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ABSTRACT 
 

Maternal and child health remains a public health priority, particularly given significant spatial disparities in 
healthcare accessibility and outcomes. It is essential to clearly identify these differences in order to refine 
intervention strategies and optimize resource allocation. In this article, we propose a clustering approach to 
group and identify typologies of Moroccan health provinces based on MCH indicators. We conducted a 
comparative analysis to evaluate five dimensionality reduction (DR) techniques, including PCA, ICA, and 
nonlinear methods (KPCA, LE, Isomap), combined with three clustering methods (K-Means, agglomeration 
clustering, GMM) on Moroccan urban areas data characterized by a high dimensionality, low sample size 
(HDLSS) structure on MCH indicators. The model selection was guided by internal validation indicators 
(Silhouette, Calinski-Harabasz, Davies-Bouldin). Laplacian Eigenmaps followed by K-means achieves 
superior performance measures reflecting the most robust and consistent clustering structure. 

Three clusters of provinces were identified in this comparative study: moderate-performing provinces 
characterized by the presence of both public and private urban healthcare systems; high-performing provinces 
with robust urban public services; and lower-performing provinces due to rural dependence on urban facilities 
and resource constraints. The main contribution of this study is to identify disparities in maternal and child 
health across Moroccan provinces/prefectures using urban-area indicators and a clustering-based approach. 
It thus makes it possible to propose a territorial typology that can support public health interventions and 
improve the strategic allocation of resources. 

Keywords: Clustering; PCA, ICA, KPCA, LE, Isomap, K-Means, Agglomerative Clustering, GMM, MCH 
Indicators 

 
1. INTRODUCTION  

Reflecting a society's level of development and the 
effectiveness of its healthcare system, maternal and 
child health (MCH) remains a major public health 
concern worldwide [1,2]. Preventable maternal and 
infant mortality and morbidity persist, despite 
significant progress in recent years, with large 
disparities between and within countries [3,4,5]. 
Several factors strongly influence transitions in 

maternal mortality, as recent global evidence 
indicates. Such factors include structural 
determinants (socio-economic development, fertility 
trends, education), health system capacity, and 
factors related to the quality of care, which interact 
differently across contexts [6,7]. Under these 
circumstances, WHO calls for accelerated, equity-
oriented action on maternal health and child survival, 
emphasizing that national averages can mask 
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pockets of high burden and that better subnational 
intelligence is needed to guide targeted interventions 
and resource allocation [3,4,8]. 

In Morocco, considerable efforts have been made 
in this crucial area of MCH. The country has adopted 
the Global Strategy for Women’s, Children’s and 
Adolescents’ Health 2016-2030, which aims to end 
preventable deaths among all women, newborns, 
children and adolescents, to substantially improve 
their health and well-being and to bring about the 
transformations that will create a better and more 
prosperous future [4]. These efforts have been 
reflected in  an increase and positive development of 
the various indicators of MCH, , as evidenced by the 
results of the National Population and Family Health 
Survey (2018): - A 35% reduction in the maternal 
mortality ratio between 2010 (112 deaths per 
100,000 live births) and 2018 (72.6 deaths per 
100,000 live births); - A 27% reduction in the 
mortality rate among children under 5 years of age, 
between 2011 (30.5 deaths per 1,000 live births) and 
2018 (22.16 deaths per 1,000 live births); The infant 
mortality rate fell from 28.8 deaths to 18.0 per 1,000 
live births (a reduction of 38%) [9]. However, 
despite these appreciable achievements, Morocco 
also presents significant territorial disparities and 
inequalities in maternal and infant health indicators, 
particularly between rural and urban areas, where, 
for example, the maternal mortality rate is 111.1 per 
100,000 live births in rural areas while it is 44.6 per 
100,000 live births in urban areas [9]. 

Many research studies confirm this territorial 
approach. These studies show that MCH results and 
service coverage are not equal everywhere and tend 
to cluster spatially and socioeconomically. District-
level analyses in India and multicentre data in sub-
Saharan Africa reveal marked gradients according to 
wealth and development, with clear geographical 
patterns of "coverage gaps" that are concentrated in 
specific regions and persist over time[10,11]. Spatial 
epidemiology studies further document geographic 
hotspots and the role of social determinants in 
shaping maternal risks, for example, national-scale 
spatial clustering of COVID-19 maternal mortality 
in Brazil [12], district mortality hotspots in Pakistan 
using spatial autocorrelation and geographically 
weighted regression [13], and repeated low-uptake 
clusters of antenatal care in Ethiopia identified 
through spatial scan statistics and regression [14], 
alongside broader evidence of geographic 
differences in RMNCH utilization [15]. On the 
methodological level, recent advances increasingly 
combine geospatial analysis and machine learning to 
produce accurate and policy-relevant maps of service 

coverage and disparities (e.g., high-resolution 
mapping of essential maternal and child health 
services in Nigeria) [16,17]. In parallel, other 
machine learning studies use clustering and feature 
importance modelling to stratify local risk profiles 
and identify key drivers. [18,19,20]. Clustering has 
been used successfully to extract regional typologies 
from datasets of MCH indicators, such as the 
grouping of districts in Bangladesh using 
hierarchical clustering of MICS indicators [21]. It 
has also been applied to datasets on maternity and 
childbirth to compare algorithms (e.g., K-means and 
K-medoids) and to highlight the importance of 
preprocessing choices [22]. In this context, this work 
encourages the application of unsupervised 
clustering to Moroccan provincial indicators of 
MCH to produce interpretable typologies that 
support targeted planning and translate inequality 
measurement into concrete actions, especially in the 
Moroccan context. Most existing studies remain 
based on descriptive assessments or on isolated 
indicators, which limits their ability to capture the 
multidimensional nature of territorial disparities. 
This study addresses this gap through a clustering-
based analysis of aggregated MCH data, using 
various DR techniques and clustering algorithms to 
identify disparities in MCH across Moroccan 
provinces/prefectures and to establish a territorial 
typology.  

The article is structured as follows. First, the data 
collection and preprocessing methods are detailed. In 
particular, the study highlights the normalization and 
standardization procedures. Then, dimensionality 
reduction techniques are applied and compared. The 
effectiveness of different clustering algorithms is 
then evaluated using specific performance metrics. 
Finally, the results are presented and discussed, 
emphasizing practical implications for healthcare 
policy and resource allocation. 

2. PROPOSED MODEL 

In this article, we proceed for a comparative 
analysis of different models obtained from the 
coupling of DR techniques and clustering 
algorithms. We adopt a classical clustering 
approach, starting with detailing data collection and 
preprocessing methods such as standardization 
procedures. Then, DR techniques are applied, and 
clustering algorithms are evaluated using specific 
performance metrics. Finally, the results are 
presented and discussed, emphasizing practical 
implications for healthcare policy and resource 
allocation. 
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Figure 1 : Clustering methodology 

3. MATERIALS AND METHODS 

3.1 Data collection 
MCH data is collected from the Health 

Information System for Reproductive Health, Child 
Health, and Curative Care (SREC), which includes 
important data on MCH such as prenatal and 
postnatal consultations, delivery assistance, 
breastfeeding practices, childhood illnesses, 
vaccination coverage, prevalence of fever, diarrhea, 
and cough, as well as the nutritional status of 
children under five years of age. 

We note that the dataset is available on "Health 
in Figures” [23], consisting of an annual report that 
summarizes statistical information and data related 
to the national healthcare system. It outlines the 
availability of both public and private healthcare 
services, as well as the activities and outputs of 
public healthcare facilities at national, regional, and 
provincial/prefectural levels. This document is 
considered an official data source provided by the 
Ministry of Health and Social Protection. It serves as 
an important reference for healthcare administrators, 
medical professionals, researchers, students, and 
other individuals interested in health-related data 
[23].  

In this study we collect 100 features about 
maternal and child health from 82 
Province/prefecture. These features are organized 
into the following domains (Table 1) (See the 
appendix for the entire features list): 

Table 1 : List of study variables domains 

Prenatal 
consultation 

Prenatal consultation services 

Medicalized CPN and diagnosed high-risk 
pregnancies 

Childbirth 
and 

postpartum 
care 

Deliveries performed in public delivery 
facilities 

Births registered at public delivery facilities 

Diagnosed complications and number of 
malformations in newborns recorded in public 
delivery facilities 

Postnatal consultations for the mother 

Postnatal 
consultation 

Postnatal consultations for the newborn 

Immunization 

Children born protected and the number of 
children vaccinated by antigen (Hep.B1, 
BCG, VPO.O, DTP-Hib-HB (Penta), 
Rotavirus… ), 

Distribution of women of childbearing age 
who received the tetanus and diphtheria 
vaccine 

Distribution of pregnant women who received 
the tetanus and diphtheria vaccine 

Nutrition 

Children under 5 years of age who attended 
ESSPs according to their nutritional status 

Preventive vitamin A and vitamin D 
supplementation benefits for children under 5 
years of age 

Curative vitamin A and zinc supplementation 
benefits for children under 5 years of age 

Preventive iron and vitamin D 
supplementation services for women in CPN 
and CPON 

Medical 
consultation 
for children 

under 5 years 
old 

Infants (0 to 2 months) sick depending on the 
illness 

Children (2 to 59 months) sick according to 
the type of illness 

 
3.2 Data Preprocessing 

Every machine learning journey starts with data 
preprocessing. Feature scaling is one of the most 
important steps in preprocessing.  
When working with datasets that include variables 
measured in different units or scales (Total prenatal 
consultations vs. Number of premature newborns), 
directly combining them in calculations can lead to 
skewed results. Variables with larger numerical 
ranges (like Total prenatal consultations) tend to 
overpower those with smaller ranges (like Number 
of premature newborns), even if both are equally 
important [24]. 
So, we first divide features by the population, and 
then we standardize the resulting per capita values. 
As the features are numbers (for example number of 
women examined postpartum), and as it is necessary 
to take into consideration the demographic weight of 
each province to allow for fair comparisons across 
provinces, we divided all the variables for each 
province by the size of its urban population.  
To normalize the data, we use Z-score 
standardization, a technique that centers features 
around a mean of 0 and scales them to a standard 
deviation of 1. 
Given a X feature, the formula of the new feature 

standardized X’ is defined as: 𝑋ᇱ =
௑ିఓ

ఙ
 ; 𝜇 and 𝜎 are 

the sample mean and standard deviation of the 
feature X 
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The final standardized values represent how many 
standard deviations each observation deviates from 
the mean, creating a unitless, comparable scale. 
 
3.3 Feature Engineering: Dimensionality 

reduction techniques 
We will apply five DR methods: Principal 

component analysis (PCA), Gaussian kernel 
Principal Component Analysis (Gaussian kPCA), 
Independent Component Analysis (ICA), Laplacian 
Eigenmaps (LE) and sometric Mapping (Isomap). 
 
3.3.1 Principal Component Analysis (PCA) 

PCA is a linear DR technique that compresses 
high‑dimensional data into a smaller set of 
uncorrelated variables, the principal components, 
while preserving most of the original variance. 
Mathematically, PCA solves an eigenvalue problem 
on the covariance (or correlation) matrix of 
mean‑centred, usually standardized, features, 
yielding an orthogonal basis ordered by descending 
variance. Equivalently, PCA can be performed via 
the Singular Value Decomposition (SVD) of the data 
matrix, which provides the same principal directions 
and variances in a numerically stable way [24]. 
3.3.2 Gaussian kernel Principal Component 

Analysis (Gaussian kPCA) 
kPCA is a non-linear extension of PCA that 

leverages kernel methods to capture complex, non-
linear patterns in data. The most used kernel is the 
Gaussian radial-basis function (RBF):  𝑘ஓ(x,  xᇱ) =

exp (−γ ∥ x − xᇱ ∥ଶ);  

γ =
ଵ

ଶఙమ > 0 & x and x′ are two data samples (row 

vectors) from the original input space 𝑅௣  
 
3.3.3 Independent Component Analysis (ICA) 

ICA is a statistical technique used to separate a 
multivariate signal into additive, statistically 
independent components. Unlike PCA (which finds 
orthogonal directions of maximum variance) or 
kPCA (which handles non-linearity), ICA focuses on 
uncovering hidden factors or sources that are 
independent of each other. It is widely used in blind 
source separation (BSS) and signal processing. ICA 
models 𝑋 = 𝐴𝑆 where S: Matrix of independent 
source signals and A: Mixing matrix (unknown 
linear transformation). 
 
3.3.4 Laplacian Eigenmaps (LE) 

LE is a nonlinear dimensionality reduction 
technique and a spectral manifold-learning method 
that preserves local geometric structure by 
leveraging the graph Laplacian. It assumes data lies 
on a low-dimensional manifold embedded in high-
dimensional space. It assigns edge weights 𝑊௜௝ =

exp (−
∥௫೔ି௫ೕ∥మ

ଶఙమ ), computes the graph Laplacian 𝐿 =

𝐷 − 𝑊  (where D is the degree matrix with 𝐷௜௜ =
∑ 𝑊௜௝௝ , and solves the generalized eigenvalue 
problem 𝐿𝑣 = 𝜆𝐷𝑣. The low-dimensional 
embedding is derived from the eigenvectors 
corresponding to the smallest non-zero eigenvalues, 
minimizing ∑ 𝑊௜௝||𝑦௜௜,௝ −𝑦௝||ଶ under the constraint 
𝑌ୃ𝐷𝑌 = 𝐼 . Effective for visualizing manifolds, it 
prioritizes local connectivity but scales poorly and 
requires careful tuning of k and 𝜎 
 
3.3.5 Isometric Mapping (Isomap) 

Isomap is a nonlinear dimensionality reduction 
technique that preserves the geodesic 
distances (manifold-approximated shortest paths) 
between data points, unlike linear methods like PCA 
that use Euclidean distances. It 
extends Multidimensional Scaling (MDS) for 
manifolds by approximating the intrinsic geometry 
of the data. It constructs a k-nearest neighbour graph, 
computes pairwise geodesic distances 𝐷ீ(𝑖, 𝑗) via 
Dijkstra’s algorithm and applies MDS to the 
distance matrix 𝐷ீ . The embedding 𝑌𝜖𝑅௣ minimizes 
∑ (𝐷ீ(𝑖, 𝑗) − ||𝑦௜ − 𝑦௝||)ଶ

௜,௝ , achieved by eigen 
decomposition of the kernel matrix 𝐾 =

−
ଵ

ଶ
𝐻𝐷ீ

ଶ𝐻, where 𝐻 = 𝐼 −
ଵ

௡
11ୃ centers the data. 

The solution 𝑌 = Λଵ/ଶ𝑉ୃ (with Λ and V as top 
eigenvectors/values of K) preserves global manifold 
structure and is sensitive to noise or non-convex 
manifolds. 
 
3.4 Machine Learning Models 

In our study, we will apply three clustering 
algorithms to compare their performance and ability 
to reveal relevant structures in the data and 
subsequently retain the most consistent and 
interpretable partition. First, we will apply the 
famous K-means algorithms, then Gaussian Mixture 
Model (GMM), and Agglomerative clustering. 
 
3.4.1 K-means 

K-means is one of the most used methods for 
partitioning a dataset into k distinct, non-overlapping 
clusters. Its goal is to group observations so that 
points within the same cluster are as similar as 
possible (intra-cluster cohesion) and points in 
different clusters are as dissimilar as possible 
(inter-cluster separation). It aims to minimize the 
variance within each cluster by iteratively refining 
centroids (cluster centers) using a distance matrix 
like Euclidean distance. It consists of minimizing 
the sum of squared errors (SSE) within clusters: 
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𝑆𝑆𝐸 = ∑ ∑ ||𝑥 − 𝜇௜||
ଶ

௫ఢ஼೔

௞
௜ୀଵ  where 𝐶௜:  Points in 

cluster i and 𝜇௜: Centroid of cluster i. 
 
3.4.2 Gaussian Mixture Model (GMM) 

A GMM is a probabilistic unsupervised 
learning algorithm that assumes data points are 
generated from a mixture of k Gaussian (normal) 
distributions. Unlike k-means (which uses hard 
clustering), GMM provides soft clustering by 
assigning probabilities to each data point for 
belonging to each cluster. 
It is a powerful tool for modeling complex data 
distributions but requires careful tuning of k and 
regularization (e.g., diagonal covariance) to avoid 
overfitting. 
 
3.4.3 Agglomerative 

 AHC is a bottom-up approach that builds a 
hierarchy of clusters by iteratively merging the 
nearest pairs of data points or clusters until all points 
converge into a single cluster. Starting from each 
point as a separate cluster, it uses linkage criteria, 
such as simple linkage (minimum distance between 
pairs), full linkage (maximum distance), average 
linkage (average distance), or Ward's method 
(minimizing the variance of merged clusters), to 
calculate inter-cluster distances and guide the 
merging. The process generates a dendrogram to 
visualize the relationships between clusters and 
allows users to "cut" the tree at the desired height to 
extract clusters. AHC avoids predefining the number 
of clusters (a key advantage over the k-means 
algorithm) and captures hierarchical structures. Ideal 
for small and medium datasets, it is widely used in 
biology (gene clustering), social network analysis 
and taxonomy, where interpretable hierarchies are 
essential 
 
3.5 Performance indicators 

The evaluation of clustering results 
performances, we will apply three distinct internal 
validation metrics: the Silhouette Score, Calinski-
Harabasz Score, and Davies-Bouldin Index. 
 
3.5.1 Silhouette Score 

The SI is metric that evaluates clustering quality 
through  intra-class proximity (how closely data 
points are grouped within their clusters) and inter-
class distance (how distinct they are from other 
clusters):  

𝑠(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

𝑚𝑎𝑥{𝑎(𝑖), 𝑏(𝑖)}
 

where a(i) is the average intra-cluster distance 
and b(i) is the average distance to the nearest 
neighboring cluster, the score ranges from -1 to 1. 

Values near 1 indicate well-defined 
clusters, 0 suggests overlapping clusters, and 
negative values imply misassignment  
 
3.5.2 Calinski-Harabasz Score 

The CHI index is defined as the ratio of the 
weighted sum of between-cluster 
variance (separation) to within-cluster 
variance (compactness) :  

𝐶𝐻 =
𝑆𝑆஻ (𝑘 − 1)⁄

𝑆𝑆ௐ (𝑛 − 𝑘)⁄
 

where:  
𝑆𝑆஻ = ∑ 𝑛௜ . ‖𝜇௜ − 𝜇‖ଶ௞

௜ୀଵ  : is the dispersion of 
the between-cluster  

𝑆𝑆ௐ = ∑ ∑ ‖𝑥 − 𝜇௜‖
ଶ

௫ఢ ೔

௞
௜ୀଵ : is 

the dispersion of the within-cluster  
k: number of clusters, n: total data points, 𝜇௜: 

cluster centroids, 𝜇: global centroid, 𝑛௜: cluster size  
A higher score indicates better-defined clusters, 

as it reflects tightly grouped points within clusters 
and distinct separation between them. 
 
3.5.3 Davies-Bouldin Index 

DBI Index assesses the quality of the clustering 
by balancing intra-cluster compactness (average 
distance of points to their cluster centroid) and inter-
cluster separation (distance between centroids). It 
measures, for each cluster, the ratio of its 
within-cluster scatter to its separation from the most 
“similar” other cluster, and then averaging these 
worst-case ratios: 

𝐷𝐵𝐼 =
ଵ

௞
∑ max௜ஷ௝  (

ௌ೔ାௌೕ

ௗ൫௖೔,௖ೕ൯
)௞

௜ୀଵ , where: 

𝑆௜ =
ଵ

|஼೔|
∑ ‖𝑥 − 𝑐௜‖௫ఢ ೔

 : average intra-cluster 

distance for cluster 𝐶௜ (compactness). 
𝑑൫𝑐௜ , 𝑐௝൯ : Distance between centroids 𝑐௜ and 𝑐௝ 

(separation). 
The lower the value, the better the clustering: with 
tight and well-separated clusters, with 0 being the 
ideal minimum. 
 
4. RESULTS AND DISCUSSION 

4.1 Descriptive statistics 
The dataset contains a number of features about 

maternal and child healthcare monitoring registered 
at public health facilities (the private sector is not 
included) throat different sanitary provinces of 
Morocco in urban areas.  

Our interest in urban environments is explained 
by the concentration of hospitals and health centers 
in them, while rural areas generally only have access 
to health centers.  

Some key indicators from the dataset for the 
year 2022 are presented in Table 2 below. These 
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include 236,581 new prenatal care registrations and 
408,981 follow-up prenatal consultations, reflecting 
respectively the number of pregnant women who 
started prenatal care during the year and the high 
continuity of prenatal care and access to routine 
examinations. 142,883 postnatal care registrations 
were recorded, demonstrating strong continuity of 
follow-up care after childbirth, a crucial period for 
maternal and neonate health. 

166,577 live births were recorded, of which 
153,078 being conducted in maternity hospitals.  

Vaccination coverage is showing positive 
results demonstrating good alignment with national 
immunization schedules, with a total of 358,896 
children having received the BCG vaccine (against 
tuberculosis), 350,396 having received the third dose 
of the pentavalent vaccine (DTP3 + Polio3 + Hib3 + 
HB3) and 344,721 children having received the first 
dose of MMR vaccine. In this context, maintaining 
high coverage in all districts remains essential for 
disease prevention. 

Table 2 : Some key indicators from the dataset 

Indicators 2022 
Number of new antenatal care registrations 236581 
Number of returning antenatal care visits 408981 
Number of women examined postnatally 142883 
Total number of deliveries (in maternity hospitals) 153078 
Total number of live births 166577 
Total number of live births < 2500g 5649 
BCG 358896 
DTP3 + Polio3 + Hib3 + HB3 (3rd dose) 350396 
MMR (1st dose) 344721 
Tetanus-diphtheria vaccine (Td3) for pregnant 
women 17814 
Number of vaginal deliveries 138651 
Number of cesarean deliveries 28022 
Total number of stillbirths 2444 

 
Statistics on childbirth indicate that 138,651 

women gave birth vaginally, whereas 28,022 were 
performed caesarean sections. Finally, the data 
shows that 2,444 stillbirths were recorded which 
represents about 1.4% of all births. This underscores 
the need to keep working to improve care during 
childbirth and respond rapidly to any problems to 
reduce these cases. 

Figure 2 below, which visualizes the correlation 
matrix, demonstrates the existence of strong linear 
relationships between MCH variables, particularly 
between variables grouped within the same domain 
(Table 1), such as maternal care or vaccination. For 
example, prenatal consultations and delivery 
outcomes are strongly correlated, as doses of BCG 
and DTP-Hib-HB. 

 
Figure 2 : Correlation plot 

 
4.2 Clustering analysis 

In this study, we based our decision regarding 
the number of clusters to choose on an examination 
of the elbow graph shown in Figure 3 below. This 
method graphically represents the within-cluster 
sum of squares (WCSS) as a function of increasing 
values of k: number of clusters, thus assessing the 
contribution of each new cluster to the overall 
structure. According to the resulting curve, a marked 
inflection point is observed at k=3, after which the 
WCSS curve flattens out, thus representing the 
optimal solution in terms of the number of clusters 
that ensures a good balance between intra-cluster 
compactness and inter-cluster separation. This three-
cluster structure serves, for subsequent analyses, as 
a basis for typological exploration, allowing a 
coherent examination of the interaction between 
different DR techniques and clustering algorithms in 
order to reveal the underlying organization of the 
provincial dataset. 
 

 
Figure 3 : Optimal Number of Clusters: Elbow Method 

 
Figure 4 below presents the graphical 
representations of different models obtained from 
the interaction between DR techniques and 
clustering algorithms. In other words, it allows the 
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description of resulting models that differ according 
to the choice of data representation technique and 
clustering methodology. Through which illustrates 
the cluster geometry that reflecting the choice of 
embedding and how each algorithm handles overlap, 
curvature, and group separation. 
Each row corresponds to a clustering algorithm (K-
means, GMM, AHC) and each column corresponds 
to a DR technique: two linear (PCA, ICA) and three 
nonlinear (kernel PCA, LE and Isomap). The three 
clustering algorithms partitioned Moroccan health 
provinces into three groups based on standardized 
per-capita MCH features. The first column of the 
visualisation demonstrates that clustering without a 
prior DR technique produces the weakest structure 
and clusters appear less distinct. While applying DR 
technique yields significant gains and improves 
cluster quality for these MCH indicators. 

 

 
Figure 4 : Visualization plots 

 
4.3 Performance Evaluation 

The evaluation of clustering performance across 
the 18 combinations of DR techniques and 

algorithms based on the validation metrics shown in 
the table 2 below reveals distinct patterns in terms of 
effectiveness, shaped by the interaction between data 
structure, reduction methods, and clustering 
approaches.  

The combination of Laplacian Eigenmaps (LE) 
and K-means stands out as the strongest and most 
consistent model by achieving the highest SI (0.469) 
and CHI (99.60), alongside the lowest DBI (0.696). 
These metrics collectively indicate well-separated, 
cohesive clusters with minimal overlap. The success 
of LE lies in its ability to preserve non-linear 
relationships within the data, which K-means 
leverages effectively due to its adaptability to large 
dataset including HDLSS data type. Additionally, 
the relatively balanced cluster sizes ((27, 37, 16)) 
suggest that the reduced data retains meaningful 
structure, enabling robust partitioning. The LE 
shows, in second degree, good performances with 
Agglomerative Clustering and GMM with closest 
metrics (SI 0.454, CHI 93.09, DBI 0.733 and SI 
0.445, CHI 90.80, DBI 0.739 respectively). The 
second DR method that captures meaningful 
nonlinear structure while preserving a stable global 
geometry is kPCA. It offers a solid and stable 
performance across different algorithms, with 
balanced or quasi-balanced partitions: K-means + 
kPCA (Silhouette 0.424, CH 79.05, DB 0.808, (27, 
27, 26)), GMM + kPCA (Silhouette 0.425, CH 
76.93, DB 0.804, (27, 27, 26)), and Agglomerative 
Clustering + kPCA (Silhouette 0.420, CH 74.12, DB 
0.823, (22, 33, 25)).  

These results underscore the importance of 
selecting DR methods aligned with clustering 
objectives and show that non-linear DR approaches 
generally outperform linear ones, and that K-Means 
algorithm benefit more from these transformations. 
LE outperforms both linear methods (PCA, ICA) 
and other non-linear techniques (KPCA, Isomap), 
highlighting its superiority in capturing complex, 
non-linear data patterns. While PCA delivers 
moderate results, it often produces imbalanced 
clusters ((57, 13, 10) with Agglomerative 
Clustering), suggesting limitations in linear 
separability. Methods like KPCA and Isomap show 
partial success but fail to match LE’s performance. 
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Table 3 : Performance Indicators 
D

R
 

T
ec

hn
iq

ue
 

C
lu

st
er

in
g 

A
lg

or
it

hm
 

Si
lh

ou
et

te
 

C
al

in
sk

i-
H

ar
ab

as
z 

D
av

ie
s-

B
ou

ld
in

 

C
lu

st
er

 S
iz

es
 

NoDR 

K-means 0,098 11,77 2,325 (26, 36, 18) 
Gaussian 

Mixture Models 
0,098 11,77 2,325 (26, 36, 18) 

Agglomerative 
Clustering 

0,136 12,11 2,049 (56, 11, 13) 

PCA 

K-means 0,328 56,91 0,963 (31, 11, 38) 
Gaussian 

Mixture Models 
0,266 48,11 1,064 (26, 11, 43) 

Agglomerative 
Clustering 

0,411 57,83 0,793 (57, 13, 10) 

ICA 

K-means 0,360 46,08 0,928 (32, 37, 11) 
Gaussian 

Mixture Models 
0,301 33,59 1,052 (33, 39, 8) 

Agglomerative 
Clustering 

0,356 46,17 0,888 (33, 40, 7) 

kPCA 

K-means 0,424 79,05 0,808 (27, 27, 26) 
Gaussian 

Mixture Models 
0,425 76,93 0,804 (27, 27, 26) 

Agglomerative 
Clustering 

0,420 74,12 0,823 (22, 33, 25) 

LE 

K-means 0,469 99,60 0,696 (27, 37, 16) 
Gaussian 

Mixture Models 
0,445 90,80 0,739 (27, 37, 16) 

Agglomerative 
Clustering 

0,454 93,09 0,733 (38, 13, 29) 

Isomap 

K-means 0,399 69,69 0,870 (27, 42, 11) 
Gaussian 

Mixture Models 
0,305 52,18 1,176 (25, 41, 14) 

Agglomerative 
Clustering 

0,426 66,57 0,779 (52, 19, 9) 

 
The present findings are interpreted in light of 

both the methodological literature on clustering and 
the applied literature on territorial health 
inequalities. First, the results confirm that the quality 
of clustering depends strongly on data 
representation, as nonlinear dimensionality 
reduction methods, particularly Laplacian 
Eigenmaps and kernel PCA, produced more compact 
and better-separated clusters than linear approaches 
such as PCA and ICA. This suggests that disparities 
in MCH across Moroccan provinces/prefectures are 
structured by complex and potentially nonlinear 
relationships that cannot be fully captured through 
linear projections alone. Second, the identified 
clusters reveal that territorial inequalities are not 
limited to a simple gradient of service availability, 
but rather reflect distinct profiles combining 
differences in preventive care, delivery-related 
activity, postnatal follow-up, immunization, and 
child morbidity patterns. This interpretation is 
consistent with broader public health research 
showing that health-system performance is spatially 

heterogeneous and shaped by multiple interacting 
demographic, organizational, and service-utilization 
factors. 

 
4.4 Sanitary provinces typology exploration 

 Three distinct profiles of Moroccan health 
provinces were obtained from the optimal model 
generated by the combination of LE followed by K-
means. The interpretation of clustering analysis and 
the description of the three clusters is based on the 
different national programs related to MCH. These 
programs include: the Pregnancy and Childbirth 
Monitoring Program, the National Immunization 
Program, and the Health and Nutrition Program. 
Among the objectives of these programs, we 
mention: Achieving satisfactory prenatal and 
supervised delivery coverage; -Achieving and 
maintaining vaccination coverage of 95% or higher 
per antigen, per setting (urban and rural), and per 
level (national, regional, delegation, health district, 
and sector); -Reducing iron deficiency by one-third 
compared to 2000 levels; Eliminating vitamin A 
deficiency; -Reducing stunting in children under 5 
years of age by 40%, among other specific objectives 
[25,26,27]. 

The first cluster present moderate performance 
regarding urban MCH indicators such as prenatal 
consultations, childhood vaccination coverage, and 
nutritional outcomes. It comprises 27 provinces 
including Casablanca, Rabat, and Agadir-Ida-Ou-
Tanane. These provinces are characterized by a high 
rate of urbanization and the presence of private 
sector that offers same MCH services, which reduce 
the dependence to public facilities and explain this 
moderate performance. 

The second cluster groups provinces showing 
good performance in MCH indicators. It is the 
largest cluster with 37 provinces, and it includes 
provinces like Tanger-Asilah, Meknes and 
Mohammadia. This profile reflects better-resourced 
urban health systems, with good implementation of 
public programs, greater availability of services and 
more efficient delivery mechanisms. 

The third cluster with smallest size comprises 
16 provinces, that are characterized by lowest 
performance according urban MCH indicators. 
These results are explained by the fact that the 
dataset focuses exclusively on urban indicators. 
With lower levels of urbanization, these provinces 
often serve large rural populations that rely on urban 
healthcare infrastructure, particularly hospitals, for 
childbirth and paediatric care. This demand puts 
pressure on relatively limited urban healthcare 
infrastructure, exacerbating service constraints and 



 Journal of Theoretical and Applied Information Technology 
15th April 2026. Vol.104. No.7 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
226 

 

highlighting persistent territorial inequalities in 
access to care. 
 
5. CONCLUSION 

 This study conducted a comparative analysis of 
regional health data relating to MCH indicators to 
extract the main spatial partitions. It focuses on 
urban areas that concentrate both hospitals and 
health centers. By comparing eighteen combinations 
of DR techniques and clustering algorithms, we 
selected the optimal model achieving high values of 
internal validation indexes (SI=0.469, CHI=99.60, 
DBI=0.696). The resulting provincial health 
typology from the LE followed by K-means reveals 
three distinct clusters: 1. Moderate Performance (27 
provinces) characterized by a high rate of 
urbanization and significant private health sector 
presence resulting in moderate public health 
utilization services. 2. High Performing Provinces 
(37 regions) reflecting good outcomes of MCH 
indicators. 3. Low Performance (16 provinces) due 
to constraints related to the dependence of the rural 
population on urban infrastructure, particularly 
hospitals. 

The results reveal that there are inequalities in 
achieving the objectives of the various programs 
related to MCH between the different provinces of 
Morocco, including unequal access to public 
services in areas with high private sector activity and 
resource constraints in mixed urban and rural 
contexts, guiding policymakers towards targeted 
investments in infrastructure and equitable 
healthcare planning. 

This study addressed the lack of a data-driven 
territorial typology for examining maternal and child 
health disparities across Moroccan 
provinces/prefectures based on urban indicators. The 
results should be interpreted in light of certain 
limitations, including the restriction to urban data, 
the exclusion of the rural dimension, and the 
exploratory rather than causal nature of the analysis. 
Despite these limitations, the study is important from 
both a methodological and practical standpoint. 
Methodologically, it demonstrates the value of 
combining dimensionality reduction and clustering 
techniques to analyse complex public health data. 
From a public policy perspective, it proposes a 
territorial typology that could facilitate more 
targeted interventions and a more evidence-based 
allocation of health resources. 

As a perspective to this work, the approach 
developed allows its results to be integrated into 
prediction models in order to anticipate future needs 
for medical equipment, personnel and infrastructure 

in the different provinces, thus promoting more 
proactive and equitable health planning. 
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APPENDIX 
A: list of features 

Domain Subdomain Variables 

Prenatal 
consultation 

Prenatal consultation 
services 

Total prenatal consultations (NI) 

Total prenatal consultations (AI) 

First trimester prenatal consultation (NI) 

Medicalized CPN and 
diagnosed high-risk 
pregnancies 

Medicalized prenatal consultations 

High-risk pregnancies (Diagnosed) 

High-risk pregnancies (Supported) 

Childbirth and 
postpartum 
care. 

Deliveries performed in 
public delivery facilities 

Deliveries performed in birthing centers 

Deliveries performed in hospital maternity wards 

Method of delivery (Vaginal delivery) 

Mode of delivery (Caesarean section) 

Direct obstetric complications (Diagnosed) 

Direct obstetric complications (Supported) 

Direct obstetric complications (Deceased) 

Total obstetric complications (direct and indirect) (Diagnosed) 

Total obstetric complications (direct and indirect) (Covered) 

Total obstetric complications (direct and indirect) (Deceased) 

Births registered at public 
delivery facilities 

Stillborn 

Live births 

Newborns weighing <2500g 

Newborns who died < 24 hours 

Number of premature newborns 

Diagnosed complications 
and number of 
malformations in 
newborns recorded in 
public delivery facilities 

Complications in newborns diagnosed 

Complications in the newborn Supported 

 Number of newborns with malformations 

Postnatal 
consultation 

Postnatal consultations for 
the mother 

Number of women examined in post-natal consultations (early cpon) 

Number of women examined in post-natal consultations (late cpon) 

Number of women examined in post-natal consultations (post-natal consultations 
outside the time limits) (recommended) 

Number of postpartum obstetric complications (Diagnosed) 

Number of obstetric complications in postpartum (Supported) 

Postnatal consultations for 
the newborn 

Number of newborns examined in postnatal consultations (early cpon) 

Number of newborns examined in postnatal consultations (late cpon) 

Number of newborns examined in postnatal consultations (postnatal consultations 
outside the recommended timeframes) 

Postnatal consultations for the mother-newborn couple under medical supervision 

Number of complications in postpartum newborns (Diagnosed) 

Number of complications in postpartum newborns (Supported) 

Immunization Children born protected 
and the number of 
children vaccinated by 
antigen (Hep.B1, BCG 
and VPO.O), 

Number of children born protected 

Children vaccinated (Hep.B1) Done at birth 

Vaccinated children (Hep.B1) Done with BCG 

Children vaccinated with BCG 
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Children vaccinated with OPV.1 

Children vaccinated with 
antigen (OPV and DTP-
Hib-HB (Penta)) 

Children vaccinated with VPO 1st dose 

Children vaccinated with VPO 2nd dose 

Children vaccinated with VPO 3rd dose 

Children vaccinated with DTP-Hib-HB (Penta) 1st dose 

Children vaccinated with DTP-Hib-HB (Penta) 2nd dose 

Children vaccinated with DTP-Hib-HB (Penta) 3rd dose 

Children vaccinated with 
antigen (IPV and 
Rotavirus), 

Children vaccinated with IPV 

Children vaccinated with Rotavirus 1st dose 

Children vaccinated with Rotavirus 2nd dose 

Children vaccinated with Rotavirus 3rd dose 

Children vaccinated with 
antigen (Pneumococcus 
and RR), 

Children vaccinated against Pneumococcus 1st dose 

Children vaccinated against Pneumococcus 2nd dose 

Children vaccinated against Pneumococcus 3rd dose 

Children vaccinated with RR 1st dose 

Children vaccinated with RR 2nd dose 

Children vaccinated by 
antigen (OPV.O booster 
and DTP booster) 

Children vaccinated with VPO booster.0 

Children vaccinated with DTP booster 

Distribution of women of 
childbearing age who 
received the tetanus and 
diphtheria vaccine 

Women of childbearing age who received the tetanus and diphtheria Td1 vaccine 

Women of childbearing age who received the tetanus and diphtheria Td2 vaccine 

Women of childbearing age who received the tetanus and diphtheria Td3 vaccine 

Women of childbearing age who received the tetanus and diphtheria Td4 vaccine 

Women of childbearing age who received the tetanus and diphtheria Td5 vaccine 

Distribution of pregnant 
women who received the 
tetanus and diphtheria 
vaccine 

Pregnant women who received the tetanus and diphtheria Td1 vaccine 

Pregnant women who received the tetanus and diphtheria Td2 vaccine 

Pregnant women who received the tetanus and diphtheria vaccine Td3 

Pregnant women who received the tetanus and diphtheria vaccine Td4 

Pregnant women who received the tetanus and diphtheria vaccine Td5 

Nutrition Children under 5 years of 
age who attended ESSPs 
according to their 
nutritional status 

Children under 5 years of age who attended ESSP according to their nutritional 
status: Underweight 
Children under 5 years of age who attended ESSPs according to their nutritional 
status: Growth retardation 
Children under 5 years of age who attended ESSPs according to their nutritional 
status: Malnutrition 
Children under 5 years of age who attended ESSP according to their nutritional 
status: Overweight 
Children under 5 years of age who attended ESSP according to their nutritional 
status: Obesity 

Preventive vitamin A and 
vitamin D 
supplementation benefits 
for children under 5 years 
of age 

 Vitamin D 1st Take for children under 5 years old 

 Vitamin D 2nd dose for children under 5 years old 

 Vitamin A 1st Take for children under 5 years old 

 Vitamin A 2nd dose for children under 5 years old 

 Vitamin A 3rd Take for children under 5 years old 

Curative vitamin A and 
zinc supplementation 
benefits for children under 
5 years of age 

 Curative vitamin A supplement 100,000 1st dose for children under 5 years old 

 Curative vitamin A supplement 100,000 2nd dose for children under 5 years old 

 Curative vitamin A supplement 100,000 3rd intake for children under 5 years old 

 Curative vitamin supplement 200,000 1st dose for children under 5 years old 
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Curative vitamin supplement 200,000 2nd dose for children under 5 years old 

 Curative vitamin supplement 200,0003rd Take for children under 5 years old 

 Children who received Zinc for children under 5 years old 

Preventive iron and 
vitamin D 
supplementation services 
for women in CPN and 
CPON 

Preventive iron and vitamin D supplementation for women in CPN and CPON 
(Iron Supplementation) 

Preventive iron and vitamin D supplementation for women in CPN and CPON 
(Vitamin D Supplementation) 

Medical 
consultation 
for children 
under 5 years 
old 

 Infants (0 to 2 months) 
sick depending on the 
illness 

Number of infants examined 

Infants (0-2 months) sick: Bacterial infection 

Infants (0 to 2 months) sick: Jaundice 

Infants (0 to 2 months) sick: Diarrhea 

Children (2 to 59 months) 
sick according to the 
illness 

Children (2 to 59 months) who are ill: Serious problem (Very serious illness) 

Children (2 to 59 months) who are sick: Coughing problem 

Children (2 to 59 months) sick: Diarrhea problem 

Children (2 to 59 months) who are sick: Angina problem 

Children (2 to 59 months) sick: Ear problem 

Children (2 to 59 months) 
sick according to the 
illness 

Children (2-59 months) ill: Total number of children with clinically diagnosed 
meningitis 

Children (2 to 59 months) sick: Measles 

Children (2 to 59 months) who are sick: Anemia problem 

Children (2 to 59 months) who are sick and are cared for 

 


