r t E A . M a t c h I t :
Nonparametric preprocessing for parametric causal
inference. J Stat Softw. 2015; 42:18236.
27. R Foundation for Statistical Computing. R: A language
and environment for statistical computing. http://www.
R-project.org/. (accessed August 16th, 2018)
28. Fullerton B, Pöhlmann B, Krohn R, Adams JL, Gerlach
FM, Erler A. The comparison of matching methods
using different measures of balance: benefits and risks
exemplified within a study to evaluate the effects of
German disease management programs on long-term
outcomes of patients with type 2 diabetes. Health Serv
Res. 2016; 51:1960-1980.
29. Baser O. Too much ado about propensity score models?
Comparing methods of propensity score matching. Value
Heal. 2006; 9:377-385.
30. Rassen JA, Shelat AA, Myers J, Glynn RJ, Rothman KJ,

88

Schneeweiss S. One-to-many propensity score matching
in cohort studies. Pharmacoepidemiol Drug Saf. 2012;
21:69-80.
31. Haffner ME. Adopting orphan drugs — two dozen years
of treating rare diseases. N Engl J Med. 2006; 354:445447.
32. Haffner ME, Whitley J, Moses M. Two decades of orphan
product development. Nat Rev Drug Discov. 2002; 1:821825.
33. Hall AK, Carlson MR. The current status of orphan drug
development in Europe and the US. Intractable Rare Dis
Res. 2014; 3:1-7.
Received February 16, 2020; Revised May 7, 2020; Accepted
May 13, 2020.
*Address correspondence to:
Irena Cenzer, Medizinische Klinik und Poliklinik III, Health
Care Research, Outcomes Research & Health Economics
Marchioninistraße 15, 81377 München, Germany; AND
University of California San Francisco, Division of Geriatrics,
4150 Clement St., San Francisco, CA 94121, USA.
E-mail: irena.cenzer@med.uni-muenchen.de
Released online in J-STAGE as advance publication May 17,
2020.

www.irdrjournal.com

