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INTRODUCTION

Voluntary termination of pregnancy (VTP) has always 
been debated within the general population. The circum-
stances leading women to choose VTP are multifaceted, and 
it remains challenging to identify patterns leading women to 
opt for this procedure [1, 2]. Up to now, numerous studies 
have focused on characterizing demographic or psycholog-
ical profiles of women within specific geographic regions [3, 
4]. Due to the sensitive nature of the decision and privacy re-
quirements, studying population clusters in VTP presents inher-
ent methodological limitations. While these challenges can be 
partially mitigated, they risk a potential selection bias during 
cohort formation. In these cases, a monocentric study may in-
troduce biases that could arise primarily from the selection of 
the study centre and secondarily from the difficulty of properly 
recruiting a sample representative of the entire population. 

In this context, cluster analysis conducted first on the gen-
eral population and subsequently applied to the selected 
sample could clarify the nature of the selection process that 
occurred, thereby enabling better estimation of the final con-
clusions [1, 2]. In general, clustering demonstrated efficiency 
and feasibility to handle large datasets [5, 6]. In particular, 
the use of hierarchical clustering procedure is able to choose 
the optimal number of clusters in the population with a readily 
available stopping rules, without a priori selection of number 
of clusters [7]. This approach aligns with contemporary efforts 
to leverage data-driven methodologies in reproductive health 
research while addressing ethical considerations inherent to 
studies of private medical decisions.

OBJECTIVE

The aim is to evaluate the effectiveness of a clustering 
method in detecting selection bias within a sample from a 
monocentric observational study, to generalize the findings 
from the small sample to the broader population and draw 
valid inferences from the results.

METHODS

We used a retrospective observational database of 6559 
women that carried out VTP in Apulia, from January 2023 
to January 2024. Data was collected according to the regu-
lations established by the National Surveillance System and 
were taken from the Health Information System of the Apulia 
region. The second database was collected, as a cross-sec-
tional, observational study, conducted on 122 women > 18 
years who underwent VTP in the Family Planning Unit of the 
“Di Venere-Fallacara” hospital, between November 2023 
and January 2024. The assumption made were that the wom-
en of the selected sample are drawn from the same popula-
tion. 

Listwise deletion was applied, to handle missing value. A 
Multiple Correspondence Analysis (MCA) was first conduct-
ed on the population sample to identify the structure of re-
lationships among variables, reducing dimensionality to two 
principal dimensions. The socio-demographic characteristics 
and the characteristic of the VTP event were chosen as var-
iables.
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We did a hierarchical cluster analysis using Hierarchical Clus-
tering on Principle Components (HCPC) procedure [8, 9]. We use 
the Euclidean metric for calculating distances between observa-
tions and the Ward’s method. The procedure was applied only on 
the population dataset. When the cluster has been defined, we 
predicted the MCA output on the selected sample [11, 12]. 

We selected 10 casual sample of the 111 women from the 
entire population to compare differences in percentage among 
clusters. Chi-square tests were employed to compare the propor-
tion of women in each cluster in both samples. We use the z-tests 
to account the difference in proportions among clusters between 
the selected sample of women and the population sample [13]. 

Results with a two-sided p-value < 0.05 were considered 
statistically significant. The statistical comparisons were done 
using SAS/STAT® Statistics version 9.4. The cluster analyses 
were developed using R software version 4.5 [8, 9, 14, 15]. 

RESULTS 

Following listwise deletion, MCA was conducted on a to-
tal of 6353 women. The total women in the selected sample 
with no missing value were 111. The optimal number of clusters 
was determined using hierarchical clustering procedures im-
plemented through built-in package functions. The p-values 
across all examined variables are highly significant (p << 
0.001), providing robust evidence that the HCPC analysis has 
identified clinically meaningful clusters, representing authentic 
subgroups within the population. Table 1 shows the percent-
age distribution of women across cluster. 

Cluster 1 is overrepresented in both samples and subsam-
ples (38% vs. 24%, median 41%). Cluster 2 shows minimal 
deviation between population and sample (8% vs. 9%), but 
the median percentage in 10 random subsamples deviates 
substantially (26%). Cluster 3 is significantly overrepresented 
in the sample selected (53% vs. 28%, median 27%). Cluster 
4 is severely underrepresented in both the samples (0.9% vs. 
39%, median 8%). 

CONCLUSIONS

The selected sample overrepresents Cluster 3 (53% vs. 
28%) and nearly excludes Cluster 4 (0.9% vs. 39%). Ran-
dom subsamples did not align with population proportions, 
suggesting possible random deviations in the selected sam-
ple or from sample size. The observed selection bias might 
originate from the a priori selection in the monocentric study 
design. This methodological limitation introduces systematic 
differences between the sampled cohort and the target pop-
ulation, particularly affecting the generalizability of findings 
to underrepresented clusters. Beyond ensuring transparency 
regarding the sample’s generalizability, a solution involves 
implementing covariate balancing techniques [16, 17], bal-
ancing alongside synthetic oversampling methods [19] to 
address overrepresentation of specific variables. This dual 
approach aligns with causal inference frameworks while mit-
igating selection bias inherent in monocentric observational 
designs [20, 21].
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Table 1. Cluster Distribution Comparison: Population, Selected Sample, and Random Subsamples

GENERAL POPULATION 
(N=6353)

SAMPLE SELECTED
(N=111)

MEDIAN PERCENTAGE OF 
10 RANDOMLY GENERATED 

SUBSAMPLES (N=111)

Cluster

1 1527 (24.0%) 42 (37.8%) 41.0%

2 540 (8.5%) 9 (8.1%) 26.0%

3 1786 (28.1%) 59 (53.2%) 28.0%

4 2500 (39.4%) 1 (0.9%) 8.1%
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