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Abstract: Breastfeeding experience is closely associated with postpartum psychological difficulties, in-

cluding depression and anxiety, yet clinically relevant risk subgroups may remain insufficiently charac-

terized. This study develops Clinically Weighted Feature Fusion (CWFF), a feature-weighting frame-

work that integrates multiple breastfeeding and psychological domains by weighting features according 

to their Spearman correlations with EPDS and GAD-7 scores. The study analyzed 2,010 breastfeeding 

mothers in the United Kingdom, using a 70% training set (n = 1,407) and a held-out set (n = 603). 

CWFF weights and cluster centroids were estimated exclusively from the training data and fixed before 

application to the held-out data, thereby preventing observations from being used simultaneously for 

model formation and evaluation. The number of clusters was prespecified using the Silhouette Score, 

Davies-Bouldin Index, Calinski-Harabasz Index, and bootstrap Adjusted Rand Index stability across k 

= 2–8. The analysis identified k = 2, with a Silhouette Score of 0.213 and high clustering stability (ARI 

= 0.958). On the held-out data, CWFF achieved a Silhouette Score of 0.222, compared with 0.198 for 

equal weighting and 0.207 for PCA+K-Means, with a significant bootstrap difference from equal 

weighting (95% CI [+0.014, +0.033]). Independent validation using breastfeeding duration, which was 

used neither as a clustering feature nor to derive the CWFF weights, showed a significant difference 

between clusters (Kruskal-Wallis test, H = 24.44; p < 0.001), whereas maternal age did not differ sig-

nificantly between clusters (H = 1.52; p = 0.218). However, the difference in clinical separation based 

on η²_EPDS between CWFF and equal weighting was not statistically significant (95% CI [-0.005, 

+0.040]). Overall, the findings suggest that CWFF improves geometric separation of postpartum psy-

chological risk subgroups while providing limited evidence of an additional clinical advantage over 

equal weighting. 

Keywords: Breastfeeding; Clinically weighted feature fusion; Held-out validation; Postpartum anxiety; 

Postpartum depression; Psychological risk subgroups; Semi-supervised clustering; Spearman       

correlation. 

 

1. Introduction 

Depression is a disorder typically characterized by persistent sadness, anhedonia, anxi-
ety, and, in severe cases, a risk of self-harm [1]. Postpartum mothers are particularly suscep-
tible to depression because of the substantial hormonal changes associated with the postpar-
tum period [2]. However, awareness of maternal depression remains limited, making it an 
important public health concern because the condition often goes undiagnosed despite its 
potential consequences for both mothers and infants [3], [4]. Worldwide, approximately 
17.2% of women are estimated to experience postpartum depression, with contributing fac-
tors including social conditions, economic status, and access to healthcare [5], [6]. 
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Breastfeeding and lactation practices are also strongly associated with postpartum psy-
chological well-being. Previous research has reported a reciprocal relationship between ma-
ternal mental health and breastfeeding experiences [7], [8]. Shorter breastfeeding duration and 
negative breastfeeding experiences have been associated with postpartum depression [9]. 
Common breastfeeding difficulties, such as breast pain and insufficient milk supply, may also 
contribute to guilt and feelings of maternal failure [10], [11]. In the UK, for example, a sub-
stantial gap has been reported between the intention to breastfeed (81%) and exclusive breast-
feeding for six months (only 1%) [10]. These findings suggest that postpartum depression 
risk is shaped by interacting psychological, clinical, and breastfeeding-related factors, high-
lighting the need for analytical approaches capable of identifying complex patterns across 
these domains. 

In response to this need, machine learning-based approaches for identifying postpartum 
depression risk are increasingly being developed because of their potential to model complex 
relationships among maternal risk factors [1], [12]–[14]. Most existing studies adopt super-
vised learning approaches based on binary diagnostic labels and use clinical variables, elec-
tronic medical records, or biomarkers that may not always be available in primary healthcare 
settings [1]. Other studies primarily focus on predicting depression status rather than identi-
fying latent risk subgroups, even though mothers with similar EPDS scores may have differ-
ent underlying risk profiles or contributing factors [15]. Feature engineering has also been 
widely applied to improve data representation; however, clustering is often performed directly 
on the engineered features without explicitly evaluating whether each clinical domain contrib-
utes meaningfully to the resulting cluster structure. Consequently, engineered features may be 
implicitly treated as equally informative, despite differences in the potential contribution of 
individual clinical domains to subgroup formation [16]. This limitation motivates the hypoth-
esis that clinically informed feature representation and weighting may provide a more mean-
ingful basis for identifying postpartum psychological risk subgroups than equal treatment of 
heterogeneous features. 

This study builds on an earlier unsupervised approach developed by the authors' team 
using the same dataset [17]. In that study, subgroup identification was performed using K-
Means on a standardized feature space comprising 30 raw variables. Principal Component 
Analysis (PCA) was used to examine variance distribution and facilitate component interpre-
tation. The number of clusters was set to k = 4 based on clinical interpretability; however, no 
predefined selection criterion or formal decision rule was established before the analysis. To 
address this limitation, the present study develops a clinically informed feature representation 
framework based on a validation-before-weighting paradigm. Rather than directly applying 
engineered features to clustering, the proposed approach first constructs a feature represen-
tation across five clinically meaningful domains: breastfeeding-related stress, psychological 
burden, breastfeeding challenges, mental health history, and cross-domain interactions, 
grounded in clinical evidence [18], [19]. The resulting representation is then empirically eval-
uated through ablation analyses, including leave-one-domain-out and leave-one-interaction-
term-out procedures, bootstrap testing for robustness, and comparative evaluation across 
multiple clustering algorithms. This process enables the contribution of individual domains 
to be examined before feature weighting is applied. 

Building on this validated feature representation, the study introduces Clinically 
Weighted Feature Fusion (CWFF), a feature-weighting mechanism that uses training-data-
based associations with EPDS and GAD-7 scores to construct a representation more closely 
aligned with the psychological characteristics of postpartum mothers. Rather than assuming 
that all domains contribute equally, CWFF assigns weights based on the empirical strength of 
each feature's association with these clinical measures. The proposed framework is therefore 
guided by the second hypothesis that clinically informed feature weighting can improve the 
separation of postpartum psychological risk subgroups while maintaining an evaluation pro-
cess that prevents information leakage from held-out data. 

Specifically, the present study extends the previous work through four methodological 
enhancements. First, it introduces the CWFF framework, which explicitly assigns feature 
weights according to their clinical relevance to EPDS and GAD-7 outcomes. Second, the 
number of clusters (k) is determined using a predefined selection rule based on sensitivity and 
statistical stability criteria, replacing the post hoc selection of k = 4 used in the previous study. 
Third, a train–held-out evaluation scheme separates feature-weight estimation and cluster-
centroid construction from the subsequent evaluation of their effectiveness. Fourth, an 
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independent validation strategy uses variables that are entirely excluded from model develop-
ment. Together, these enhancements provide a more controlled framework for evaluating 
clinically informed subgroup identification while distinguishing the present methodology 
from the preceding study. 

The primary methodological contribution of this study therefore lies not in developing 
a new clustering algorithm, but in integrating clinically informed feature construction, do-
main-level validation, robustness assessment, and feature weighting within a unified work-
flow. The five-domain feature representation is first evaluated empirically, after which feature 
weights are estimated exclusively from the training data based on the strength of their asso-
ciations with EPDS and GAD-7 scores. The resulting weights are then fixed before being 
applied to the held-out data, preventing information from the evaluation set from influencing 
model development. This design allows the proposed framework to place greater emphasis 
on clinically relevant features while retaining a clear separation between model development 
and evaluation. On the held-out data, the approach demonstrates improved cluster separation 
compared with equal weighting (Section 4.4). Accordingly, the novelty of this study lies in the 
design and systematic evaluation of a clinically informed feature representation framework 
rather than in the introduction of a new clustering algorithm. The proposed framework may 
provide an initial basis for exploring postpartum psychological risk subgroups with greater 
clinical relevance. However, the findings should not yet be interpreted as sufficient evidence 
for clinical implementation or screening, as further validation using independent datasets, 
longitudinal designs, and more diverse populations remains necessary. 

2. Related Work 

2.1. Machine Learning for Postpartum Depression Prediction 

Most published machine learning models frame postpartum depression detection as a 
supervised binary classification problem. Lin et al. [3] developed a simple indicator model for 
practical clinical use, while Fazraningtyas et al. [4] applied ensemble learning to improve pre-
diction accuracy on imbalanced maternal health data. Multimodal and generative approaches 
have also been explored. García-Méndez and De Arriba-Pérez [1] applied generative AI for 
real-time detection and explanation, whereas Zhang et al. [20] combined text, audio, and video 
signals for broader depression assessment. Gulmohamed et al. [18] proposed a privacy-pre-
serving pipeline for early prediction using multidimensional maternal health data, while Gar-
bazza et al. [14] modeled perinatal depression risk from psychosocial and sleep-related factors. 
Across this literature, the systematic review by Fazraningtyas et al. [21] notes that many mod-
els still rely on numerous clinical or biomarker-based variables, which may limit their trans-
ferability to healthcare facilities without electronic medical records. 

A recurring limitation of this supervised paradigm is that binary depressed/not-de-
pressed labels may mask clinically meaningful heterogeneity within the population. Orchard 
et al. [12] addressed this issue in the broader mental health context by applying unsupervised 
clustering to service-use patterns in Ontario, Canada. Their findings showed that latent sub-
groups with distinct service-utilization profiles can persist even within a single diagnostic cat-
egory. This suggests that subgroup-oriented analysis may provide complementary infor-
mation to binary prediction by capturing differences in psychological and behavioral profiles 
that are not represented by a single diagnostic label. 

2.2. Feature Engineering and Clustering on Health Survey Data 

Clustering algorithms such as K-Means are sensitive to how the input feature space is 
constructed, and studies beyond maternal health illustrate the importance of domain-
grounded feature representation. Nedyalkova and Madurga [16] combined K-Means with 
combinatorial feature selection for Type 2 diabetes phenotyping, while Galankin et al. [22] 
cautioned against the uncritical use of PCA when clustering behavioral and psychiatric symp-
tom data. Their work suggests that dimensionality reduction may obscure clinically meaning-
ful symptom patterns when applied without sufficient domain grounding. Beyond feature 
representation, standardization is also important for distance-based clustering. Usman and 
Mohamad [23] showed that differences in variable scales can distort Euclidean distance cal-
culations, meaning that inadequate feature scaling may degrade clustering quality, particularly 
for K-Means. 
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In the maternal health context, Mathkor [24] examined the relationships among maternal 
work stress, breastfeeding experience, mental health, and infant attachment using a combina-
tion of machine learning and statistical modeling. The study emphasized the importance of 
considering these factors as an interacting system rather than as independent predictors. 
Meanwhile, Rowles et al. [19] provided a clinical foundation for considering breastfeeding 
difficulties as multidimensional factors affecting maternal mental health through physical, so-
cial, and psychological mechanisms, using the same cohort as the present study. 

Despite these advances, an important methodological gap remains. Existing studies gen-
erally focus either on predicting postpartum depression outcomes or on applying clustering 
to a predefined feature space, with limited attention to whether heterogeneous clinical do-
mains contribute differently to the resulting subgroup structure. In particular, there is limited 
evidence of a systematic framework that combines domain-based feature construction, em-
pirical assessment of domain contributions, and clinically informed feature weighting while 
maintaining strict separation between model development and evaluation. This gap motivates 
the development of Clinically Weighted Feature Fusion (CWFF), which integrates multiple 
clinical domains into a weighted feature representation and evaluates their contributions 
through ablation analysis, bootstrap assessment, and statistical testing. 

3. Proposed Method 

This section presents the methodology used to develop and evaluate the Clinically 
Weighted Feature Fusion (CWFF) framework. The overall design emphasizes clinically in-
formed feature representation while maintaining a clear separation between model develop-
ment and evaluation. The methodology comprises dataset preparation, clinical domain-based 
feature engineering, train/held-out splitting, cluster-number selection, CWFF weighting, and 
subsequent validation and robustness analyses. 

3.1. Dataset 

This study uses the open-access dataset provided by Braithwaite et al. [25], comprising 
2,010 postpartum mothers in the United Kingdom who were breastfeeding their first child. 
The dataset was collected under ethical approval from Manchester Metropolitan University 
(REF 58254). It contains 140 variables covering lactation-related pressure, psychosocial im-
pact, breastfeeding challenges, mental health history, and EPDS/GAD-7 measures. 

Because the objective of this study is to identify clinically meaningful subgroups rather 
than to use all available survey variables indiscriminately, only variables relevant to the prede-
fined clustering representations were selected. The selection criteria and rationale for the two 
feature representations used in this study are described in Section 3.4. The EPDS and GAD-
7 measures were retained for clinical association analysis and CWFF weight estimation, where 
applicable, but were excluded from the clustering feature space to avoid directly defining the 
clusters through the outcomes used for evaluation. 

3.2. Research Workflow 

The research workflow consists of seven stages, as illustrated in Figure 1. First, the da-
taset is loaded and preprocessed. Second, two complementary feature representations are 
constructed in parallel: a raw-variable representation with mental health history variables (Ap-
proach A) and a clinically informed, domain-based engineered representation (Approach B). 
Third, the data are divided into training (70%) and held-out (30%) sets using stratification 
based on EPDS ≥ 10 risk status. Fourth, feature standardization is fitted exclusively on the 
training data and subsequently applied to the held-out data without refitting. Fifth, the num-
ber of clusters is determined using a prespecified selection rule based only on the training 
data. Sixth, K-Means and CWFF are developed using the training data, with the CWFF 
weights and cluster centroids fixed before application to the held-out data. Finally, the result-
ing cluster structures are evaluated using clustering-quality measures, clinical association anal-
yses, independent validation variables, bootstrap testing, ablation analysis, and comparisons 
with alternative clustering approaches. 

This workflow is designed to maintain a clear separation between model development 
and evaluation. In particular, EPDS_total and GAD-7_total are excluded from the clustering 
feature space and are not used as direct clustering inputs. This prevents the resulting clusters 
from being defined directly by the clinical measures subsequently used to characterize them. 
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The use of a held-out dataset also allows the clustering representation and CWFF weighting 
scheme to be evaluated on observations that were not involved in their construction. 

 

Figure 1. Research Workflow. 

3.3. Clinical Domain-Based Feature Engineering 

The main methodological contribution of this study is the transformation of raw varia-
bles into 22 features organized into five clinically meaningful domains: Pressure, Psychologi-
cal Burden, Breastfeeding Challenges, Mental Health History, and cross-domain Interaction 
Features. This domain-based representation is intended to summarize related clinical factors 
while maintaining their interpretability for postpartum psychological risk analysis. Five inter-
action features are additionally constructed through multiplication to capture potential cross-
domain relationships, particularly the interaction between psychological burden and pressure. 
All features are constructed through addition and multiplication of Likert-scale and binary 
variables and are subsequently used as the clustering input without combining them with the 
raw variables. A summary of the feature engineering framework is presented in Table 1. 
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Table 1. Clinical domain-based feature engineering framework (Approach B) 

Clinical   
Domain 

Number of 
Features 

Formula / Basis Clinical Rationale 

Pressure Score 5 
Sum of prenatal/postnatal pressure 
items; pressure change; healthcare-
provider and social-source subtotals 

Represents pressure accumulated 
across different sources rather than 

treating individual sources inde-
pendently 

Psychological 
Burden 

5 
Sum of internal burden, social im-

pact, functional impact, and anxiety 
sub-indices 

Represents psychological burden 
across multiple related dimensions 

Breastfeeding 
Challenges 

3 
Sum of nine binary challenge items; 
physical and milk-supply subtotals 

Represents breastfeeding-related 
difficulties while distinguishing 

physical burden from milk-supply 
disruption 

Mental Health 
History 

4 
Presence flag; severity score = Σ 

wᵢ·MHᵢ, where wᵢ ∈ {1, 2} 

Represents the presence and sever-
ity of reported mental health history 

Interaction 
Features 

5 
Five pairwise products across Do-
mains 1–4, including psychological 

burden × pressure 

Represents potential cross-domain 
interactions that may not be cap-
tured by individual domains alone 

 

Each domain is formed through simple arithmetic operations to produce composite fea-
tures that provide a more structured representation of the underlying survey variables. The 
Healthcare and Social Pressure domain measures prenatal and postnatal pressure by summing 
the respective items. The change between these two conditions is then calculated, together 
with separate pressure measures based on healthcare-provider and social sources. 

𝐹𝐸𝑝𝑟𝑒𝑛𝑎𝑡𝑎𝑙 = ∑ 𝑝𝑟𝑒𝑖

8

𝑖=1

 (1) 

𝐹𝐸𝑝𝑜𝑠𝑡𝑛𝑎𝑡𝑎𝑙 = ∑ 𝑝𝑜𝑠𝑡𝑖

9

𝑖=1

 (2) 

𝐹𝐸𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒_𝑑𝑒𝑙𝑡𝑎 = 𝐹𝐸𝑝𝑜𝑠𝑡𝑛𝑎𝑡𝑎𝑙 − 𝐹𝐸𝑝𝑟𝑒𝑛𝑎𝑡𝑎𝑙  (3) 

The Psychological Burden domain combines internal burden, social impact, functional 
impact, and anxiety into a single composite score to represent related dimensions of postpar-
tum psychological experience. 

𝐹𝐸𝑝𝑠𝑦𝑐ℎ𝑜 = 𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙_𝑏𝑢𝑟𝑑𝑒𝑛 + 𝑠𝑜𝑐𝑖𝑎𝑙_𝑖𝑚𝑝𝑎𝑐𝑡 + 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑙_𝑖𝑚𝑝𝑎𝑐𝑡

+ 𝑎𝑛𝑥𝑖𝑒𝑡𝑦_𝑖𝑚𝑝𝑎𝑐𝑡 
(4) 

The Breastfeeding Challenges domain is calculated from the sum of nine binary breast-
feeding difficulty indicators, with a higher score indicating more challenges experienced. The 
Mental Health History domain combines mental health history with a weight of 1 for sus-
pected conditions and a weight of 2 for diagnosed conditions. 

𝐹𝐸𝑀𝐻 = ∑ 𝑤𝑗

𝑗

⋅ 𝑀𝐻𝑗 ,  𝑤𝑗 ∈ {1,2} (5) 

To capture cross-domain relationships that may not be represented by individual do-
mains alone, Interaction Features are formed through cross-domain multiplication. The pri-
mary interaction represents the relationship between psychological burden and postnatal 
pressure: 

𝐹𝐸𝑝𝑠𝑦𝑐ℎ𝑜×𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒 = 𝐹𝐸𝑝𝑠𝑦𝑐ℎ𝑜 × 𝐹𝐸𝑝𝑜𝑠𝑡𝑛𝑎𝑡𝑎𝑙  (6) 

Beyond this interaction, several other cross-domain combinations are constructed to 
represent potential relationships among the clinical factors contributing to postpartum psy-
chological risk. 



Journal of Computing Theories and Applications 2026 (November), vol. 4, no. 2, Prasetyaningrum, et al. 565 
 

 

For the Psychological Burden domain, which is constructed as a reflective construct, 
internal consistency was assessed using Cronbach's alpha on the training data. The results 

indicated that Internal Burden (𝛼 = 0.904) and Anxiety Impact (𝛼 = 0.828) showed high 

internal consistency, while Functional Impact (𝛼 = 0.615) and Social Impact (𝛼 = 0.714) 
showed adequate consistency. All corrected item-total correlations were above 0.3, indicating 
that each item was consistent with its respective block. Meanwhile, Pressure, Breastfeeding 
Challenges, and Mental Health History were treated as formative indices; therefore, 
Cronbach's alpha was not applied to these domains. Their contribution to the cluster structure 
was instead evaluated through the ablation analysis described in Section 3.8. 

3.4. Standardization, Raw+MH Baseline, and Train/Held-Out Scheme 

To assess whether the clinically informed feature representation provides additional 
value beyond the use of raw variables, two complementary representations are considered. 
Approach A serves as the raw-variable baseline, whereas Approach B uses the 22 engineered 
features described in Section 3.3. The baseline was designed to provide a fair comparison by 
ensuring that mental health history information is available in both approaches. In the previ-
ous study, Approach A did not include these variables, whereas the proposed representation 
incorporated them; therefore, differences between the approaches could not be attributed 
solely to the feature construction strategy [17]. 

Approach A (raw+MH) consists of 45 raw variables selected from the 140 variables 
available in the dataset: 17 pressure variables, 11 psychological impact variables, 9 breastfeed-
ing challenge variables, and 8 mental health history variables. The free-text variable MH_de-
scribe was excluded. Missing values in the mental health history variables were assigned a 
value of 0, indicating that the corresponding option was not selected. EPDS/GAD-7 items, 
demographic variables, and administrative variables were excluded from both approaches so 
that the clustering representation remained focused on the five clinical domains. 

The 2,010 observations were divided into training and held-out sets using a 70:30 split, 
resulting in 1,407 training observations and 603 held-out observations. Stratification based on 
EPDS ≥ 10 risk status produced nearly identical proportions between the two sets (48.3% in 
the training set and 48.4% in the held-out set). Standardization was performed using a Stand-
ardScaler fitted exclusively on the training data and subsequently applied to the held-out data 
without refitting. The determination of the number of clusters and the CWFF feature weights 
likewise used only the training data. The held-out data were reserved for the final evaluation 
of the resulting cluster representation. 

This design separates model development from evaluation and ensures that information 
from the held-out observations does not influence feature scaling, cluster-number selection, 
feature weighting, or cluster-centroid construction. Accordingly, the performance reported 
on the held-out data reflects the application of a representation and clustering model devel-
oped without using those observations. 

3.5. Cluster Feasibility Test and k Selection 

Before determining the number of clusters 𝑘, the Hopkins Statistic was calculated on 
the training data to assess whether the data exhibited a natural tendency to form clusters. A 
value of 0.5 indicates a pattern close to random, whereas a value near 1 indicates a clearer 
tendency toward cluster structure. 

Unlike the previous study, which determined 𝑘 based on clinical considerations after 

observing the clustering results, the present study establishes the 𝑘-selection rule before ex-
amining the clinical characteristics of the resulting clusters. This approach is intended to re-
duce the potential for post hoc selection of the number of clusters based on their subsequent 
clinical interpretation. 

The selection process consists of three stages: (1) testing 𝑘 = 2 through 𝑘 = 8 using 
the Silhouette Score, Davies-Bouldin Index, and Calinski-Harabasz Index; (2) selecting can-
didate values whose Silhouette Score falls within 5% of the best observed value; and (3) se-
lecting the candidate with the highest stability based on the mean Adjusted Rand Index (ARI) 
across 100 bootstrap samples of the training data. This procedure allows the number of clus-
ters to be determined using predefined clustering-quality and stability criteria before the clin-
ical characteristics of the clusters are examined. 
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3.6. Clinically Weighted Feature Fusion (CWFF) 

The CWFF framework is designed to address the possibility that the engineered features 
do not contribute equally to the identification of postpartum psychological risk subgroups. 
Rather than assigning the same weight to all features, CWFF uses their empirical associations 
with EPDS and GAD-7 scores to reflect differences in clinical relevance. The feature weights 
are estimated exclusively from the training data and fixed before being applied to the held-

out data. For each feature 𝑓, the initial weight is calculated as the average absolute Spearman 
correlation with the total EPDS and GAD-7 scores in the training data: 

𝑤𝑓 =  
|𝜌(𝑓, 𝐸𝑃𝐷𝑆)| + |𝜌(𝑓, 𝐺𝐴𝐷 − 7)|

2
 (7) 

The resulting weight is then normalized by the mean weight across all features: 

𝑤′𝑓 =  
𝑤𝑓

𝑤̅
 (8) 

where 𝑤̅ denotes the mean weight across all features. This normalization preserves the rela-
tive differences among features while maintaining the overall scale of the weighted represen-
tation. 

The training data are first standardized into z-scores using a scaler fitted exclusively on 
the training data and are subsequently multiplied by the corresponding feature weights. Stand-
ardization is performed before weighting so that differences in the original feature scales do 
not obscure the effect of the CWFF weights. If weighting were applied before standardiza-
tion, the subsequent scaling process could reduce or eliminate the intended differences in 
feature contribution. 

The K-Means centroids for CWFF are trained using only the weighted training data. For 
the held-out data, the same standardization parameters and fixed CWFF weights are applied, 
and observations are assigned to the previously established cluster centroids without retrain-
ing the model. This procedure ensures that the information used to determine feature weights 
and cluster centroids is derived only from the training data. 

Because CWFF uses clinical information from EPDS and GAD-7 to determine feature 
weights, the approach is treated as semi-supervised weighting. Approach B, which uses the 
same engineered features without clinically informed weighting, serves as the equal-weight 
unsupervised baseline. This distinction allows the evaluation to examine whether incorporat-
ing clinically informed feature contributions provides additional value beyond the underlying 
domain-based feature representation itself. 

3.7. Statistical Validation 

Statistical analyses were performed to characterize differences between the identified 
clusters and assess their associations with clinically relevant variables. Data normality was 
assessed using the Shapiro–Wilk test, and homogeneity of variance was evaluated using 
Levene's test. Because most variables were not normally distributed, differences between clus-
ters were assessed using the Kruskal–Wallis test, followed by the Dunn–Bonferroni test when 

significant. Effect size was measured using eta-squared(𝜂2)  

𝜂2 =
𝐻

𝑁 − 1
 (9) 

where 𝐻 is the Kruskal–Wallis test statistic and 𝑁 is the total number of observations. 
EPDS and GAD-7 were used to assess clinical association but were not considered in-

dependent validation variables because they were used to estimate the CWFF weights. Inde-
pendent validation was instead performed using breastfeeding duration and maternal age, nei-
ther of which was used as a clustering feature or to derive the CWFF weights. Differences in 
Silhouette Score and η² between CWFF and equal weighting were evaluated using 1,000 boot-
strap iterations on the held-out data, with 95% confidence intervals estimated using the per-
centile method: 

∆𝑀 = 𝑀𝐶𝑊𝐹𝐹 − 𝑀Equal−weight (10) 

This analysis provides an estimate of the uncertainty surrounding the observed differences 
rather than relying solely on point estimates from the held-out sample. 
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3.8. Ablation Design 

Ablation analysis was performed to examine the contribution of individual clinical do-
mains and interaction features to the resulting cluster structure. A leave-one-domain-out pro-
cedure was applied by removing each of the five domains in turn. The CWFF weights and K-
Means centroids were retrained using the training data and subsequently evaluated on the 
same held-out data as the full model. 

The same procedure was applied to each interaction feature using a leave-one-interac-
tion-term-out design. Changes in Silhouette Score relative to the full 22-feature CWFF model 
were assessed using 500 bootstrap iterations on the held-out data. The trained model was kept 
fixed during resampling, with only the held-out observations resampled. 

3.9. Comparison Algorithms and Cross-Algorithm Significance 

To examine whether the observed clustering behavior depends on the clustering algo-
rithm, the feature representations were additionally evaluated using Gaussian Mixture Model 
(GMM), Agglomerative Clustering, and HDBSCAN. For HDBSCAN, min_cluster_size was 
evaluated at {15, 25, 40, 60, 80, 100, 150}, while min_samples was tested at [5, 10, default]. 

Two additional comparisons were conducted. PCA+K-Means was applied to Approach 
A using 22 principal components, matching the dimensionality of the CWFF representation 
and explaining 95.93% of the total variance. K-Prototypes was also evaluated because several 
engineered features, including FE_prior_mh_any and FE_physical_challenge, are binary or 
ordinal rather than fully continuous. For these comparisons, model fitting and transformation 
followed the same train/held-out principle used in the primary analysis. 

4. Results and Discussion 

4.1. Cluster Feasibility and k Selection 

The Hopkins statistic calculated on the training data was 0.791, indicating a clear ten-
dency toward cluster structure rather than random dispersion. This result supports the suita-
bility of clustering analysis and provides an initial basis for proceeding with K-Means. The 

sensitivity analysis for 𝑘 = 2–8 on the training data is presented in Table 2. 

Table 2. Sensitivity of 𝑘 = 2–8 on the Training Data (𝑛 = 1,407) 

𝒌 Silhouette Davies–Bouldin Calinski–Harabasz 

2 0.213 1.708 446.6 

3 0.201 1.848 337.5 

4 0.153 1.790 296.5 

5 0.142 1.780 258.9 

6 0.142 1.761 235.6 

7 0.146 1.752 219.5 

8 0.143 1.822 204.0 

 

As shown in Table 2, 𝑘 = 2 provides the strongest overall clustering structure across 
the three evaluation metrics and is the only candidate that falls within 5% of the best Silhou-
ette Score. The corresponding trends in the Silhouette Score and Davies–Bouldin Index are 

illustrated in Figure 2, where the dashed vertical line indicates the selected 𝑘 = 2. The boot-
strap stability analysis further supported this choice, yielding a mean Adjusted Rand Index 

(ARI) of 0.958 (SD = 0.032) for 𝑘 = 2 indicating high consistency under resampling. Ac-

cordingly, based on the pre-specified selection rule, 𝑘 = 2 was retained as the final number 
of clusters. 

The same 𝑘 = 2 solution was also obtained in two complete analysis runs using the 
same random state, providing additional evidence that the selected cluster structure was re-
producible under the specified analysis settings. Taken together, the feasibility, sensitivity, and 
stability analyses provide a stable and prespecified basis for the subsequent held-out evalua-
tion. 
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(a) (b) 

Figure 2. Sensitivity of cluster number 𝑘 = 2–8 on the training data: (a) Silhouette Score and      
(b) Davies–Bouldin Index. The dashed vertical line indicates the selected k = 2. 

4.2. Clinically Weighted Feature Fusion Weights 

The CWFF weights obtained from the training data are presented in Table 3. The 
weighting pattern shows that features from the psychological burden and mental health his-
tory domains generally receive greater weights, whereas features representing physical breast-
feeding challenges receive comparatively lower weights. 

Table 3. CWFF weights assigned to the 22 engineered features based on their associations with 
EPDS and GAD-7 scores in the training data. 

Rank Feature 
CWFF 
Weight 

Rank Feature 
CWFF 
Weight 

1 FE_mh_severity 1.839 12 FE_total_postnatal_pressure 0.9585 

2 FE_prior_mh_any 1.508 13 FE_hcp_x_guilt 0.9455 

3 FE_mh_x_challenges 1.421 14 FE_total_prenatal_pressure 0.9170 

4 FE_total_psycho_burden 1.375 15 FE_anxiety_impact 0.8461 

5 FE_psycho_x_pressure 1.348 16 FE_social_pressure 0.8248 

6 FE_internal_burden 1.232 17 FE_hcp_pressure 0.7727 

7 FE_prior_anxiety 1.195 18 FE_pressure_x_challenges 0.7151 

8 FE_functional_impact 1.163 19 FE_pressure_delta 0.4446 

9 FE_social_impact 1.154 20 FE_total_challenges 0.4303 

10 FE_burden_per_challenge 1.0799 21 FE_physical_challenge 0.4023 

11 FE_prior_depression 1.0719 22 FE_supply_challenge 0.3383 

 

As shown in Table 3, the highest-weighted features include FE_mh_severity (1.839), 
FE_prior_mh_any (1.508), FE_mh_x_challenges (1.421), and FE_total_psycho_burden 
(1.375). In contrast, the lowest weights are assigned to FE_physical_challenge (0.4023) and 
FE_supply_challenge (0.3383). Overall, this pattern places greater emphasis on psychological 
and mental health history features than on physical breastfeeding challenges within the CWFF 
representation. 

This weighting pattern is also consistent with the principal component analysis results, 
in which guilt and threats to maternal identity account for more of the observed data variation 
than physical breastfeeding challenges. Thus, the CWFF representation appears to emphasize 
psychological and prior mental health characteristics that are more closely aligned with the 
psychological outcomes used to derive the weights, while retaining physical breastfeeding 
challenges as part of the broader feature representation. 

4.3. Cluster Profile (𝒌 = 2) 

At 𝑘 = 2, the 603-sample held-out dataset was divided into two clusters: Cluster 0 com-
prised 338 samples (56.1%), whereas Cluster 1 comprised 265 samples (43.9%). The outcome 
profiles of the two clusters are summarized in Table 4. 
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Table 4. Outcome Profile by Cluster on the Held-Out Data (𝑛 = 603) 

Variable Cluster 0 (mean ± SD) Cluster 1 (mean ± SD) 𝜼² p 

EPDS_total 11.18 ± 4.86 8.45 ± 4.22 0.078 <0.001 

GAD7_total 7.70 ± 5.17 5.08 ± 4.86 0.084 <0.001 

Breastfeeding duration (months) 6.77 ± 8.88 12.57 ± 12.72 0.048 <0.001 

Maternal age (years) 34.88 ± 7.76 34.89 ± 5.18 0.001 0.218 

 

As shown in Table 4, Cluster 0 exhibits higher EPDS and GAD-7 scores and a shorter 
breastfeeding duration than Cluster 1. The three indicators show a consistent pattern, with 
greater psychological symptom burden accompanied by a shorter breastfeeding duration in 

Cluster 0. In contrast, maternal age does not differ significantly between the clusters (𝑝 = 
0.218), suggesting that the observed cluster differentiation is not primarily associated with 
age. The corresponding profiles of EPDS, GAD-7, and breastfeeding duration are illustrated 
in Figure 3. 

 

Figure 3. EPDS, GAD-7, and breastfeeding duration profile by cluster (mean ± SD) on the held-out 
data (n = 603). 

Table 5. Top Ten Engineered Features Differentiating the Two Clusters Based on 𝜂², Held-Out 
Data 

Feature Cluster 0 (mean) Cluster 1 (mean) η² 

FE_psycho_x_pressure 1034.55 314.83 0.676 

FE_total_psycho_burden 73.07 30.17 0.644 

FE_internal_burden 24.74 8.58 0.546 

FE_hcp_x_guilt 83.23 21.87 0.489 

FE_anxiety_impact 16.16 7.23 0.449 

FE_functional_impact 18.74 9.07 0.383 

FE_burden_per_challenge 18.56 8.44 0.371 

FE_social_impact 13.43 5.29 0.289 

FE_total_postnatal_pressure 14.06 10.45 0.259 

FE_total_prenatal_pressure 12.09 9.18 0.240 

 

To further characterize the factors underlying the observed cluster differences, the engi-

neered features were examined using 𝜂². As shown in Table 5, several engineered features 
exhibit larger between-cluster effect sizes than the direct clinical outcomes in Table 4. In 
particular, FE_psycho_x_pressure, FE_total_psycho_burden, and FE_internal_burden show 

the largest 𝜂² values, indicating substantial differences between the two cluster profiles. The 
pattern also highlights the role of features that combine psychological burden, pressure, and 
internal experiences in distinguishing the clusters. These findings suggest that the engineered 
representation provides additional detail for characterizing cluster heterogeneity beyond the 
direct screening scores. However, the observed between-cluster differences should be inter-
preted as differences in feature profiles rather than evidence of greater clinical validity of 
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individual engineered features. Based on the observed characteristics, the clusters are there-
fore assigned neutral descriptive labels: Cluster 0 is referred to as “Higher Psychological Bur-
den,” reflecting its higher EPDS and GAD-7 scores and shorter breastfeeding duration, 
whereas Cluster 1 is referred to as “Lower Psychological Burden.” These labels are intended 
solely to facilitate interpretation and do not represent diagnostic or clinical categories. 

4.4. Held-Out Evaluation and Method Comparison 

The clustering performance of the different approaches on the held-out data is summa-
rized in Table 6. CWFF achieved a Silhouette Score of 0.222, compared with 0.198 for the 
equal-weight Approach B, corresponding to a mean difference of +0.024. Based on 1,000 
bootstrap iterations, the 95% confidence interval for this difference was [+0.014, +0.033], 
which excludes zero and indicates that the observed improvement was consistent across the 
bootstrap resamples. CWFF also achieved a higher Silhouette Score than PCA + K-Means 
(0.207). 

Table 6. Clustering Performance of the Compared Methods on the Held-Out Data (𝑛 = 603) 

Method Silhouette Davies–Bouldin Calinski–Harabasz 

Approach B (equal-weight) 0.198 — — 

PCA + K-Means (22 components) 0.207 1.834 165.3 

CWFF (Approach C) 0.222 1.604 201.5 

 

 The comparison in Table 6 indicates that CWFF provides improved geometric separa-
tion relative to both equal weighting and PCA-based dimensionality reduction under the held-
out evaluation. The improvement over equal weighting is particularly relevant because both 
approaches use the same engineered feature representation, with the principal difference be-
ing the clinically informed weighting applied by CWFF. Thus, the observed difference pro-
vides evidence that feature weighting contributes to the improvement in cluster separation, 
rather than the improvement being attributable solely to feature engineering. 

For an additional comparison with mixed-type clustering, CWFF-K-Means and K-Pro-
totypes produced an ARI of 0.514 on the training data. This moderate agreement indicates 
that the two methods identify partially overlapping cluster structures despite relying on dif-
ferent assumptions regarding feature types. At the same time, the ARI being below 1 indicates 
that a proportion of observations receive different cluster assignments across the two meth-
ods. This comparison therefore supports the presence of related, but not identical, cluster 
structures across the two clustering approaches. 

Overall, the held-out results suggest that the principal benefit of CWFF in this analysis 
is improved geometric separation of the identified subgroups. This result provides a basis for 
the subsequent analyses examining whether the improved separation is also reflected in clin-
ically relevant cluster differences and whether the observed pattern is maintained across al-
ternative representations and clustering algorithms. 

4.5. Clinical Validation: Association versus Independent Validation 

The clinical and independent validation results on the held-out data are summarized in 
Table 7. EPDS and GAD-7 were treated as clinical association measures because, although 
they were not used as clustering features, they were used to derive the CWFF weights, whereas 
breastfeeding duration and maternal age were used neither as clustering features nor to derive 
the CWFF weights and therefore provide independent validation measures. 

Table 7. Kruskal–Wallis Test Results for Clinical Association and Independent Validation on the 

Held-Out Data (𝑛 = 603) 

Category Variable 𝑯 𝜼² 𝒑 

Clinical association EPDS_total 47.74 0.078 <0.001 

Clinical association GAD7_total 51.53 0.084 <0.001 

Independent validation Breastfeeding duration 24.44 0.048 <0.001 

Independent validation Maternal age 1.52 0.001 0.218 
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As shown in Table 7, both EPDS and GAD-7 differ significantly between the two clus-
ters, consistent with the clinical associations incorporated into the CWFF weighting process. 
Breastfeeding duration, which was used neither as a clustering feature nor to derive the CWFF 
weights, also differs significantly between the clusters on the held-out data. Because this var-
iable was excluded from the clustering process, its association with the resulting clusters pro-
vides an independent, non-circular validation of the identified subgroup structure. In contrast, 

maternal age does not differ significantly between clusters (𝑝 = 0.218), indicating that the 
observed subgroup differentiation is not similarly reflected in this demographic characteristic. 

The comparison between CWFF and equal weighting provides an additional perspective 
on the extent to which clinically informed weighting improves cluster separation. Although 
CWFF produced a difference of +0.016 in η² for EPDS relative to Approach B, the corre-
sponding 95% CI of [-0.005, +0.040] includes zero. Thus, the held-out analysis does not pro-
vide sufficient evidence that CWFF achieves significantly greater EPDS separation than equal 
weighting. 

This result differs from the earlier analysis, in which a significant CWFF advantage was 

observed for both 𝜂𝐸𝑃𝐷𝑆
2  and 𝜂𝐺𝐴𝐷7

2 . Under the present held-out evaluation, which was de-
signed to reduce circularity between model development and evaluation, that advantage is no 
longer statistically supported. Overall, the findings distinguish two aspects of CWFF perfor-
mance: the method provides clearer geometric separation of the clusters, whereas the evi-
dence for an additional improvement in clinical indicator separation over equal weighting 
remains limited. This distinction is important when interpreting the contribution of clinically 
informed feature weighting and avoiding overinterpretation of the clustering results. 

4.6. Ablation Results: Domain and Interaction-Term Contributions 

Each ablation variant was constructed independently. For each variant, preprocessing, 
CWFF weighting, and K-Means clustering were retrained using only the training data and 
subsequently evaluated on the same held-out data as the main model (k = 2). The change in 
Silhouette Score was used to assess changes in geometric separation quality and, by itself, does 
not indicate the clinical superiority or inferiority of a particular feature configuration. 

4.6.1. Domain Ablation 

The domain-level ablation results are presented in Table 8. 

Table 8. Domain Ablation Results on the Held-Out Data (𝑘 = 2). ΔSilhouette was computed from 
unrounded Silhouette values; last-digit differences from the rounded values shown are due to round-

ing. 

Variant 
Domain        

Removed 
Silhouette ΔSilhouette 

Bootstrap 
95% CI 

Significant 

Full CWFF (22 features) — 0.2223 — — — 

Without Pressure Pressure 0.3035 +0.0812 [0.055, 0.106] Yes 

Without Psychological 
Burden 

Psychological    
Burden 

0.3417 +0.1194 [0.093, 0.144] Yes 

Without Breastfeeding 
Challenges 

Breastfeeding  
Challenges 

0.2268 +0.0046 [0.004, 0.006] Yes 

Without MH History 
Mental Health  

History 
0.2947 +0.0724 [0.060, 0.085] Yes 

Without Interaction   
Features 

Interactions 0.2723 +0.0500 [0.025, 0.075] Yes 

 

As shown in Table 8, removing each domain increases the Silhouette Score relative to 
the full CWFF configuration, with the largest increase observed after removing the Psycho-
logical Burden domain (+0.1194; bootstrap 95% CI [0.093, 0.144]). Removing the Pressure, 
Mental Health History, and Interaction domains also increases geometric separation, although 
to different extents. 

This pattern reflects the distinction between the two objectives considered in this study. 
CWFF assigns weights according to the relationships between features and the clinical indi-
cators EPDS and GAD-7, whereas the Silhouette Score evaluates geometric separation within 



Journal of Computing Theories and Applications 2026 (November), vol. 4, no. 2, Prasetyaningrum, et al. 572 
 

 

the feature space. Consequently, a feature or domain receiving a relatively high CWFF weight 
because of its clinical association does not necessarily improve geometric separation. An in-
crease in Silhouette Score after removing a domain should therefore not be interpreted as 
evidence that the corresponding domain lacks clinical relevance. 

The full 22-feature configuration is retained as the main model because it preserves all 
domains specified in the conceptual framework and maintains the broader clinical coverage 
of the proposed representation. Accordingly, the ablation results are interpreted primarily as 
a sensitivity analysis, highlighting a trade-off between geometric separation and the coverage 
of clinically relevant information. Overall, the findings suggest that maximizing the Silhouette 
Score alone would favor a more reduced representation, whereas the full CWFF configuration 
preserves the multidimensional structure intended by the proposed framework. 

4.6.2. Interaction-Term Ablation 

The contribution of the individual interaction terms was further examined by removing 
each term separately. The results are presented in Table 9. 

Table 9. Interaction-Term Ablation Results on the Held-Out Data (𝑘 = 2). ΔSilhouette was com-
puted from unrounded Silhouette values; last-digit differences from the rounded values shown are 

due to rounding. 

Interaction Removed Silhouette ΔSilhouette Bootstrap 95% CI Significant 

FE_psycho_x_pressure 0.2780 +0.0558 [0.031, 0.079] Yes 

FE_hcp_x_guilt 0.2728 +0.0505 [0.025, 0.073] Yes 

FE_burden_per_challenge 0.2763 +0.0540 [0.029, 0.079] Yes 

FE_mh_x_challenges 0.2350 +0.0127 [0.007, 0.018] Yes 

FE_pressure_x_challenges 0.2240 +0.0017 [-0.0002, 0.0030] No 

 

As shown in Table 9, removing four of the five interaction terms produces a statistically 
significant increase in the Silhouette Score relative to the full CWFF configuration. The largest 
increase is observed after removing FE_psycho_x_pressure, with a reported ΔSilhouette of 
+0.0558 and a bootstrap 95% CI of [0.031, 0.079]. Similar increases are observed for FE_bur-
den_per_challenge and FE_hcp_x_guilt, whereas removing FE_mh_x_challenges produces 
a comparatively smaller change. 

In contrast, removing FE_pressure_x_challenges produces only a small change in geo-
metric separation, and its 95% CI [-0.0002, 0.0030] includes zero. Thus, its contribution to 
the observed Silhouette Score is not statistically distinguishable from zero under the present 
ablation analysis. This term may therefore warrant further examination in future model sim-
plification studies, although any decision to remove it should consider not only geometric 
separation but also clinical relevance and the stability of the resulting cluster profiles. 

Taken together, the domain- and interaction-level ablations indicate that several clinically 
motivated components reduce geometric separation when evaluated solely by the Silhouette 
Score. Rather than contradicting the CWFF rationale, this finding highlights the difference 
between optimizing cluster geometry and retaining clinically meaningful multidimensional in-
formation. The full representation is therefore maintained to preserve the conceptual cover-
age of the proposed framework, while the ablation results provide evidence regarding which 
components most strongly influence the geometric properties of the clustering solution. 

4.7. Cross-Algorithm Clustering Comparison 

To examine whether the observed improvement associated with CWFF is consistent 
across different clustering algorithms, both feature representations—Approach B (equal-
weight) and CWFF—were trained using the training data and evaluated exclusively on the 
held-out data within the k = 2 evaluation framework. For Agglomerative Clustering, which 
does not provide a built-in prediction mechanism for new observations, held-out cluster as-
signments were obtained using a nearest-centroid rule based on the centroids derived from 
the training data. The results for K-Means, GMM, and Agglomerative Clustering are pre-
sented in Table 10. 



Journal of Computing Theories and Applications 2026 (November), vol. 4, no. 2, Prasetyaningrum, et al. 573 
 

 

Table 10. Cross-Algorithm Comparison of Equal-Weight and CWFF Representations on the Held-

Out Data (𝑘 = 2). Differences and 95% CIs in this table were obtained from a separate 500-iteration 
paired bootstrap applied to all three algorithms; therefore, the K-Means interval differs slightly from 

the 1,000-iteration estimate reported in Section 4.4 and the Abstract ([+0.014, +0.033]). 

Algorithm 
Silhouette 

(Equal-weight) 
Silhouette 
(CWFF) 

Difference (Bootstrap 
95% CI) 

Significant 

K-Means 0.1980 0.2223 +0.024 [+0.015, +0.034] Yes 

GMM 0.1551 0.2586 +0.104 [+0.077, +0.131] Yes 

Agglomerative 0.1900 0.2142 +0.024 [+0.016, +0.031] Yes 

 

As shown in Table 10, CWFF produces higher Silhouette Scores than equal weighting 
across all three clustering algorithms. The largest difference is observed for GMM (+0.104; 
bootstrap 95% CI [+0.077, +0.131]), while both K-Means and Agglomerative Clustering 
show a difference of +0.024. The consistency of the direction of improvement across the 
three algorithms suggests that the observed gain is associated with the CWFF-weighted fea-
ture representation rather than being specific to a single clustering algorithm. The cross-algo-
rithm comparison is also illustrated in Figure 4, which summarizes the held-out Silhouette 
Scores obtained with the equal-weight and CWFF representations. 

 

Figure 4. Comparison of held-out Silhouette Scores between CWFF and equal-weight representa-
tions across K-Means, GMM, and Agglomerative Clustering. 

The analysis was further extended to HDBSCAN to examine a density-based clustering 
approach. Because HDBSCAN does not require a prespecified number of clusters, its default 
and training-selected configurations were evaluated separately. The results are presented in 
Table 11. 

Table 11. HDBSCAN Performance Under Default and Training-Selected Settings on the Held-Out 
Data 

Setting 
Number of Clusters 

(Held-Out) 
Training 

Noise (%) 
Noise Held-

Out (%) 
Silhouette 

Default          
(min_cluster_size = 70) 

0 100.0 100.0 Cannot be calculated 

Tuned on training data 
(min_cluster_size = 15) 

3 30.0 33.7 
0.238 (non-noise 

only) 

 

As shown in Table 11, the two HDBSCAN configurations produce markedly different 
results. Under the default setting (min_cluster_size = 70), all observations in both the training 
and held-out data are classified as noise. Consequently, no clusters are formed and the 
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Silhouette Score cannot be calculated. This outcome reflects the clustering behavior under 
the specified parameter setting rather than an error in the analysis procedure. 

When min_cluster_size = 15 is selected using the training data, HDBSCAN identifies 
three clusters on the held-out data, with 33.7% of observations classified as noise. The Sil-
houette Score is 0.238 when calculated using non-noise observations only. The resulting 
three-cluster structure differs from the two-cluster solution obtained with K-Means, but this 
difference is not unexpected because the two methods use different principles for identifying 
cluster structure. K-Means assigns observations according to their proximity to centroids, 
whereas HDBSCAN identifies groups based on local data density. 

Accordingly, the tuned HDBSCAN results provide a complementary view of the under-
lying data structure rather than a direct replication of the K-Means solution. The cross-algo-
rithm results as a whole suggest that the effect of CWFF on geometric separation is main-
tained across several clustering paradigms, while the number and configuration of identified 
clusters can vary according to the underlying clustering assumptions. 

5. Comparison 

Previous studies on postpartum depression have predominantly used supervised learning 
approaches focused on binary classification or prediction. In contrast, the present study 
adopts an unsupervised clustering framework with semi-supervised feature weighting to iden-
tify heterogeneous risk subgroups. Because these approaches address different analytical ob-
jectives, their performance measures are not directly comparable on a common numerical 
scale. Accordingly, Table 12 provides a qualitative comparison based on the analytical para-
digm, population and data characteristics, and research-domain coverage. 

On the held-out data, CWFF achieved a Silhouette Score of 0.222, compared with 0.198 
for equal weighting and 0.207 for PCA + K-Means. The difference between CWFF and equal 
weighting was statistically significant based on bootstrap evaluation. In addition, breastfeed-
ing duration, which was used neither as a clustering feature nor to derive the CWFF weights, 

remained significantly different between the clusters on the held-out data (𝑝<0.001). The 
combination of held-out evaluation and independent validation provides evidence that the 
identified cluster structure is not evaluated solely on the same information used during model 
development. 

Table 12. Qualitative Comparison of the Present Study with Related Studies 

Study /     
Approach 

Paradigm Population & Data Relative Difference from This Study 

Ours (CWFF) 
Unsupervised cluster-
ing with semi-super-

vised weighting 

2,010 breastfeeding 
mothers from the 
UK; standardized 
questionnaire data 

Held-out Silhouette Score of 0.222, 
with a significant improvement over 

equal weighting; independent validation 

using breastfeeding duration (𝑝 < 

0.001); 𝑘 = 2 determined using a pre-
specified selection rule 

Lin et al. [3] 
Fazraningtyas et 
al. [4], [21] ; Gul-
mohamed et al. 

[18]; Garbazza et 
al. [14] 

Supervised classifica-
tion/prediction 

Various cohorts; clin-
ical and demographic 

indicators 

Primarily provides binary risk prediction 
or a single risk score and does not ex-
plicitly characterize heterogeneous risk 

subgroups 

Orchard et al. 
[12] 

Unsupervised cluster-
ing of mental health 

profiles 

General population, 
Ontario, Canada 

Uses a comparable clustering perspec-
tive but is not specific to the breastfeed-
ing domain and does not employ clini-

cally guided feature weighting 

Mathkor [24] 
Integrated machine 
learning and statisti-

cal modeling 

Maternal work stress, 
breastfeeding, mental 
health, and infant at-

tachment 

Provides closely related domain cover-
age but does not incorporate per-do-
main ablation analysis or the CWFF 

held-out evaluation scheme 

 

The comparison in Table 12 places the present study within a complementary method-
ological perspective rather than directly competing with supervised postpartum depression 
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prediction studies. The primary distinction is the focus on subgroup characterization rather 
than binary risk prediction. The proposed framework further combines clinically informed 
feature weighting, prespecified cluster selection, held-out evaluation, and independent valida-
tion to examine whether the resulting subgroups remain interpretable beyond the information 
used to construct them. 

6. Conclusions 

Overall, this study supports the identification of two subgroups of breastfeeding moth-
ers characterized by relatively higher and lower psychological burden using an unsupervised 
clustering framework with semi-supervised weighting and held-out evaluation. The selection 

of 𝑘 = 2 was determined using a prespecified rule applied exclusively to the training data and 
subsequently evaluated on the held-out data. The resulting clusters showed consistent differ-
ences in psychological indicators and breastfeeding duration, providing a basis for descriptive 
characterization of the two subgroup profiles. Clinically Weighted Feature Fusion (CWFF) 
produced a significantly higher Silhouette Score than equal weighting on the held-out data, 
with scores of 0.222 and 0.198, respectively. This result indicates an improvement in geomet-
ric cluster separation under the proposed clinically informed representation. However, the 

difference in clinical separation based on 𝜂𝐸𝑃𝐷𝑆
2  was not statistically significant. Thus, the 

current evidence supports a distinction between CWFF's contribution to geometric cluster 
quality and its additional contribution to separation based on clinical indicators. Independent 
validation using breastfeeding duration, which was used neither as a clustering feature nor to 
derive the CWFF weights, showed a significant difference between the clusters on the held-

out data (𝑝 < 0.001). This finding provides additional evidence that the observed subgroup 
structure is not solely a consequence of the psychological variables incorporated into the 
CWFF weighting process. In contrast, maternal age did not differ significantly between the 
clusters, suggesting that the identified profiles are not similarly differentiated by this demo-
graphic characteristic. 

Several limitations should be considered when interpreting these findings. First, the ob-
served advantage of CWFF is primarily reflected in geometric cluster separation, while a cor-
responding improvement in clinical indicator separation has not been statistically established. 
Second, the analysis relies on a single UK dataset, and the generalizability of the identified 
subgroup structure to other populations and cultural contexts requires external validation. 
Third, the cluster labels are descriptive representations of empirical patterns and should not 
be interpreted as clinical diagnoses or established clinical categories. Future research should 
therefore evaluate the proposed framework in more diverse populations using external and 
longitudinal validation. Further investigation of alternative clinically informed weighting strat-
egies may also help determine whether clinical separation can be strengthened while main-
taining the stability and interpretability of the resulting cluster structure. 
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