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ABSTRACT

Background: Propensity score matching represents one of the most popular techniques to deal with treatment allocation
bias in observational studies. However, when the number of enrolled patients is very low, the creation of matched set
of subjects may highly depend on the model used to estimate individual propensity scores, undermining the stability of
consequential clinical findings. In this study, we investigate the potential issues related to the stability of the matched sefs
created by different propensity score models and we propose some diagnostic tools o evaluate them.

Methods: Matched groups of patients were created using five different methods: Logistic Regression, Classification
and Regression Trees, Bagging, Random Forest and Generalized Boosted Model. Differences between subjects in
the matched sefs were evaluated by comparing both prefreatment covariates and propensity score disfributions.
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We applied our proposal to a cardio-surgical observational study that aims to compare two different procedures of

cardiac valve replacement.

Results: Both baseline characteristics and propensity score distributions were systematically different across matched
samples of patients created with different models used to estimate propensity score. The most relevant differences were
observed for the matched set created by estimating individual propensity scores with Classification and Regression

Trees algorithm.

Conclusion: Clinical stability of matched samples created with different statistical methods should always be evaluated
to ensure reliability of final estimates. This work opens the door for future investigations that fully assess the implications

of this finding.

Key words: Llow sample size; Clinical stability; Propensity Score Models; Propensity Score Matching

INTRODUCTION

In surgical research, assessing the effect of a new
intervention or procedure is a challenging task. Randomized
Controlled Trials [RCTs), which are considered the gold
standard for such evaluations, can be difficult o implement
in a field where the randomization of patients may be
unfeasible or unethical [1]. Despite several studies have
investigated some critical aspects that should be addressed
to design high quality randomized trials [2,3], conducting
RCTs in surgery research is sfill difficult, impractical and
often generate results of difficult generalization [4]. Indeed,
evidence-based medicine is very important for clinical
decision-making and observational studies can be a
valuable fool to assess the potential benefits of a surgical
intervention or procedure [5]. In such situations, the lack
of randomization poses several issues in the evaluation
of potential differences between compared groups of
subjects. In fact, physicians offen allocate patients to
freatment groups given their pre-operative characteristics,
such as age, gender and severity of the diseases.
Thus, appropriate methodological approaches capable to
account for these issues are needed, to ensure that clinical
assessment of surgical effects are less confounded by
patient’s features.

Propensity Score (PS) methods are some of the
statistical opproaches that can overcome, or at least
minimize, consequences of clinically driven, statistically
biased allocation. In fact, they are potentially able to
recreate the conditions of Randomized Clinical Trials,
balancing on average individual baseline characteristics
and thus reducing the risk of confounded estimates [6,7].
Propensity Score Matching (PSM) is probably the most
popular PS based method of the surgical literature [8-10].
PSM allows for the construction of a sample where
individuals from the treatment group are paired with one
(or more] individual from the control group with similar PS
values, thus with similar baseline characteristics [/].

Several concerns have been however expressed on

the acritical usage of such tool [8,11]. Indeed, inclusion
of a given patient in the final sample after matching is
based on her/his PS, which is constructed to guarantee the
capability of the PS function to minimize bias “on average”.
In surgery, however, two major issues may emerge during
PS analysis. The former is related to small number of
enrolled patients, which is offen encountered in surgery
study, that can make PS estimation and, consequently,
matched sample creation unstable. The issue of small
sample size in the PS analysis has been addressed in the
literature [12,13]. In particular, in the study of Pirracchio
and colleagues it was found that classical PS approaches,
such as PSM and Propensity Score as Inverse Probability
of Treatment Weighting (PSIPTW) led to subsfantially
unbiased estimates of freatment effect. The latter may arise
because, from a clinical point of view, the actual patient
can be potentially quite different from the virtual “average”
patient, as derived from the PS. Thus, monitoring PS values
computed for each individual and the individuals that are
included in the matched sample can be of major interest
in such situations.

Several algorithms have been proposed in literature to
produce such PS function. PS is generally estimated using
logistic Regression (IR), that is a parametric approach.
Probit regression and discriminant function analysis are
other paramefric models that can be used for the PS
estimation. Parametric models are consfrained fo a specified
form and model misspecifications may produce biased
estimates [14]. In recent years, several Machine Learning
Techniques (MLT) have been used as an alternative fo (R
for the estimation of PS [15]. The term machine leaming is
used for various computing procedures based on logical
or binary operations that learn task from several examples
[16]. While a priori model with estimated parameters is
assumed for modeling in classical statistical approaches,
the relationship between an outcome and predictors is
constructed by a leaming algorithm in MLT [17].

Taking all the above aspects info consideration, the
issue of the clinical stability of the produced PS matched
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samples may arise. By “clinical stability” we mean the
tendency of patients to be included in the final matched
sample regardless of the technique used to produce the PS.

This is relevant fo guarantee that the clinical evaluation
of the research is based on a coherent set of patients and
not to single patients, whose inclusion in the analysis may
condition the study conclusion.

The aim of this paper is to discuss this concept of
“clinical stability” of the matched samples with reference to
different techniques used to estimate individual PS and to
propose simple diagnostics fo evaluate it. We apply our
approach to the data of a cardiac surgical observational
study funded by the European Union, Translink, which
aimed fo defermine the possible role of the immune response
in patients receiving biological cardiac valve as a cause of
fissue degeneration in the medium and long term.

MATERIALS AND METHODS

Cardiac valve replacement is the first line therapy
for degenerative heartvalve diseases, as it is associated
with advantages in terms of life expectancy and reduction
of cosfs to healthcare systems. There are different types
of valves available. They can be classified info two
major cafegories: mechanical valves, made of artificial
materials, and biological valves, made of natural fabrics,
such as pork valves or bovine pericardium. In general,
mechanical valves are used in case of rheumatic fever,
that afflicts young population, whereas biological valves
are used in case of calcific aortic stenosis, that involves
an elderly population [hitp://www translinkproject.com/
abouttranslink/heartvalve-pathology-theranslinktarget /1.
The aim is fo investigate the process of valve degeneration,
according to the type valve, the clinical outcomes and to
analyze clinical and biological implications of biclogical
valve implantation.

A total of 112 patients were enrolled in the study:
89 of them underwent a biological valve replacement and
23 a mechanical one. Patients that were already bearers
of biclogical or mechanical valve had valve replacement
surgery at the University Hospital of Padova between the
years of 20062011. A collaboration in the study and
postoperative follow-up were requested from the patients
recruited for Translink. After Translink's informed consent
hod been obtained, patients were invited to perform a
fest battery fo investigate psychological wellbeing and
neuropsychological state, to provide an outline of the person
at distance of more than five years from valve surgery.

Comparison between groups of patients was carried
out considering mechanicalvalve recipients as the freatment
group and those with biological valve as the untreated/
control group. Individual baseline characteristics that were
considered as potential confounders were: age, gender,
schooling year, smoking sfatus, obesity, hypertension,
diabetes type | and I, dyslipidemia, previous stroke,

neurological disorder and atrial fibrillation. Neurological
disorder and atrial fibrillation were collected immediately
after surgery.

Five different techniques were considered for PS
estimation: logistic Regression (LR), Classification and
Regression Tree (CART), Bagged Trees (Bagging), Random
Forest (RF) and Generalized Boosted Models (GBM).

[R is the most classical method used to compute
individual PS values. It belongs to the class of Generalized
Linear Model (GIM) and it is widely employed to model
binary outcome. CART, Bagging, RF and GBM belong to
the family of Tree-based methods. CART [18] is a simple
fechnique that consists of building a decision tree on a given
datoset to make predictions. CART divides the space of the
covariates in different distinct regions by a recursive binary
spliting. Then, predictions are performed in each region.
CARTs are very simple fo construct and easy to inferpret.
However, they often suffer from overfitting, which makes
them unreliable in many situations. Bagging, RF and GBM
were proposed as improvement to the classical CART. They
are ensemble of frees that basically consist of building one
decision tree on many bootsirap replicates of the original
daoto and average the predictions of each grown free.
Bagging [19] constructs a series of frees on each bootstrap
replicate by considering aoll the available independent
variables, while RF [20] builds every free considering only
a subset of the available covariates. GBM [21] makes
prediction by estimating a smooth function of several
predictors putting together many simple funcfions. Each
simple function considered by GBM is a weak decision free,
characterized by a simple and limited structure.

CART, Bagging, RF and GBM were proposed in
several studies as alternatives to IR to estimate PS [22-24].
Their ability to flexible model how subjects were assigned
fo each treatment group, accounting for non-linearities and
interactions, makes their PS estimates more precise and
reliable with respect to (R, especially in situations with
several confounders and small sample size.

(R, CART, Bagging, RF and GBM methods were
used fo esfimate propensity scores of being freated with
mechanical valve. We included only main effects in
logistic regression, did not add any polynomial terms and
interaction ferms. Each model was tuned using 10Hold
cross validation and the model with the parameters giving
the highest accuracy was selected. At the end of tuning,
Bagging had 25 bootstrap replications; RF had 500 trees
fo grow with 2 variables randomly sampled as candidates
at each split and GBM had 50 trees, interaction depth
1, shrinkage parameter 0.1 and 10 observations in the
ferminal nodes.

Matching was carried out using nearest neighbor
algorithm and  performing  classical 1:1 matching  without
replacement, where each freated subject was paired with one
control subject from the control group with similar PS value.

Agreement between different PS methods was
evaluated by comparing the distribution of PS values
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estimated by each statistical technique. The evaluation was
conducted on the matched sample to understand if matched
subjects from the control group were systematically different
given the technique used to estimate PS. We carried on
the investigation using several indexes: Cohen'’s kappoa,
Spearman’s rank correlation coefficient, Standardized
Median Differences (SMedianD] and Median Absolute
Deviation Ratio (MADR). Each of these indexes was
computed comparing pair of techniques, e.g. LR vs RF, R
vs. CART, and so on.

Cohen’s kappa [25]methodology, and formulation
in areas of laboratory performance, instrument or assay
validation, method comparisons, statistical process contral,
goodness of fit, and individual bicequivalence. In all of
these areas, one needs measurements that capture a large
proportion of data that are within a meaningful boundary
from target volues. Target values can be considered
random (measured with error is an agreement coefficient
between two rafes for categorical scales. Here, it is used
fo evaluate the agreement between the patients with
biological valves that were included in each matched set
given the technique used to estimate PS. Matching result is
coded as 1 if the patient with biological valve is matched
with a patient with mechanical valve and O if not matched.
Cohen's kappa ranges between -1 and +1. The higher
the value, the higher the concordance and thus the more
similar the matched controls.

Spearman'’s  rank correlation  coefficients  between
the estimated propensity scores that belong to matched
patients with biological valves (N=23) are calculated. It
ranges between -1 and +1. lower values denote inverse
correlation, whereas positive values denote correlation
in the same direction. Thus, values close to -1 denote
differences between the matched controls of the compared
techniques. Values close to 1 denofe instead similar
matched controls.

SMedianD and MADR are respectively the
standardized difference between median PS values and the
ratio of the median absolute deviations from PS estimated
by compared techniques. Those were preferred over
Standardized Mean Difference (SMeanD) and Variance
Ratio (VR] because they are more robust to skewed
distributions. SMedianD values close to O and MADR
values close to 1 denote low differences, thus similarity
between matched confrols.

The evaluation of the differences between the baseline
characteristics of the patients were evaluated in terms of
SMeanD and VR, following the suggestion of summarizing
balance in the maiched set using low dimensional
summaries, both before and after matching [26,27]authors
usually choose the presented estimates from numerous
frial runs readers never see. Given the offen large
variation in estimates across choices of control variables,
functional forms, and other modeling assumptions, how
can researchers ensure that the few estimates presented
are accurate or representative? How do readers know

that publications are not merely demonstrations that it is
possible fo find a specification that fits the author’s favorite
hypothesise And how do we evaluate or even define
statistical properties like unbiasedness or mean squared
error when no unique model or estimator even existse
Matching methods, which offer the promise of causal
inference with fewer assumptions, constitute one possible
way forward, but crucial results in this fastgrowing
methodological literature are often grossly misinterprefed.
We explain how fo avoid these misinferprefations and
propose a unified approach that makes it possible for
researchers to preprocess data with mafching (such as with
the easy-o-use software we offer.

All the analyses were implemented using R version
3.3.1 [28]. In particular, CART was fitted using rpart R
package [29] with default parameters. PS estimation with
Bagging, RF and GBM were all implemented using caret
R package [30]

RESULTS

In Table 1, distributions of baseline characteristics
of compared groups in the original sample are reported.
Obesity and atrial fibrillation were the only characteristics
similar in the biological and mechanical valve groups.
The other baseline characteristics systematically differed
between groups, with SMeanD often far from O (more
exireme than O.1 or -0.1). Regarding VR, schooling
year presented a value close to 1. Furthermore, SMD
for schooling year was far from O, thus the variable was
considered highly different between groups. Propensity
score values estimated with LR, Bagging and RF were
close to zero. There were 14, 47 and 1 values close to
zero estimated by logistic regression, bagging and RF
respectively.

Since classification trees produced poor estimates
with only 4 unique values for propensity scores, minimum,
Ist quartile and median PS values were equal. PS
generally had low values [mean is between 0.1682 and
0.2136) in each model.

To check the agreement between patients included in
each matched sample with different estimation methods,
Cohen’s kappa and 95% confidence intervals are given
in Table 2. According to kappa values, CART showed the
lowest agreement with the other techniques, with values
always close to 0.3. This is also in line with evaluation
of PS distributions. Overall, there was greater agreement
among ensemble of frees techniques. Indeed, the couples
BaggingRF and RF-GBM showed the highest Cohen's
Kappa value, i.e. 0.65 and 0.71, respectively.

According to Table 2, highest positive correlations
were between BaggingRF, CARTRF and LR-GBM. Except
for the BaggingRF, all the other methods showed a low to
moderate correlation, with values ranging nearly between

0.3 and 0.6.
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TABLE 1. Baseline characteristics of patients with biological and mechanical valves. Categorical variables are reported as
percenraf?e (number), whereas continuous variables are reported as 1st quartile/median/3rd quartile (number). Standardized

mean di
in the matched sample.

erence (SMeanD) and Variance Ratio (VR) are the measures employed to evaluate the balance of baseline characteristics

Variables Biolog(ﬁ:lsg;:mple Mecha(r':;c=c12|3s)ample Combined (N=112) SMD VR
Female 23.6% (21) 8.7% (2) 20.5% (23) 0.3697

Schooling year 5/8/13 6.5/13/13 5/8/13 0.4024 1.145
Age (year) 60/67/71 54/59/62 58/66/70 -1.0878 1.747
Smoker 29% (206) 52% (12) 34% (38) 0.4901

Obesity 15% (13) 17% (4) 15% (17) 0.0769

Hypertension 45% (40) 61% (14) 48% (54) 0.3185

Diabetes mellitus-| 9% (8) 0% (0) 7.1%(8) -0.3494

Diabetes mellitus-l 7.9%(7) 0% (0) 6.2% (7) 0.3248

Dyslipidemia 36% (32) 22% (5) 33% (37) 0.3018

Stroke 5.6% (5) 8.7% (2) 6.2% (/) 0.1262

Neurological disorder 2.2% (2) 4.3% (1) 2.7% (3) 0.1291

Atrial fibrillation 28% (25) 26% (6) 28%(31) -0.0444

TABLE 2. Cohen’s Kappa and Spearman Correlation coefficient of PS on the matched samples (95% Confidence Interval)

COHEN'S KAPPA

M1 (LR) M2 (CART) M3 (Bagging) M4 (RF) M5 (GBM)
M1 (LR) 0.24(0.016,0.46) | 0.36(0.14,0.57) | 0.53(0.33,0.73] 0.53(0.33,0.73)
M2 (CART) 0.36(0.14,0.57) | 0.3(0.076, 0.52) 0.36(0.14, 0.57)
M3 (Bagging) 0.65(0.47, 0.83) 0.53(0.33,0.73)
M4 (RF) 0.71(0.54, 0.88)
M5 (GBM)

SPEARMAN CORRELATION COEFFICIENT

M1 (LR) M2 (CART) M3 (Bagging) M4 (RF) M5 (GBM)
M1 (LR) 10095 0665 | 100950676 | 10.054 8677) 0.265 0816)
M2 (CART) 02460808 | (0255 0813] 0.126,0763)
M3 (Bagging) 0.960 8994 0.166.0.780)
M4 (RF) 0.156,0785)
M5 (GBM)

In Table 3, SMedianD and MADR values of biclogical
group PS distributions in the matched sets are reported.
Regarding SMedianD, the pairs [RRGBM and Bagging-RF
showed the values closest to O, while the couple RF-GBM
showed the highest difference (SMedianD = 0.6468).
All' MADR values were often far from 1, except for the
comparison RF-Bagging, with MADR value close to 1.33.
The highest difference was observed for [RRF (3.621)
and the couples LR-CART, CART-Bagging, CARTRF and
CART-GBM, which showed a MADR almost equal fo

O, suggesting some exfreme discrepancies between the
MADs of the considered fechniques.

In Table 4, patient's characteristics are reported
for each patient. The column labelled as “Number of
inclusions” identifies the number of times the patient
was included in the final matched sample created using
different techniques to estimate PS. Moreover, variables
indicating if the patient was included in the mafched set
are provided. These data showed that the setfs of patients
were highly different according to the estimation methods.

Clinical stability in Propensity Score Matching in Cardiac Surgery
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TABLE 3. SMedianD and MADR between PS values of subjects from the biological group in the matched sets. Comparison is

carried out on couple of techniques used to estimate PS.

SMEDIAND

M1 (LR) M2 (CART) M3 (Bagging) M4 (RF) M5 (GBM)
M1 (LR) -0.2165 -0.3056 0.3476 0.1757
M2 (CART) 0.2323 0.3353 -0.5536
M3 (Bagging) 0.0439 -0.5812
M4 (RF) 0.6468
M5 (GBM)

MADR

M1 (LR) M2 (CART) M3 (Bagging) M4 (RF) M5 (GBM)
M1 (LR) 0.000 0.368 3.621 0.635
M2 (CART) 0.000 0.000 0.000
M3 (Bagging) 1.333 0.580
M4 (RF) 2.299
M5 (GBM)

In Table 5, the distribution of individual characteristics
in the mafched samples are reported. Balance was
evaluated both numerically, using SMeanD and VR, and
graphically, as reported in Figure 1. All the matched sets
creafed with the considered techniques presented residual
imbalance. Regarding IR, a good balance was reached
for Schooling year, Obesity, Hypertension, Stroke and
Atrial Fibrillation, which showed SMeanD values close
to O and VR value close to 1, while the others remained
unbalanced. Situations were more complex with CART
and Bagging methods. In the first case, a good balance
was achieved only for Schooling year and Stroke while
in the second case only Schooling year and Obesity
were balanced affer matching, as suggested by lower
SMeanD values and VR close to 1. Using GBM to estimate
PS, a good balance was reached for Schooling vyear,
Dysplipidemia, Stroke, Neurological disorder and Atrial
fibrillation, whereas the use of RF led to o good balance
for Smoker, Obesity, Neurological disorder and Atrial
fibrillation, with SMeanD values close to O and VR values
close to 1. Overall, the matched samples produced with
PS estimated by [R, GBM and RF were the more balanced
and Schooling year, Stroke, Obesity and Atrial fibrillation
were the baseline characteristics more similar between
matched treated and confrols in the final sets of patients.

DISCUSSION

Here, we considered the problem of “clinical stability”
that could arise when PSM is performed in situations
where sample size is small and the number of subjects in
the compared groups is highly different. We evaluated
such concept on a study from cardiac surgical research,

where subjects with mechanical and bioclogical valves
were compared. We compared five different sfafistical
fechniques to estimate PS values. Comparison was made
on disfributions of PS values estimated by each technique
on the final matched samples. We used several diagnostic
fools to evaluate if the presence of an individual from the
biological group was technique-dependent or not.

By comparing PS distributions estimated by different
techniques we found some complexity. Three of the five
fechniques estimated PS vaolues equal to O for many
subjects. Thus, for these techniques, one of the conditions
of ignorable treatment assignment, i.e. each subject has
a nonzero probability of being assigned to the freatment
group [31], failed and the following estimation of treatment
effect conditioned on PS may not be unbiased. Moreover,
CART estimated only 4 different values of PS. This may
be then reflected in suboptimal matching, where residual
imbalance in baseline characteristics may still be present
after matching. Overall, all the distributions of PS seemed
fo be quite different between techniques, suggesting that
every subject may have a technique-dependent PS value.

Analyzing the different matched samples, we found
many flags that question the concept of clinical stability.
First, except for RF and GBM, the matched samples
created with different techniques showed very low
agreement, suggesting that biological groups in each
matched set may be different from each other. Regarding
Spearman'’s correlation coefficients, an high correlation
was only observed for the couple Bagging-RF, whereas all
the other couples did not show any consistent correlation.
Moreover, SMedianD and MADR values showed
persistent differences between PS distributions between
biological groups of each matched sample. Among all
the considered measures, Cohen’s Kappa may be the one

e13001-6
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TABLE 4. Patient level details with matching results based on each estimation method and covariate information. The column
labelled as “Number of inclusions” identifies the number of times the patient was included in the final matched sample created

using different techniques to estimate PS.

Number
ID of gender | schooling| age | smoker | obesity | hypert. | diabetl | diabetll | Dyslip. | stroke '::Ie.u' atr.fib.
inclusions s

1 0 | 5 /9 0 0 1 0 0 0 0 0 ]
2 2 | 13 66 1 1 0 0 0 0 0 0 0
3 0 2 5 /1 | 0 0 1 0 ] 0 0 0
4 1 2 13 75 | 0 1 0 0 0 0 0 0
5 3 1 8 56 0 0 1 0 0 0 0 0 0
6 0 2 69 0 0 1 0 0 0 0 0 1
7 2 ] 11 58 0 0 1 0 0 ] 0 0 ]
8 1 ] 66 0 0 1 0 0 0 0 0 ]
Q 0 | 8 69 0 0 0 0 0 0 0 0 0
10 5 | 13 55 0 1 1 0 0 0 0 0 ]
11 3 | 13 50 0 0 0 0 0 1 0 0 0
12 1 2 8 46 0 1 0 0 0 0 0 0 0
13 2 | 13 66 0 0 0 0 0 0 0 | 0
14 1 ] 5 65 0 0 | 0 0 0 0 0 0
15 4 | 10 47 | | 1 1 0 ] 0 0 0
16 2 ] 5 6/ | 0 0 0 0 0 0 0 0
17 4 | 13 58 0 0 0 0 1 0 0 0 0
18 0 | 8 69 0 0 1 0 1 ] 0 0 0
19 0 | 13 66 0 0 1 0 0 0 0 0 ]
20 0 | 13 /2 | 1 1 0 0 ] 0 0 0
21 0 | 5 74 | 0 0 0 0 1 0 0 0
22 0 1 5 60 0 0 0 0 0 0 0 0 0
23 3 | 8 65 | | 1 0 0 0 0 0 0
24 3 2 5 62 1 | 0 0 0 ] 0 0 0
25 1 | 11 61 0 0 0 0 0 0 0 0 0
26 3 2 8 55 | 0 0 0 0 0 0 0 0
27 1 | 5 e | 0 1 0 0 ] | 0 0
28 0 2 8 /0 0 0 0 0 0 0 0 0 0
29 0 | 8 /1 | 0 0 0 0 1 0 0 1
30 0 2 5 74 0 0 0 0 0 0 0 0 1
31 0 2 5 73 0 0 0 0 0 0 0 0 ]
32 1 ] 11 55 0 0 0 0 0 ] 0 0 0
33 4 | 13 56 0 0 1 0 0 ] | 0 0
34 0 | 5 80 0 0 1 0 0 0 0 0 1
35 0 | 5 /1 0 0 0 0 0 0 0 0 ]
36 4 2 8 42 0 1 1 0 0 0 0 0 0
37 4 | 10 53 | 0 0 0 0 0 0 0 0
38 0 1 8 73 | 1 0 0 0 1 0 0 0
39 1 1 7 58 0 0 1 1 0 ] 0 0 1
40 4 1 18 63 1 0 1 1 0 1 0 0 0

of more interest. Indeed, it can provide more information
from a clinical point of view by measuring the similarity
of the mafched sefs created with different techniques and,
consequently, informing the physicians on how many times
each patient was included in the final sample. Spearman'’s
coefficient, SMedianD and MADR can be valuable the
PSM analysis sfep to inspect the eventual discrepancies
between the PS estimated by each technique.

Evaluating the final matched samples, we found that
residual imbalance in baseline characteristics was  sfill
present in all reconstructed sets created with different PS.
More balanced sets were observed when LR, GBM and RF
were used fo estimate PS and only a subset of covariates
often reached balance in all the final matched somples.
Indeed, final outcome analysis should be conducted
with proper methods that takes into account the role of

Clinical stability in Propensity Score Matching in Cardiac Surgery

e13001-7



[
Epidemiology Biostatistics and Public Health - 2019, Volume 16, Number 1

ORIGINAL ARTICLES

TABLE 4 (CONTINUED). Patient level details with matching results based on each estimation method and covariate information.
The column labelled as “Number of inclusions” identifies the number of times the patient was included in the final matched

sample created using different techniques to estimate PS.

Number
ID of gender | schooling| age | smoker | obesity | hypert. | diabetl | diabetll | Dyslip. | stroke '::Ie.u' atr.fib.
inclusions s
50 1 | 8 68 | 0 0 0 0 0 0 0 ]
51 2 | 18 /7 1 0 1 0 0 0 0 0 1
52 5 | 18 54 | 0 0 0 0 ] 0 0 0
53 0 | 5 69 0 0 0 0 0 0 0 0 0
54 0 1 8 71 0 0 1 0 0 0 0 0 0
55 1 | 5 61 0 0 0 0 1 0 0 0 0
56 4 ] 10 35 | 0 0 0 0 ] 0 0 0
57 0 ] 13 /1 0 0 0 0 0 0 0 0 0
58 0 | 5 /0 0 0 0 0 0 0 0 0 1
59 3 | 8 56 0 0 1 0 0 0 0 0 ]
60 5 2 5 60 | 0 0 0 0 0 0 0 0
61 0 2 5 6/ 0 1 0 0 0 1 0 0 0
62 0 | 5 75 0 0 0 0 0 1 0 0 0
63 1 2 16 64 0 0 0 0 0 0 0 0 0
64 2 2 16 62 | 0 0 0 0 0 0 0 0
65 0 ] 14 62 0 0 0 0 0 ] 0 0 0
66 0 | 5 /2 0 0 1 1 0 ] 0 0 ]
6/ 0 2 5 74 0 1 1 0 0 ] 0 0 ]
68 4 | 18 61 0 0 0 0 0 0 0 | ]
69 2 | 8 53 0 0 0 0 0 0 0 0 0
70 0 | 8 /1 0 0 0 0 0 0 | 0 0
71 0 2 5 66 0 0 1 0 1 0 0 0 0
/2 0 | 5 Ve) 0 | 0 0 0 1 0 0 0
/3 0 ] 5 68 0 0 1 0 0 ] 0 0 0
/4 0 2 5 73 0 1 1 0 0 ] 0 0 ]
75 1 | 17 66 | 0 1 0 0 ] 0 0 ]
76 0 2 10 /1 0 0 1 1 0 0 0 0 0
/7 0 2 17 6/ 0 0 0 0 0 0 0 0 0
/8 1 ] 5 63 | 0 0 1 1 0 ] 0 0
79 2 1 8 59 0 0 0 0 0 0 0 0 0
80 0 | 5 6/ 0 0 1 0 0 1 0 0 0
81 0 ] 11 68 0 0 0 0 0 0 0 0 ]
82 5 1 13 62 0 0 1 0 0 0 0 0 0
83 1 | 13 /2 | 0 1 0 0 ] 0 0 0
84 0 | 3 /4 0 0 1 0 0 ] 0 0 ]
85 0 | 5 70 0 0 1 0 1 0 0 0 0
86 0 2 5 70 0 0 1 0 0 0 0 0 0
87 5 ] 13 57 | 0 1 0 0 0 ] 0 0
88 0 1 5 /0 0 0 0 0 0 0 0 0 0
8% 0 1 8 68 0 0 0 0 0 0 0 ¢ 0

pofential confounders that baseline covariates may  sfill
play [32,33].

All these findings seem to point the importance of
the concept of clinical stability in situations where the
analyzed sample has few subjects and the number of
subjects between compared groups is very different. The
high number of estimated PS volues exactly equal to O

raise some issue on the consequent estimation of treatment
effect. The complex behavior of estimated PS suggests that
many fechniques suffered from overfitting, an issue that is
difficult to face, even for ensemble of trees methods, and
could raise some inaccuracies in consequent esfimations
when few subjects are enrolled in the study and many
pofential confounders are present. In such situations, a
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TABLE 5. Distribution and balance assessment of baseline
characteristics in the maiched samples. Categorical variables
are reported as percentage (number), whereas continuous
variables are reported as 1+ quartile/median/3 quartile
(number). SMeanD and VR are the measures employed

to evaluate the balance of baseline characteristics in the
matched sample.
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more parsimonious PS model with covariates only related
fo the outcome may be helpful to produce more stable
estimates of PS using different fechniques [12].

Our study has some limitations. We evaluated the
concept of clinical stability only in one scenario, i.e. our
motivating example. In the future, a simulation study will be
considered to address the issue under different scenarios,
e.g. different sample size, different ratios between number
of subjects in the compared groups and different proportions
of continuous and categorical variables.

In summary, the concept of clinical stability should
be considered when estimating freatment effect using
PSM in a setting with small sample size and compared
groups with different number of subjects. VWe suggest
the usage of both qualitative and quantitative diagnostic
fools to evaluate this phenomenon. Further explorations
are needed to implement a robust approach able to face
anticipated complexities.
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