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Abstract

In addressing poverty, proper poverty alleviation programs must be identified. Analyzing the multidimensional aspects
of poverty will lead to data-driven decision making. This study aims to analyze poverty conditions in a community in
the Philippines using data mining and clustering algorithm. The model resulted in clusters described in this paper as
Stable, Critical, and At-Risk clusters. Among the clusters, the Critical cluster has the highest incidents of poor
conditions. In the cluster analysis, poverty alleviation programs where the household clusters should be prioritized
were suggested based on the poor conditions in each cluster. The clusters analysis is intended to provide insights for
use in the community’s planning and program implementation.
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1. Introduction

Addressing poverty is a significant task of several countries. This makes research on poverty alleviation important
and necessary (Niu et al., 2020). The research on poverty created awareness of its multidimensional nature, that is,
focusing on factors other than income. (Shuhong et al., 2019). Lack of access to basic needs like education, food,
housing, security, and basic health care indicates poor conditions (Talingdan, 2019). In reducing poverty, economic
growth must be sustained and inclusive (NEDA, 2017). Data mining plays an essential role in explaining patterns in
data and serves a decision support tool as complexity develops and the amount of information available increases
(Naviamos & Niguidula, 2020). Many organizations have adopted data mining as a decision support tool (Talingdan,
2019). The results of this study may be used by government and non-government organizations in identifying and
implementing poverty alleviation programs in a community in the Philippines.

The subject of this study is a community in the Philippines where the average household size is four (4) and the
average monthly income per household is PhP6,238. This is below the 2015 poverty threshold at Php9,452 per month
for a family of five (5) indicated in the Philippine Statistics Authority’s Special Release dated December 5, 2019.

Six hundred thirty-one household members are employed receiving salaries and wages while some 116 received cash
receipts, support, assistance and relief from domestic sources. The data with 2,502 respondents who are members of
the 606 households in the community revealed that 90% of residents aged 5 to 20 years old are in school. 98% of those
aged 10 and above can read and write a simple message in any language or dialect while 51% of residents who are 20
to 80 years old worked for at least an hour in the past week. Figure 1 shows the demographics, literacy rate, educational
attainment, and employment in the community per age group classification.
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Figure 1. Demographics, Literacy, Education and Employment

In terms of living conditions, 445 out of the 606 households have electricity provided by an electric company, 10 of
which also have a generator, solar, or battery source. About 69% of the households have owner/owner-like possession
of the housing unit that they occupy. Only 34 households were beneficiaries of the various social programs covered
by the survey.

1.1 Objectives

Given the wide array of factors and data discussed, this study will focus on the different aspects of poverty and in
analyzing data patterns to be able to come up with household clusters and identify priority programs for the clusters.
By applying data mining and machine learning techniques to the data, this study will answer the questions (a) What
are the aspects of poverty that can be used in cluster analysis? (b) What should be the focus areas for each household
cluster in the community? (c) What programs can be implemented for each cluster in the community?

2. Literature Review

The diverse nature of poverty makes the handling of the problem challenging. Poverty has to be directly or indirectly
addressed from the root of the real problem (Verma, 2020). The “Philippine Development Plan (PDP) 2017-2022"
presents the foundation for more inclusive growth by lowering poverty incidence in rural areas (NEDA, 2017).
Communities can promote growth and contribute to economic development at various levels of the society. By
identifying and addressing hurdles in development and improving growth potential, the quality of life in communities
may be improved (Senetra & Szarek-Iwaniuk, 2020). Proper poverty alleviation programs given to the community
can reduce or minimize poverty (Talingdan, 2019).

Several indices have been proposed that incorporates the economic dimensions with health conditions, education, and
living standards. Formulating poverty reduction-related policies requires timely and accurate research on affected
areas and individuals. Poverty originally refers to the need for basic necessities when their income level is insufficient
to support these needs. Poverty can be measured by various methods and data sources (Niu et al., 2020) and depends
on many dimensions other than income (Barcena-Martin et al., 2020). Although poverty has many different
dimensions, not all policies follow an integrated approach in poverty reduction. Different aspects of poverty are
addressed separately focusing mainly on income (Gamboa et al., 2020). It is important that multidimensional poverty
is measured to be able to address poverty effectively (Barcena-Martin et al., 2020).

Education is essential in developing human capital, enhances productivity, and contributes to economic development
in a community (Afzal et al., 2011). When the education level rises, poverty decreases (Ingutia et al., 2020). Education
allows young members of the community to understand and cope with the socio-economic growth in a country. Asian
countries that implemented educational reforms have achieved economic growth in the past (Afzal et al., 2011).
Reforms in the education system enables meeting the rapidly changing needs of industries and reduces income
inequalities.

When students develop employability skills, it reduces the risk of poverty (Brown & James, 2020).

Low income results to poor housing conditions, overcrowding, and lack of access to basic needs (Doe et al., 2020).
Poor living conditions affect the ability to deliver productive work. Housing is considered a social risk since it
contributes to health hazards, the risk of prolonged absenteeism, and the probability of falling into extreme poverty
(Frota, 2008).
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The government often implements social protection programs when it aims to reduce poverty (Bhuyan et al., 2020).
Poor countries are increasing implementation of social protection programs (Frota, 2008). The role of social protection
is to achieve inclusiveness. Properly implemented social protection programs, therefore, promote inclusive economic
growth (Bhuyan et al., 2020) and have a direct economic relevance. Interventions that provide income guarantees and
social security plays a part in countering social exclusion and poverty. Policies should not only lessen the social risks
but also create sustainable ways to reduce poor conditions. Members of the community should be able to live decently
by having sufficient basic social protection and decent work. As such, intervention should also be able to generate
jobs in the community (Frota, 2008).

Census data is considered as the main data source for poverty research. Complicated and voluminous data are handled
using machine learning algorithms in recent studies (Niu et al., 2020). Decision makers such as the local government
units and other government agencies need a decision support tool (Sano & Nindito, 2016). Survey data collected by
the government should be processed further to support their decision making (Talingdan, 2019).

Data mining leads to discovering new patterns and trends in a database and building predictive models out of it. It
involves the use of tools and techniques that can be applied to discover hidden patterns that can be used for decision
making (Sano & Nindito, 2016).

A tool that is useful for explorative data analysis is cluster analysis that is used to organize data with multiple variables
(Senetra & Szarek-Iwaniuk, 2020). In Gamboa et al., 2020, the household is used as the unit of analysis. Cluster
analysis process was also used to define the household typologies where attributes are used to classify the households
(Gamboa et al.). The goal in cluster analysis is to group objects to ensure that they belong to the same group that is
most similar, but also most different from the objects in the other groups (Senetra & Szarek-Iwaniuk, 2020). It involves
grouping data into groups according to their similarity (Verma, 2020).

Formulating recommendations for each multidimensional group involves dealing with several attributes that must be
considered to arrive at the best alternative (Barcena-Martin et al., 2020).

3. Methods

In K-means clustering, similar objects are grouped into clusters that reveal patterns and predict the basic structure of
the data. The algorithm groups the data or objects into k sets by minimizing the distances between data points and the
nearest center of the cluster. Similarity is defined by the distance to the cluster center (Aytag, 2020). Each object is
assigned into clusters that are most similar using the Euclidean distance between the object and the center cluster or
the centroid as basis (Sano & Nindito, 2016). “K-Means” is an unsupervised learning used for clustering that separates
observations into “k” clusters (Talingdan, 2019).

Data normalization technique is applied to transform the numeric data into a common scale and improve the
performance of the clustering algorithm (Moreno, 2020). In this study, Z-Score method is applied using Python which
calculates the standard score of the data point. To compute for the standard score, the mean of the attribute is subtracted
from the observation. The difference is then divided by the standard deviation as shown Figure 2. The maximum
scaled values or scores per attribute as a result of the data normalization are indicated on Table 1 which were used in
the K-means clustering algorithm.

g T H
g

Where Z = standard score, x = observation, p= mean, and ¢ = standard deviation

Figure 2. Z-score
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The results of the K-means clustering depend on the number of centroids defined as the k number of groups in the
model. A way to determine the number of clusters to be used in clustering is the “Elbow Method”. The “Elbow
Method” uses the square of the distance between the sample points in each cluster and the centroid of the cluster to
give a series of k values. Iteration is performed over the k-value where the Sum of Squared Errors (SSE) is computed
and used as an indicator. SSE will decline rapidly when the number of groups is about to approach the number of real
clusters. The inflection point in the K-SSE curve is the optimal k value or number of clusters (Yuan, 2019).

Using Python, the curve in Figure 3 was plotted by conducting iteration over the k-value and computing for the sum
of squared errors. The optimal k number of groups determined is three (3). This is illustrated in the K-SSE curve.

The Elbow Method showing the optimal k
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Figure 3. Using Elbow Method in determining the optimal k

The rapid decline or inflection in the curve falls at ‘3’ in the x-axis or the number of clusters. As such, this shall be
the optimal number of clusters and used as the parameter in the number of centroids in the Microsoft Azure Machine
Learning Studio’s K-Means++ algorithm.

Unsupervised learning techniques, such as K-Means Clustering, depend on the algorithm to detect all patterns from
specific important criteria. These result to clusters and segments that will be analyzed to discover important insights
(Verma, 2020).

In clustering, set of data objects are divided into subsets or cluster such that the objects within the groups are similar
to each other but very different from the objects in the other clusters (Sano & Nindito, 2016). Cluster analysis is a
method for numerical classification involving multivariate statistical analysis that determines similarity between
samples by measuring distances between data using Euclidean distance (Dong Pengyu et. al, 2019). Figure 4 illustrates
the formula for Euclidean distance and k-means algorithm. Using the data set, cluster assignments are determined for
each household based on the distances of the data points from the cluster centers or centroid. Upon determining the
cluster assignments for the households, the attributes will be analyzed to be able to describe and determine the
characteristics of each cluster.

Euclidean Distance Formula:
i
dp.q)= > _(pi —a)?
i—1
‘Where:
* d(p, g) = distance between p and q vectors
* piand gi = correspond to the i dimension of vectors p and q

Result: A set of & clusters
Steps:
1. Arbitranily choose & objects from the data set as the initial cluster centers.
2. Re-assign each object to the cluster to which the object is the most similar based on the mean value of the
objects in the cluster using Euclidean distance.
3. Update the cluster means, that is, calculate the mean value of the objects for each cluster.
4. Repeat until no changes.

Figure 4. Euclidean Distance and K-means Algorithm
(Sources: Sano & Nindito, 2016 and Aytag, 2020).)
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4. Data Collection
Data mining involves data cleansing, data integration, and selection and transformation of data (Sano & Nindito,
2016). This study covers attributes pertaining to the socio-economic indicators in the census data. Figure 5 illustrates
the steps in data mining and cluster analysis used in this study.

Understand and
clean up data

=

Identify attributes
for each indicator to
create a smaller
data set

Determine the
optimal number
of clusters

Transform data
(numeric, binning,
ranking)

Run the
clustering
algorithm

Analyze clusters

Figure 5. Data mining and cluster analysis

The detection of data issue conducted using Python and Microsoft Excel involved checking for data types, duplicate
entries, and null values. Variables that are related to conditional questions were excluded from the checking of null
values. Feature reduction was applied to eliminate non-significant and redundant variables (e.g., subtotals of income,
free text responses, etc.). In preparing the data set to be used in clustering as illustrated in Table 1, data transformation
and feature engineering methods such as binning, summation, feature creation, and averaging were used.

Table 1. Attributes pertaining to each indicator which are used in the study

. . . . Scaled Values  Feature Engineering
Indicator Attributes/Variables Description (Max) Applied
Total Income Total household income 10.461388  Converted (in 10,000s)
EInr: Olr:e az:t Number of employed household members who are older than 18 years
ploym Employment Rate old over number of members who are older than 18 years old and not 2.627896  Ratio
studying
House/lot tenure Number of household members who are considered as informal settlers 4.544717  Count
Household size Number of household members 5.842435 None
I;T;n;er of aged 18 and Number of household members who are aged 18 and below 3.851493  Count
Living Number of married Number of household members who are married 4.537215 Count
Conditions Number of household members who do not have their own tube/piped
Water source umber of household members who do not have their own tube/pipe: 1898924  Count
water source/system
Access to electricity Number of household members who do not have access to electricity 7.034049  Count
Sanitation Number of .household member‘s who do not have their own water- 701949 Count
sealed, septic tank/other depository
Number of household members between 5 to 22 years old who are not
Educational Attainment  attending school and 22 and above who are not senior high school 5.690292  Count
duat
Education Efacuate
Number of household members who are 5 years old and above but
Illiteracy Rate cannot read or write over the number of household members who are 5 10.373035  Ratio
years old and above
Number of SSS/GSIS Number of household members who are 22 years old and above but are .
4.589636  Ratio
Security and Member not members of SSS/GSIS
Participation
to Social Recipient of CCT Number'ofmembers whose households did not receive conditional cash 550928 Count
Programs transfer in the last 12 months
Victim of crimes No incidents of victims recorded 0 CQunt of victim of
crimes per HH
aNbl:)m:er of aged 60 and Number of household members who are 60 years old and above 5.290316  Count
Vi
Health and
I\Iejtriti?; Number of Pregnant Number of household members who are pregnant 12.694407  Count
Number of PWD Number of household members who are PWD 5.558303  Count
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5. Results and Discussion

5.1 Numerical Results

The clustering algorithm divided the households in the community into three (3) clusters. Using the Euclidean distance
as the parameter in measuring distances between data points and the centroid or cluster centers, the average distances
computed by the model are summarized in Table 2.

Table 2. Results of Clustering Algorithm

Number of Average Distance to] Average Distance to
Households Cluster Center Other Center
Cluster 1 33 4404216 630038
Cluster 2 257 3203088 4246216
Cluster 3 285 3.000009 4085241
606

A small average distance to the cluster center indicates that the observations in the cluster has less variability and are
more similar. On the other hand, the average distance to other center indicates the distance of the centroids/clusters
from each other. A larger distance indicates greater variability among the different clusters.

The resulting clusters were analyzed based on the presence of poor conditions in the households belonging to such.
The number of incidents of poor conditions in the households were determined per attribute. Table 3 summarizes the
clusters and their corresponding levels of poor conditions based on the significant attributes. The attributes where each
cluster attained high incidents of poor conditions were highlighted accordingly.

Cluster 1 is comprised of households with the lowest incidents of unemployment among the three clusters having only
9% of households without an employed member. Their main areas of concern are the living conditions such as
house/lot tenure, water source, access to electricity, and sanitation. 91% of households in Cluster 1 are literate and
only 28% do not have graduates of at least senior high school. Since most households in this cluster are employed or
have better chances of being employed given their literacy and educational level, this cluster may be described as the
“Stable” cluster.

Cluster 2 is comprised of households with the highest incidents of poor conditions in almost all attributes. 83% of
households in this cluster earns below the poverty threshold. However, despite having the highest number of
households falling below the poverty threshold, 283 household members in Cluster 2 did not benefit from conditional
cash transfer in the last 12 months. Around a third of the households belonging to Cluster 2 do not have their own
water-sealed septic tank or other depository. Around 66% of households in Cluster 2 do not have members who are
covered by SSS or GSIS. This group has the highest number of elderly and PWD. Since households in this cluster
ranked highest in the presence of poor conditions in almost all attributes, this cluster may be described as the “Critical”
cluster.

Cluster 3 is comprised of households with the highest number of members who are married, below 18 years old, and
illiterate. This group also has the highest number of households with more than 5 members. These households ranked
second to highest in the number of incidents of poor conditions in almost all attributes even in the number of
households without an SSS/GSIS member and households that did not receive conditional cash transfer in the last 12
months despite having 78% of the households earning below the poverty threshold. This cluster has the potential of
falling into deeper poverty if current poor conditions are not addressed considering their large household size, young
population, and low literacy rate. Since this cluster ranked second highest in the presence of poor conditions in most
attributes and has members whose conditions must be monitored and who need more attention so as not to cause
bigger poverty issues in the future, this cluster may be described as the “At-Risk” cluster.

Vulnerable residents such as persons with disability and pregnant women are almost equally distributed between

Clusters 2 and 3. Security is not an issue in the community. Household members did not fall victim to any form of
crime in the last 12 months. Concerns on income, water source, number of SSS/GSIS members and conditional cash
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transfer are consistently high among the three clusters. Table 3 shows the profile of clusters in terms of poor conditions
present among the households.

Table 3. Profile of household clusters (HH) highlighting the levels of poor conditions

% of Households 6% 47% 47%
Number of Households 35 286 285
Aspect of Poverty Attributes/Variables Stable Cluster 1 Critical Cluster 2 At-Risk Cluster 3 Description

meomend Total Income 28 222 Below poverty threshold
Employment Employment Rate 3 15 No employed HH member
House/lot tenure 31 Without rent and/or consent
Household size 25 More than 5 HH members
Number of aged 18 and below 137 150 Out of 2,502 respondents
Living Conditions Number of married 76 313 Out of 2,502 respondents
Water source 31 215 Without own faucet or tubed/piped deep well
Access to electricity 30 No access to electricity
Sanitation 32 Without own water-sealed septic tank or other depository
Educational Attainment 10 Without a graduate of at least Senior High School
Education
Illiteracy Rate 3 Has Below 50% literacy rate
Security and Number of SSS/GSIS Member 21 No SSS/GSIS member
Participation to Social T i R .
P Recipient of CCT 31 Did not receive CCT in the last 12 months
rograms
Victim of crimes 0 0 0 A HH member became a victim of crime in the last 12 months
Number of aged 60 and above 16 48 Out of 2,502 respondents
Health and Nutrition  Nymber of Pregnant 2 4 Out of 2,502 respondents
Number of PWD 1 7 Out of 2,502 respondents

5.2 Graphical Results

Given the profiles of the household clusters in the community, the local government and various non-government
organizations who plan to conduct poverty alleviation programs may prioritize and scope their projects according to
the needs of the clusters. They may target household clusters who are in most need of assistance, which, based on the
results of this study, is the Critical Cluster (2). Figure 6 shows the graphical representation comparing the number of
poor incidents per attribute that is experienced by households in the clusters.

——Stable Cluster 1 —eCritical Cluster 2 At-Risk Cluster 3

Figure 6. Graphical representation of the comparison of clusters
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5.3 Proposed Improvements

In addressing poor conditions in the community, suitable programs can be identified for each household cluster using
the results of the cluster analysis. Table 4 lists down the attributes where the households have high levels of poor
conditions which could be considered as the main focus areas for each cluster. Cluster 1 has high incidents of poor
conditions in terms of income and physical living conditions. Clusters 2 and 3 have high concerns of poor incidents
mostly on income, employment, education, and literacy. Both have high incidents of married household members. All
clusters have concerns on water source. Clusters 1 and 2 have high incidents of households with concerns on house/lot
tenure, access to electricity and water source, and sanitation. Cluster 2 has the highest number of households without
SSS/GSIS membership and who did not receive conditional cash transfer in the last 12 months. Health and nutrition
are also areas of concern for Cluster 2 since they have high numbers of elderly who are aged 60 and above as well as
PWDs.

Table 4. Attributes where each household has high levels of poor conditions

Aspect of Poverty Stable Cluster (1) Critical Cluster (2) At-Risk Cluster (3)
Total income Total income
Income and Employment
Employment Rate
House/lot tenure House/lot tenure
Household size
Number of Married
Living Conditions Number of aged 18 and below
Water source Water source Water source
Access to electricity Access to electricity
Sanitation Sanitation
. Highest educational attainment
Education -
Literacy Rate
Security and Participation Number of SSS/GSIS Member
to Social Programs Recipient of CCT Recipient of CCT
Number of aged 60 and above
Health and Nutrition Number of Pregnant
Number of PWD

Given the profiles of the household clusters in the community, the local government and various non-government
organizations who plan to conduct poverty alleviation programs may prioritize and scope their projects according to
the needs of the clusters. They may target household clusters that are in most need of assistance, that is, Critical Cluster

Q).

The Stable Cluster (1) must focus on improving living conditions for the members of the households. Income
augmentation and livelihood programs may be promoted to improve their levels of income. Subsidies may be provided
to be able to achieve housing security and to help them gain access to basic needs such as water source, electricity,
and proper sanitation.

Although this is the smallest cluster and most households in this cluster are employed or have better chance of
employment compared to households in other clusters, the community still needs to address their concerns in order to
achieve inclusive economic growth.

The Critical Cluster (2) is the cluster with the highest number of areas of concern. As such, they must be prioritized
in the coverage and implementation of poverty alleviation programs. Aside from health and nutrition programs for the
elderly, they must also focus on improving the employment rate, conducting skills training, and developing livelihood
programs for the community. Low educational attainment may be addressed by scholarship programs and skills
training programs that will create earning opportunities for residents. Poor living conditions may also be addressed by
providing housing security through relocation of informal settlers (i.e., those who live in house/lot without paying rent
and without consent from owners).
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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

Attributes of High Applicabl here the Clust
Household Clusters g pplicable progams .w .e’re e Cluster may be Notes
Concern prioritized
Income Income augmentation and livelihood programs
House/lot tenure Relocation; Housing programs and payment options

Although this cluster has a low

Improvement of water systems to meet the demands of
priority compared to the other

Water Source

Stable Cluster increasing population in rural areas : -
o Sanitation Improvement of sanitation facilities; construction of cluste.rs, their poor condmor.m must

sewer or safe enclosure for households ?tlﬂ b‘f addressed Ato achieve

Conditional Cash Review/check if all eligible households are being covered inclusive economic growth.

Transfer 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

Improvement of water systems to meet the demands of

Water Source . . L
increasing population in rural areas

Access to Electricity Explore alternative/more affordable sources of electricity

Improvement of sanitation facilities; construction of

Sanitati 999 2
Critical Cluster antation sewer or safe enclosure for households MUSF be prlorltlz}ed in the coverage
) Educational Attainment ~ Scholarship programs e @plementatlon S

- e alleviation programs.

SSS/GSIS Coverage Promote vol@taq membership for individuals who are

earning from informal sources
Conditional Cash Rev1ew/ch§ck if all eligible h(_)useholdsA a.re bel_ng covered
Transfer by or are given the opportunity to participate in CCT

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

60 and above
Number of PWD

Household Size Family planning programs

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

adults
Number of married Family planning and marriage counselling programs Has the Potentlal to fallinto d'e'e per
At-Risk Cluster poverty if current poor conditions
Improvement of water systems to meet the demands of ~ are not addressed considering their
3) Water Source

increasing population in rural areas large household size and lack of
educational attainment.

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

Health and nutrition-related programs; Programs

Number of t
umber of pregnan protecting the vulnerable individualsD
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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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