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 Smoking and secondhand smoke exposure during pregnancy remain a 
significant maternal and child health risk, yet conventional descriptive 
analysis tends to treat knowledge and attitude scores separately, 
making it difficult to identify combined risk profiles for targeted 
health education. This study applies K-Means Clustering, a data 
mining technique from computer science, to group pregnant women 
based on the combination of their knowledge and attitude scores 
toward smoking during pregnancy. Data were collected from 30 
respondents through a questionnaire covering 10 knowledge items and 
10 Likert-scale attitude items. The knowledge and attitude percentage 
scores were standardized (Z-score) and used as clustering features. 
The optimal number of clusters was determined using the Elbow 
Method and Silhouette Score, both of which pointed to k = 3 as the 
most interpretable solution, yielding a final Silhouette Score of 0.687. 
The resulting clusters were labeled Good (mean knowledge 86.0%, 
mean attitude 86.5%), Moderate (65.0%, 66.0%), and Poor (43.0%, 
41.2%), each containing 10 respondents. The Poor cluster was 
dominated by housewives with the highest average parity, indicating 
a priority target group for smoking-related health education programs. 
These findings demonstrate that K-Means Clustering can serve as a 
practical decision-support tool for prioritizing maternal health 
interventions based on combined knowledge-attitude profiles, 
complementing conventional descriptive statistics commonly used in 
public health research. 
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1. INTRODUCTION 

Active smoking and exposure to secondhand smoke during pregnancy constitute significant health 
risk factors that can adversely affect pregnancy outcomes and fetal development. Numerous health studies 
indicate that maternal exposure to tobacco smoke is associated with an elevated risk of premature delivery, low 
birth weight (LBW), miscarriage, impaired fetal lung development, and a higher prevalence of maternal anemia 
[1], [2]. Although these medical risks are widely recognized, the level of public knowledge and attitudes 
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regarding the dangers of smoking during pregnancy in Indonesia remains heterogeneous. This variation is 
largely due to the fact that household smoking habits are still culturally normalized by a segment of the 
population [2]. 

Pregnant women’s knowledge and attitudes toward smoking are interrelated dimensions that serve as 
a critical foundation for preventing tobacco exposure during gestation. However, these aspects are inherently 
multidimensional; an expectant mother might possess adequate knowledge but exhibit an unsupportive attitude, 
or vice versa. Conventional descriptive analytical approaches, which merely present categorical percentages 
(e.g., good, fair, or poor) for knowledge and attitude variables independently, fail to capture the comprehensive 
combined patterns of the respondents’ characteristics. Consequently, relying solely on such conventional 
methods makes it challenging to accurately determine target groups for tailored educational interventions. 

To address this methodological gap, computer science approaches, particularly data mining, have been 
widely adopted for data clustering across various fields, including healthcare [3], [4]. The K-Means clustering 
algorithm is among the most frequently utilized non-hierarchical clustering methods due to its computational 
simplicity and proficiency in partitioning data into distinct clusters based on shared similarities [5], [6]. The 
application of K-Means in health data has proven beneficial in uncovering hidden patterns and trends. Previous 
implementations include mapping regional disease trends using historical health department data [7], 
categorizing patient medical records by disease type [8], clustering disease data to identify regional disease 
characteristics [9], and classifying pharmaceutical inventory based on data similarity [6]. These prior studies 
demonstrate the efficacy of K-Means as a robust, data-driven decision-support tool across healthcare and other 
application domains [5]-[9]. 

Building upon these premises, the current study applies the K-Means clustering algorithm to 
categorize the profiles of pregnant women based on the combination of their knowledge and attitude scores 
regarding smoking during pregnancy. In contrast to traditional descriptive analyses that treat knowledge and 
attitudes as isolated variables, this clustering approach yields a nuanced respondent segmentation. This 
resulting segmentation can be directly interpreted to establish priorities for targeted health education, such as 
identifying the specific demographic most in need of immediate intervention due to concurrently low scores in 
both knowledge and attitudes. 

 
 
2. METHOD 
2.1 Research Design and Workflow 

This study employed a quantitative approach utilizing an unsupervised machine learning technique, 
specifically the K-Means clustering algorithm. The research workflow encompassed six primary stages: (1) 
data collection via questionnaires, (2) data preprocessing, (3) feature selection and data standardization, (4) 
determination of the optimal number of clusters, (5) execution of the K-Means algorithm, and (6) evaluation 
and interpretation of the clustering results. 

2.2 Population, Sample, and Instrument 
Primary data were acquired through a questionnaire assessing pregnant women’s knowledge and 

attitudes regarding smoking during pregnancy, involving a sample size of 30 respondents. The survey 
instrument consisted of 10 knowledge-based questions (scored dichotomously: 1 for correct, 0 for incorrect) 
and 10 attitude-related statements measured on a 4-point Likert scale. Additionally, the respondents’ 
demographic characteristics—including age, highest educational attainment, occupation, and parity—were 
documented. 

2.3 Variables and Clustering Features 
The primary variables selected as clustering features were the percentage scores of knowledge and 

attitudes for each respondent, as the conceptual objective was to group the combined patterns of these two 
metrics. Demographic variables (age, education, occupation, and parity) were intentionally excluded from the 
clustering features. Instead, they were utilized during the subsequent profiling phase to interpret the 
demographic characteristics of the resulting clusters. 

2.4 Data Preprocessing 
The collected questionnaire data underwent a rigorous completeness check, revealing no missing 

values among the 30 respondents. Given that the K-Means algorithm relies on Euclidean distance and is 
inherently sensitive to data scaling, both primary features (knowledge and attitude percentages) were 
standardized using Z-score standardization (StandardScaler) prior to initiating the clustering computation. 

2.5 Determination of the Optimal Number of Clusters 
The optimal number of clusters (k) was identified utilizing two complementary validation techniques: 

the Elbow Method and the Silhouette Score. The Elbow Method involves detecting a sharp decline (the “elbow” 
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point) in the inertia, also known as the within-cluster sum of squares (WCSS). Concurrently, the Silhouette 
Score evaluates the quality of cluster separation, yielding values ranging from -1 to 1. Both validation methods 
were systematically tested across a range of k = 2 to k = 6. 

2.6 K-Means Algorithm and Evaluation 
Upon establishing the optimal cluster count, the K-Means algorithm was executed utilizing the k-

means++ initialization method. To mitigate the risk of the algorithm converging at a local minimum, it was run 
with 10 independent initialization trials (n_init = 10). The final clustering output was re-evaluated using the 
Silhouette Score. Ultimately, each cluster was comprehensively profiled based on its members’ average 
knowledge score, average attitude score, and demographic distribution. 

 
3. RESULTS AND DISCUSSION 
3.1 Respondents’ Characteristics 

Among the 30 respondents, the majority were aged between 20 and 30 years (n = 19, 63.3%), with 
most having completed senior high or vocational school as their highest educational level (n = 18, 60.0%), and 
predominantly identifying as homemakers (n = 16, 53.3%). The participants’ total knowledge scores ranged 
from 3 to 10 (out of a maximum score of 10), yielding a mean of 6.47 (SD = 1.91). Concurrently, total attitude 
scores spanned from 12 to 36 (out of a maximum of 40), with an average of 25.83 (SD = 7.70). These metrics 
indicate a substantial variance among the respondents across both measured variables. 

3.2 Distribution of Knowledge and Attitude Categories 
Based on standardized categorization thresholds (Good ≥76%, Fair 56-75%, Poor <56%), the 

distribution for both knowledge and attitude levels in this dataset was evenly distributed. Exactly 10 
respondents (33.3%) fell into each of the respective classifications: Good/Positive, Fair, and Poor/Negative. 
This balanced proportional distribution demonstrates that the data possesses adequate variability for further 
advanced examination utilizing a clustering approach, standing in contrast to datasets that are entirely 
homogeneous or heavily skewed toward a single category. 

3.3 Determination of the Optimal Number of Clusters 
The evaluation results derived from applying the Elbow Method and Silhouette Score across a testing 

range of k = 2 to k = 6 are detailed in Table 1 and illustrated in Figure 1. 

Table 1. Summary of Inertia and Silhouette Scores Across k = 2 to k = 6 
Number of Clusters (k) Inertia (WCSS) Silhouette Score 

2 17,181 0,614 
3 5,046 0,687 
4 3,023 0,686 
5 1,887 0,679 
6 1,064 0,732 

  

 
 

Figure 1. Elbow Method plot. 
 

The Elbow Method plot demonstrates a sharp reduction in inertia from k = 2 to k = 3, which 
subsequently levels off (exhibiting diminishing returns) from k = 4 onward. This trajectory clearly indicates 
that the elbow point is located at k = 3. In parallel, the Silhouette Score at k = 3 is relatively robust (0.687), 
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approaching the maximum value across the tested range, even though k = 6 yielded the highest overall score 
(0.732). Taking into account the restricted sample size (n = 30) and the necessity for meaningful 
interpretability—given that k = 3 inherently aligns with the traditional Good/Fair/Poor classification standardly 
utilized in health knowledge and attitude instruments—this research established k = 3 as the definitive and 
optimal cluster count. 

3.4 K-Means Clustering Results 
The execution of the K-Means algorithm configured at k = 3 resulted in the formation of three clusters 

with a perfectly balanced distribution of members, comprising exactly 10 respondents per cluster. Furthermore, 
the final computed Silhouette Score of 0.687 signifies a coherent and distinctly separated cluster structure. The 
centroids for each respective cluster, expressed in their original percentage scales, are detailed in Table 2 and 
graphically visualized in Figure 2. 

Table 2. Cluster Centroid Profiles 
Cluster n Mean Knowledge (%) Mean Attitude (%) Interpretative Label 

0 10 65,0 66,0 Poor Knowledge & Attitudes 
1 10 43,0 41,2 Fair Knowledge & Attitudes 
2 10 86,0 86,5 Good Knowledge & Attitudes 

 
Figure 2. Visualization of K-Means Clustering Results (Knowledge Score vs. Attitude Score) 

 
3.5 Discussion  

These findings are consistent with prior research employing the K-Means algorithm within the 
healthcare sector, corroborating that clustering is highly effective in uncovering latent patterns and facilitating 
the prioritization of medical services or interventions. Previous applications have ranged from mapping disease 
incidence trends for regional health planning to categorizing hospital patients for enhanced service 
management. By applying this methodology to the knowledge and attitudes of expectant mothers, the current 
study extends the utility of the clustering approach into the realm of data-driven health promotion and 
behavioral segmentation, moving beyond strictly clinical or administrative datasets. 

However, it is imperative to acknowledge that this study utilized a relatively small sample size (n = 
30). Therefore, while the clustering outcomes demonstrate robust statistical separation (Silhouette Score = 
0.687), these results should primarily be interpreted as exploratory or pilot findings. The consistency of this 
three-cluster configuration warrants further validation through studies involving larger and more 
demographically diverse cohorts before these conclusions can be safely generalized to inform broad-scale 
public health policies. 

 
 

4. CONCLUSION 
This study successfully applied the K-Means clustering algorithm to categorize 30 expectant mothers 

based on their knowledge and attitude scores regarding smoking during pregnancy. Guided by the Elbow 
Method and Silhouette Score evaluations, the optimal number of clusters was determined to be k = 3. The final 
model achieved a Silhouette Score of 0.687, indicating a robust and well-defined separation of the clusters. 

The three emergent clusters can be interpreted as follows: (1) the Good Knowledge and Attitudes 
Cluster (with mean scores of 86.0% and 86.5%, respectively), (2) the Fair Knowledge and Attitudes Cluster 
(mean scores of 65.0% and 66.0%), and (3) the Poor Knowledge and Attitudes Cluster (mean scores of 43.0% 
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and 41.2%). Each group contains an evenly distributed subset of exactly 10 respondents. Notably, the cluster 
exhibiting poor knowledge and attitudes was identified to be predominantly composed of homemakers with 
the highest average parity. Consequently, this specific demographic is highly recommended as the primary 
target for prioritized health education programs concerning the perils of tobacco exposure during gestation. 

For future research, it is advisable to utilize a substantially larger sample size that is more 
geographically and demographically diverse. Furthermore, incorporating the respondents’ demographic 
characteristics as additional clustering features, alongside comparing the performance of K-Means with 
alternative algorithms—such as K-Medoids or Hierarchical Clustering—would be highly beneficial. These 
subsequent steps are essential to rigorously validate and verify the consistency of the identified grouping 
patterns. 
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