
















The local government may also explore alternative/more affordable sources of electricity, improve sanitation by 
constructing sewers for households, and improve water systems to meet the demands of the increasing population in 
rural areas.  

Participation in social programs is very low among households in the Critical Cluster despite having the highest 
number of households falling below the poverty threshold. This may be improved by promoting voluntary membership 
to social security programs for household members who are earning from informal sources. The local government 
may also review if all households that are eligible to conditional cash transfer programs are given opportunity to 
participate in such. 

The At-Risk Cluster (3) ranked second in terms of poor conditions in most attributes but current poor conditions must 
be monitored closely to ensure that interventions are implemented to be able to secure a better future for the young 
members of the households and prevent the households’ poor conditions into escalating. Informal learning methods 
such as writing and reading workshops may also be adopted to address the cluster’s low literacy rate. Considering 
their large household size and having the highest number of married members, the local government may focus on 
providing family planning programs to households in Cluster 3. They also have the highest number of children aged 
18 and below who may benefit from early childhood care & development programs and comprehensive sexuality 
education programs for young adults.  

Table 5 lists down the recommended or possible programs that may be prioritized in each household cluster. 
 

Table 5. Recommended programs where each household may be prioritized 
 

 

Household Clusters
Attributes of High 

Concern
Applicable progams where the Cluster may be 

prioritized
Notes

Income Income augmentation and livelihood programs
House/lot tenure Relocation; Housing programs and payment options

Water Source Improvement of water systems to meet the demands of 
increasing population in rural areas 

Sanitation Improvement of sanitation facilities; construction of 
sewer or safe enclosure for households

Conditional Cash 
Transfer

Review/check if all eligible households are being covered 
by or are given the opportunity to participate in CCT 
programs 

Income Income augmentation and livelihood programs
Employment rate Skills training programs; job fairs
House/lot tenure Relocation; housing programs and payment options

Water Source Improvement of water systems to meet the demands of 
increasing population in rural areas 

Access to Electricity Explore alternative/more affordable sources of electricity

Sanitation Improvement of sanitation facilities; construction of 
sewer or safe enclosure for households

Educational Attainment Scholarship programs

SSS/GSIS Coverage Promote voluntary membership for individuals who are 
earning from informal sources

Conditional Cash 
Transfer

Review/check if all eligible households are being covered 
by or are given the opportunity to participate in CCT 
programs 

60 and above
Number of PWD

Health and nutrition-related programs; Programs 
protecting the vulnerable individuals;  Employment 
programs for PWD

Household Size Family planning programs

Number of 18 and below
Early childhood care and development programs; 
Comprehensive sexuality education programs for young 
adults

Number of married Family planning and marriage counselling programs

Water Source
Improvement of water systems to meet the demands of 
increasing population in rural areas 

Literacy Rate Informal methods of learning such as writing or reading 
workshops

Number of pregnant Health and nutrition-related programs; Programs 
protecting the vulnerable individualsD

Has the potential to fall into deeper 
poverty if current poor conditions 
are not addressed considering their 

large household size and lack of 
educational attainment.

At-Risk Cluster 
(3)

Critical Cluster 
(2)

Must be prioritized in the coverage 
and implementation of poverty 
alleviation programs. 

Stable Cluster 
(1)

Although this cluster has a low 
priority compared to the other 

clusters, their poor conditions must 
still be addressed to achieve 
inclusive economic growth.
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In further studies, data mining and clustering algorithm may be applied on census data for other areas or communities. 
Recommendations may differ based on the focus areas and household cluster profiles in these communities. Data on 
the available resources in the community or specific advocacies of organizations may also be used as considerations 
as to which programs should be prioritized.  

 
6. Conclusion  
Using clustering algorithm, poor living conditions of households in the community were analyzed and prioritization 
in implementing socio-economic programs in each household cluster was recommended in this study. Aside from 
income, key variables from the data were identified to address multidimensional aspects of poverty and develop 
comprehensive strategies for the community.  

Data mining and cluster analysis were used as a decision support tool to obtain data understanding and describe the 
profiles of the household clusters in the community in terms of the significant socio-economic indicators present in 
the data.  

To organize the complicated data relationships presented in census data, cluster analysis was used in this study. The 
households in the community were grouped into three (3) clusters described as the Stable Cluster, Critical Cluster, 
and At-Risk Cluster. Focus areas were identified based on the cluster profiles. These were used as basis in 
recommending programs that would address the most pressing poor living conditions in the clusters. 
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