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Abstract—Case-control studies rely on the fact, that individuals
of the case group are similar to the individuals of the control
group, except for the feature under investigation. However,
measuring the similarity of the case group and the control group
is a complex task. The widely applied statistical methods compare
the distributions of the characteristic features individually or use
dimensionality reduction methods to estimate the similarity of the
two groups. In this paper, three complex dissimilarity measures
are proposed for the evaluation of the degree of similarity of
case and control groups. These measures take all characteristic
features of individuals into consideration at the same time and
do not apply dimensionality reduction. The applicability of the
proposed measures is tested and presented by Monte Carlo
simulations.

Index Terms—similarity measure, multidimensional data set,
cohort comparison, case group, control group, pairing-based
evaluation, distribution-based evaluation

I. INTRODUCTION

Comparative analysis methods [1]–[3] are widely used
methods in observational studies from epidemiology to so-
ciology [4]–[8], and they represent strong evidence based on
their comparative traits [9]. Despite that, they utilize different
methods [10], the basic task of these studies is to create the
two groups which are the basis for the comparison. These
independent groups are the case group, which contains the
individuals who are the subjects of the study, and the control
group which consists of patients who are akin to the members
of the case group for the independent variables (e.g. age,
gender) but differ from them in the subject of the study
(e.g. treated patients vs. untreated patients). The evaluation
of the results of the study is based on the comparison of
the output variable (e.g. the fact of healing) of the two
groups. It is important to emphasize that the similarity of
the two groups along the independent variables is the most
important basis for comparative analyses. If the individuals
of the case and control groups do not resemble each other for
the independent variables, the evaluation of the output variable
may be distorted.
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Generally, study aims determine the case group-selection
process, but the task of control group-selection faces various
difficulties [11], [12]. For this reason, numerous methods have
been described in the literature to perform the control group-
selection task. Some of them use simple randomized sampling,
stratified sampling or any other sampling method [13], [14],
while others utilize the widely used propensity score matching
(PSM) approach [15], [16]. In [17] a control group selection
method based on the n-dimensional distance of the patients
was proposed, and in [18] an outcome-driven approach was
suggested. All aforementioned methods strive to select such
a control group that is similar in certain characteristics and
different in a specific property or properties from the case
group. Although these methods are widespread in case-control
studies, unfortunately, it is not customary to express the
similarity numerically of the two groups in a complex way.

In the literature, two possible approaches are found to
express the similarity of two cohorts. While approaches in
the first group compare the distributions of the independent
variables one by one, methods in the second group aim
to pair the elements of the two groups and evaluate the
similarity of the paired elements. Although these methods
approach the question of similarity based on various aspects,
all have their own limitations. Some of them are able to
evaluate the similarity only for one dimension, others are
unable to handle different types of data, while again others
calculate the similarity not in the original feature space, but
they work in a reduced space and the evaluation is based
on a one-dimensional approximated value. To the best of our
knowledge, there is no such a widely-used method that would
evaluate the similarity of multidimensional case-control group
pairs in their original multidimensional space such a way, that
all characteristic features would have been taken into account
simultaneously.

The purpose of this article is to present such dissimilarity
measures which are able to express the similarities of the case
and control groups without any restrictions. For this reason,
three dissimilarity measures are proposed: two measures for
paired evaluation and one for distribution-based evaluation.
All three suggested measures are able to handle any kind of
data types and express the similarity of the two groups by
taking all characteristic properties into account simultaneously.
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We believe that if we want to select a high-quality control
group, then the indicators representing the similarity of the
two groups must show a high degree of similarity for both
parity-based and distributed-based evaluations. This kind of
evaluation can play a primary role in retrospective studies
since, in these cases, the control group is selected ex-post.

The rest of the paper is organized as follows. Theoretical
background is introduced in Section II. In Section III, the prob-
lem definition is given and the proposed similarity measures
are defined. In Section IV, the applicability of the proposed
measures is demonstrated by Monte Carlo simulations and the
results are presented. At last, Section V gives a summary of
the proposed measures and our experiences.

II. THEORETICAL BACKGROUND

The similarity of two multidimensional groups is not clearly
defined in multidimensional data analysis and therefore, mea-
suring the similarity of case-control group pairs is a complex
and demanding task. However, the classical hierarchical clus-
tering similarity measures (single linkage, complete linkage,
average linkage) [19] reflect the similarity of two sets of
elements, they cannot be used to express the similarity or
dissimilarity rate of the groups of cohort-based studies. On
one hand, they only consider the similarity of one element
pair (single linkage, complete linkage), on the other hand,
they evaluate the similarity of the groups by considering the
similarity between all possible element pairs (average linkage
method). Since the basis for the comparative analysis is that
the two study groups have a similar exposure to independent
variables, the measurement of their similarity must also be
performed by pairing of the elements and by measuring the
distributions of the independent variables.

Consider the following example. There is a case group and
a control group, and the distribution of sexes (male or female)
is 50%-50% in each. Can the two groups be considered similar
when every male but none of the females in the case group
smokes but in the control group the smoking habits are exactly
the opposite? Of course not. In this case, the distribution of
smoking habit is the same, but the paired elements differ from
each other. However, the opposite, where the paired elements
are very similar, but the distributions of the variables are
different in the two groups (e.g. individuals in the control
group are from 1 to 5 years older than their pair in the
case group) may also happen. As it can be seen, we can
only say that the two groups are similar if the distributions
of the predictive variables are similar in the case group and
the control group, and furthermore paired individuals are also
similar to each other. In the following, the measurement of
these basically different similarity aspects are detailed.

On the one hand, the similarities of two cohorts can be
tested generally, without any pairing of the elements. In these
cases, we are talking about distribution-based evaluation. In
the case of distribution-based evaluation, the dispersion of
the values of the features is examined in each dimension,
and the distributions of the same dimensions are compared.
The similarity of the two cohorts can be calculated from the

similarities of the distributions of the dimensions. In practice,
the applied methods in most cases are distribution-based tests
[20], [21] which test the similarity of the distributions of the
samples (e.g. Student’s t-test [22], Kolgomorov-Smirnov test
[23], [24]), but they have their own limitations.

The Student’s t-test is able to compare the means of two in-
dependent samples, but this test assumes that data is normally
distributed and the two populations have the same variance.
Furthermore, this test compares only the mean values of the
data sets, and data sets have to arise from one-dimensional
populations. The Kolgomorov-Smirnov test is also able to
compare two probability distributions. Although it is suitable
to test the equality of any type of continuous distributions,
it’s application is also restricted to the one-dimensional vector
space.

As we can see, using the well-known tests, it is possible to
evaluate the equality of two one-dimensional distributions, but
for higher dimensions they are not applicable [25]. However,
patients of case-control groups are characterized not by one but
many features. In the literature, there have been some solutions
proposed for multidimensional problems as well, but they also
have many limitations. For example, the Hotelling T 2 test
[26] is the multivariate extension of the two-sample Student’s
test. The main limitation of this test is that it assumes that
each population follows the multivariate normal distribution,
making it incapable of handling other types of continuous
distributions and discrete variables. There are similar problems
with the recently published methods as well which aim to test
the mean vectors of two high-dimensional data sets [27]–[29].

On the other hand, the similarity measurement can also be
based on the utilization of some kind of pairing methods. In
case of pairing-based evaluation, the elements of the cohorts
are paired (a pair contains one individual from the case group
and one individual from the control group) and the similarity
of the paired elements is evaluated one by one. The similarity
of the two groups can be calculated as an aggregated value
of the pairwise similarities (i.e. the average or the weighted
average of the pairwise similarities). If the sizes (number of
individuals) of the case and control groups are different, one-
to-many assignment can also be used.

The pairing of the elements from the different cohorts can
be performed in different ways, such as 1-nearest neighbour
assignment or Propensity Score Matching (PSM). The com-
mon feature of these pairing methods is that they pair those
elements together that are most similar to each other based
on the applied similarity measure. The most widely applied
pairing method is the PSM [15], [16]. In case of PSM, the
similarity is measured as the similarity of the one dimensional
propensity scores (PS) values. Those elements are selected
into the control group that have the most similar propensity
scores to the propensity scores of the individuals in the case
group. The PS is an estimation, so similarity is measured in
a lossy compressed 1-dimensional space, not in the original
n-dimensional feature space. When using propensity score
matching methods, the selection of the individuals of the
control group is limited by the maximum dissimilarity rate
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(caliper size). As result, by the use of a propensity score
matching method, we can get a very similar control group
to the case group, but the selection is based on an estimated
value, and the quality of the similarity is not measured.

The utilization of the cross-match test [30] is a very in-
teresting approach, but it is not so popular as the propensity
score matching-based selection. It is a distribution-free testing
method that is based on the adjacency of the individuals. The
adjacency is determined as a non-bipartite matching and the
similarity of the two groups is expressed as the number of
observation pairs: one observation from the first and one from
the second distribution. This interesting idea is really able to
decide whether the two groups of individuals are similar to
each other, but in the case of similar groups, the differences
of the paired individuals are not expressed. However, since
pairing methods are always approximation-based, it would be
important to express the similarity of the paired individuals
quantitatively as well.

In the following, three similarity measures are proposed
to fill the deficiency described above. Two of those pair the
elements of the case group to the elements of the control group
and evaluate the similarity of these paired elements in different
ways, while the third measure is a distribution-based measure.
We believe that by evaluating these measures simultaneously,
data analysts can gain a detailed picture of the similarity of
the groups partaking in the study and of the nature of the
differences between them.

III. MEASURING THE SIMILARITY OF TWO COHORTS

Before defining the proposed dissimilarity measures, let us
formulate the problem. Let A and B be two n-dimensional
cohorts of N elements (A = {a1,a2, . . . ,aN}, B =
{b1,b2, . . . ,bN}). The elements of the cohorts are arising
from the same n-dimensional vector space, that is for each
i (i = 1, 2, . . . , n), dom(Ai) = dom(Bi), where dom(Ai)
yields the domain of the i-th property of the elements of group
A, and dom(Bi) respectively for the elements of group B. The
properties of individuals may be of any type, i.e. they may
be nominal, ordinal, or any type of numerical. Our aim is to
express the dissimilarity of the two cohorts with dissimilarity
measures in the range [0, 1]. The similarity of the two groups
can be calculated as sim(A,B) = 1 − dissim(A,B), where
dissim(A,B) yields the calculated dissimilarity measure of
the two groups.

The proposed measures are partly based on pairing, and
partly on the distribution of dimension values. Since the
pairing of the elements can only be interpreted with the same
or multiple number of elements, in this article we aim to
evaluate basically the similarity of two groups of the same
size. In the following, in the first subsection, the proposed
pairing-based evaluation methods are introduced, while the
second subsection presents a simple similarity measure for
the distribution-based evaluation for all dimensions simulta-
neously.

A. Paired evaluation

Nearest Neighbour Index
One of the proposed measures is the Nearest Neighbour Index
(NNI). NNI measures whether the paired elements are the
closest to each other in every dimension. However, the index
does not measure the distance of the selected pairs along the
given dimension, so it can be considered strict. As element-
pairs can be determined by any kind of matching method, the
index is applicable for any kind of case-control pairing-based
assignment.

The Nearest Neighbour Index is calculated the following
way: the dissimilarity measure is 0 in case of continuous
attributes if the sample-control pair is the closest to each
other on the examined attribute, in any other case it is 0.
The dissimilarity for categorical attributes is 0 if the examined
category values are identical, otherwise it is 0. In case of
nominal values there is no ordinality between the possible
values, so it is acceptable. In case of ordinal attributes we lose
information about the magnitude of difference between the two
values. As the name suggests, Nearest Neighbour Index only
considers perfect correspondence, and the difference between
the values is not measured.

NNI can be formally described the following way:

Dissimilarity for continuous features:

NNIkij =

{
0 if

∣∣aik − bjk∣∣ = min
(
|aik − blk|

)
1 if

∣∣aik − bjk∣∣ > min
(
|aik − blk|

) (1)

for each l = 1, ..., N .

Dissimilarity for categorical features:

NNIkij =

{
0 if aik = bjk
1 if aik 6= bjk

(2)

where NNIkij denotes the Nearest Neighbour Index for ai and
bj elements in the k-th dimension, aik yields the value of the
k-th dimension of ai, bjk analogously for the bj element, and
N is the size of either of the groups.

Nearest Neighbour Index describing the dissimilarity of the
two groups is the average of the dimension-wise dissimilari-
ties:

NNI(A,B) =

∑
(ai,bj)∈P

∑n
k=1NNI

k
ij

nN
(3)

where (ai,bj) ∈ P yields that ai ∈ A and bj ∈ B are matched
case-control pairs, and n is the number of the descriptive
variables.

As previously mentioned, the Nearest Neighbour Index only
considers perfect correspondence, meaning, that the paired el-
ements are closest or identical along the examined dimension,
and it does not take into account the magnitude of difference.
The following measure aims to give a better understanding of
the magnitude of difference of the paired elements, resulting
in a more sophisticated and precise evaluation.
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Global Dissimilarity Index
The main drawback of NNI is that it does not consider
the distance between case-control entity pairs. The Global
Dissimilarity Index (GDI) is meant to mend this weakness.

For nominal attributes the dissimilarity is a function of the
size of the set of values. GDI measures the difference of ranks
for ordinal attributes, and the dissimilarity is a normalized
distance for continuous attributes.

Dissimilarity for continuous features:

GDIkij =

∣∣aik − bjk∣∣
max (slk)−min (slk)

, s ∈ A ∪B (4)

where GDIkij denotes the Global Dissimilarity Index for ai
and bj elements in the k-th dimension, min (slk) is the
smallest value, max (slk) is the highest value along the k-
th dimension, and l = 1, ..., 2N .

Dissimilarity for nominal features:

GDIkij =

{
0 if aik = bjk
1

Mk
if aik 6= bjk

(5)

where Mk is the size of the set of values of the k-th dimension.

Dissimilarity for ordinal features:

GDIkij =

 0 if aik = bjk∣∣∣raik
−rbjk

∣∣∣
Mk−1 if aik 6= bjk

(6)

where raik
yields the ordered rank of the ordinal attribute aik

and rbjk yields the ordered rank of the ordinal attribute bjk.
The calculation of GDI is analogous to the calculation of

NNI (Equation 3).

GDI(A,B) =

∑
(ai,bj)∈P

∑n
k=1GDI

k
ij

nN
(7)

It can be seen, that the Global Dissimilarity Index measures
the magnitude of difference between the values of each dimen-
sion of the paired individuals not just identities if finding the
identical value or the nearest neighbour along the examined
dimension. Although both the Nearest Neighbour Index and
the Global Dissimilarity Index are pairing-based dissimilarity
measures, they approach the question of dissimilarity dif-
ferently. The difference lies in the quality or magnitude of
difference. NNI informs the analysts whether the pair chosen
by their method is the closest possible individual from the
given population, while the GDI qualifies the actual aggregated
difference between the paired individuals. It is important to
note, that in case of nearest neighbour-based pairing methods,
it is possible that not the closest neighbour is chosen as
a pair, but only the second or third nearest neighbour is
selected. This can occur if the candidate individual is the
closest neighbour for more than one individual from the case
group, resulting in a conflict. So, to solve this conflict, one of
the conflicting individuals from the case group has to choose

the next nearest neighbour - if appropriate. The NNI value for
such a case can drastically change, while the change in GDI
is slight, or in some extreme cases, non-existent. This shows
that both measures behave differently but still contain valuable
information regarding the dissimilarity of the examined case
group and control group.

Extension for unpaired cases
There are occurrences where none of the individuals from the
population fit the selection criteria, and thus, cannot be paired
with an individual from the case group. For such unpaired
cases, all of the above-mentioned measures are calculated with
maximal dissimilarity for that non-existent pair.

B. Non-paired evaluation

The aforementioned paired dissimilarity measures calculate
the dissimilarity as pairwise dissimilarities. However, not only
the pairwise dissimilarities are relevant, but the similarities
of the distributions of the characterizing features also have
to be taken into account. For this reason, we also propose a
measure named Distribution Dissimilarity Index (DDI) which
is a distribution-based measure and is based on the histogram
disparities of the case-control groups. DDI is capable of
handling all kinds of data including continuous, nominal and
ordinal.

The absolute deviation of the frequency of each property
value relative to the size of the control group and the number of
characterizing features is the basis of calculation. Continuous
values have to be discretized before calculating the frequency
values. Because the method of discretization (equal width
binning, equal frequency binning, other binning methods)
significantly affect the dissimilarity results, the most suitable
discretization method for the field of the study (e.g. the age
attribute can be discretized based on the population pyramid
in case of healthcare) is recommended for use.

After data preparation, the Distribution Dissimilarity Index
is calculated the following way:

DDI(A,B) =

∑
k

∑
v∈Vk

∣∣fAkv − fBkv∣∣
nN

(8)

where fAkv is the absolute frequency of the v-th category in the
k-th dimension in the case group, fBkv is the absolute frequency
of the v-th category in the k-th dimension in the control group,
Vk is the set of categories along the k-th dimension, and k =
1, ..., n.

We can see, that this general, frequency-based measure does
not assume any distribution along any of the dimensions,
making it adequate to use without any restraints in case of
multidimensional data.

It is important to note, that the dissimilarity value of 0
has different meaning in the two cases. While in the case
of the paired evaluations the dissimilarity value 0 means that
the cohorts A and B contain the same individuals from the
viewpoint of pairing, in the non-paired case it yields only the
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identity of the distributions of the dimensions. The 1 value
in both cases indicates that the two groups differ as much as
possible from each other.

IV. RESULTS

In this chapter, the usability and unique characteristic of
the previously introduced measures are presented and eval-
uated. The evaluation is performed in three different ways.
The precision and sensitivity of the proposed measures are
evaluated first. The second examination compares different
candidate control groups by the use of the proposed similarity
measures, and the third one aims to evaluate the behavior of
the measures in a quasi-real scenario. All evaluations were
performed by Monte Carlo simulations and are described in
detail in the following subsections.

A. Generating data

Evaluation of the suggested measures requires reliable data
sources. Real healthcare datasets do not always hold this cri-
terion or are not publicly available. Thus, a dataset-generator
was implemented to provide a controlled environment for
making deductions. The dataset-generator was implemented
in Python and it is capable of generating the following data
types (in any possible combination): binary Bernoulli random
variable, binomial variable, continuous variable with normal
distribution (by mean and variance, or in range), continu-
ous variable with uniform distribution, and discrete variable
with quasi-uniform distribution. Furthermore, the developed
Monte Carlo simulator is able to execute predefined (research-
dependent) operations on the generated dataset: adding noise
to the data, calculating measures and evaluating results.

Using this simulator it was possible to model any
healthcare-related or other arbitrary datasets, eliminating the
need to use unreliable data sources. As a result, evaluations
happened in a controlled, well-defined environment.

B. Precision and sensitivity to noise

To demonstrate the measures in terms of precision and
sensitivity to noise, a dataset containing a 1000 elements
(representing the individuals) was generated. Each element
was characterized by 2 binary variables (Bernoulli random
variables, ∼B(1, 0.5) and ∼B(1, 0.3)), 2 ordinal variables (a
binomial variable, ∼B(3, 0.5) and a uniform discrete variable
in the range of [0, 5), ∼Udisc(0, 5)), 1 nominal variable
(uniform discrete variable in the range of [0, 4), ∼Udisc(0, 4))
and 3 continuous variables (a uniform variable in the range
of [0, 2), (∼U(0, 2)) and variables with normal distributions
∼N (2, 0.5) and ∼N (1, 2)).

To determine the sensitivity of the measures to noise, the
original dataset along each dimension was distorted with dif-
ferent degrees of noise ranging from 1%to a 100%. The added
noise was attribute-dependent: for binary variables the values
were negated, for nominal and ordinal variables the values
were shifted and aligned for the range, and for continuous
variables the value was changed by at most ±10%.

TABLE I
NNI, GDI AND DDI VALUES FOR THE EVALUATED CASE AND CONTROL

GROUP PAIRS, WHERE THE CONTROL GROUPS WERE DISTORTED WITH
DIFFERENT LEVELS OF NOISE.

Dissimilarity measure

Noise NNI GDI DDI

N
oi

sy
co

nt
ro

l

0% 0.000 0.000 0.000

1% 0.009 0.004 0.003

5% 0.043 0.019 0.008

10% 0.085 0.038 0.015

25% 0.214 0.096 0.036

50% 0.426 0.192 0.054

75% 0.645 0.291 0.080

90% 0.772 0.347 0.091

100% 0.851 0.385 0.097

A total of 9 case group and control group pairs were created
to test the proposed measures: the original, noiseless dataset
and a noisy dataset formed a pair. All case-control group pairs
were evaluated using the proposed measures (NNI, GDI and
DDI). The evaluation results can be seen in Table I.

The presented values in Table I are dissimilarities in the
range of [0, 1]. Smaller dissimilarity values are better. It can
be seen, that the dissimilarity values increase for all three
measures by increasing the amount of noise. However, the
magnitude of the change differs. The change is the largest
in case of NNI. NNI is acutely sensitive to noise and data
dissimilarities as the 0.851 value shows. Total dissimilarity
(meaning that the measured dissimilarity is 1) only exists in
extreme cases where the compared values are at the opposite
ends of the range of the examined variable. DDI is the least
sensitive to noise with a dissimilarity value of 0.097.

C. Comparison of possible control groups

The aim of the second evaluation was to compare the
proposed measures and examine their behaviour for different
candidate control groups. For this purpose, a dataset con-
taining 2000 elements was generated. All individuals were
characterized by 2 Bernoulli random variables (∼B(1, 0.5)
and ∼B(1, 0.5)), 1 ordinal variable in the range of [0, 5)
(∼B(6, 0.5)), 1 ordinal variable in the range of [0, 4)
(∼B(4, 5)), 1 uniform variable in the range of [0, 5) (∼U(0, 5))
and 1 variable with normal distribution (∼N (2, 0.5)).

A case group with size 150 was randomly selected from the
previously generated population. In addition, 8 control groups
with a size of 150 individuals were selected also randomly
from the remaining population. The original dataset was not
distorted with noise, so groups selected by random sampling
define 8 different control groups. The created 8 case-control
group pairs (the first one as a sample and the 8 others as
possible controls) were evaluated by NNI, GDI and DDI. The
results of evaluation can be seen in Table II.

The presented values in Table II are dissimilarities in the
range of [0, 1]. Smaller dissimilarity values are better. Cells
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TABLE II
NNI, GDI, DDI AND SUMMARIZED DISSIMILARITY VALUES FOR THE 8

CASE-CONTROL GROUP PAIRS.

Dissimilarity measure

No. NNI GDI DDI overall

C
on

tr
ol

#1 0.761 0.422 0.061 0.450

#2 0.757 0.409 0.072 0.463

#3 0.762 0.414 0.055 0.285

#4 0.749 0.407 0.068 0.314

#5 0.789 0.426 0.055 0.627

#6 0.783 0.430 0.056 0.633

#7 0.758 0.396 0.068 0.281

#8 0.772 0.424 0.076 0.780

highlighted with light grey colour contain the minimal value
for each measure. In accordance with the used measure, these
control groups are the most similar (best match) to the case
group. It can be seen, that the approach of the similarity
evaluation greatly affects the selection of the best control
group. Not only the magnitude of the measures differ but also
the order of the control groups in terms of similarity. For NNI
the 4th, for GDI the 7th, and for DDI the 3rd and 5th control
groups are the most similar control groups. The least similar
control groups are also different: the 5th for NNI, the 6th for
GDI and the 8th for DDI. It is interesting to notice that one
of the most similar control group for DDI (control group #5)
is the least similar for NNI.

These observations raise the need for a complex, all-
encompassing evaluation. Considering the 2 pairing-based
measures (NNI and GDI) and calculating the normalized
average value of them, the 7th control group seems to be the
appropriate choice, however if we also take the DDI into ac-
count the 3rd control group is not a bad choice either. This fact
is also confirmed by the overall dissimilarity measure, which
was calculated as the average of the individually normalized
dissimilarity measures (see the last column in Table II).

D. Application of the measures in case of Propensity Score
Matching

To test the applicability of the proposed dissimilarity mea-
sures, a real-life application scenario was modeled. Subjects of
the dataset were characterized by 10 baseline binary covariates
(Xi, i = 1, 2, ..., 10), and additionally, a treatment status
indicator (Zi) was also determined for each subject. Subjects
with Zi = 1 were considered treated and subjects with
Zi = 0 were considered untreated patients. Based on this
model, a population containing 1000 subjects was generated.
The generated data was separated on the status of treatment.
Treated subjects (Zi = 1) composed our case group and
untreated subjects (Zi = 0) composed our population. The
1000 subjects were separated in a 30%-70% ratio: 30% of the
subjects was considered as members of the treated case group
and the other 70% was considered the untreated population
from which a 100 different control groups were selected with

propensity score matching. During the propensity score match-
ing, a logistic regression classification model was determined
to estimate the effect of the baseline covariates to the exposure
of the treatment. Based on the logistic regression model the
propensity scores for each individual can be calculated, and
these estimated values served as the basis of pairing elements
between the treated and untreated groups.

The quality of the propensity score-based control group se-
lection method can be controlled by the caliper size parameter
of the PSM algorithm. The suggested caliper size for PSM can
be calculated by Eq. 9. [16].

0.2
√

(σ2
t + σ2

ut+)/2 (9)

For testing the quality of the control groups selected with
different caliper size parameters, different multipliers (0.5,
0.75, 1.00, 1.25, 1.50, 2.00, 2.50, 5.00 and 10.0) were deter-
mined for the caliper size suggested in the literature. During
the test, we examined the change in the proposed dissimilarity
measures in function of the caliper size multiplier.

Fig. 1, 2, 3 and 4 contain the aggregated results for the 100
generated datasets. Fig. 1 shows the relation between the size
of the selected control group and the caliper size multiplier.
The caliper size suggested in the literature (Eq. 9) is marked
with the 1.00 multiplier and a darker color. It can be seen that
by decreasing the caliper size the size of the selected control
group also decreases.

In Fig. 2 and 3 the relation between the proposed NNI
and GDI measures for paired evaluation and the caliper size
multiplier can be seen. The figures show that by increasing
the caliper size the similarity of the control group decreases,
which can be seen in the increase of the proposed dissimilarity
measure values. The larger the caliper size, the further subjects
can be paired from the population to the subjects of the case
group. That is, the quality of the control group is constantly
decreasing. The increase of distance of the paired individuals
can be measured by NNI and GDI measures.

Finally, Fig. 4 shows the relation between DDI and the
caliper size multiplier. There is no noticeable effect of chang-
ing the caliper size on the DDI measure. The cause of this
is that DDI is a distribution-based measure and all control
groups were selected from the same population, meaning that
their distributions are also similar to the distribution of the
case group.

As the simulations show, the proposed dissimilarity mea-
sures are capable of evaluating the similarity of case and
control groups in the original n-dimensional space in contrast
to traditional methods. Fig. 1, 2, 3 and 4 reveals that the
proposed measures are sensitive enough to measure small
changes as well.

V. CONCLUSION

In case-control studies, the degree of similarity of the case
and control groups has a significant impact on the evaluation
of test results. However, this similarity of these cohorts is
generally not expressed as a quantitative measure. Only the
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Fig. 1. The size of the control group in function of the caliper size multiplier.

Fig. 2. NNI in function of the caliper size multiplier.

applied pattern matching methods suggest some recommenda-
tions on how to perform them in order to be able to select an
adequate control group from the available population. In this
paper, three quantitative dissimilarity measures were proposed
to measure the dissimilarity of case and control groups. Two of
them evaluate the similarities of case and control groups based
on the similarities of the paired individuals, and the third one
compares the distribution of the characteristic features of the
groups. The versatility of the proposed methods was shown on
synthetic datasets. Results point out the fact that it is worth
considering the proposed measures together to evaluate the
similarity of case and control groups and allow researchers to
express the degree of similarity of two cohorts quantitatively.
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