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Abstract: With the increasing gap between the rich and the poor in the world, how to identify the poor people and provide 
effective help for them is a problem concerned by the government. Because the process of quantifying poverty from qualitative 
to quantitative is complex, the Costa Rican government has provided data to help identify truly poor families 

We have used a dataset of Inter-American Development Bank, which consists of socio-economic conditions of Costa Rican 
Households such as education background, family details, home, electricity details, etc. Inter-American Development Bank gives 
this data set on the Kaggle forum. This data set contains 143 variables like home rent, house conditions, education details, 
household information, etc. and it contains 9558 rows of data. We need to predict the poverty level (Target variable) of household-
based information. The target variable is an ordinal variable indicating groups of income level, i.e., 1= extreme poverty, 
2=moderate poverty, 3= vulnerable households, 4=non-vulnerable households. For this project, we have used statistical analysis 
tool R for analysis and visualizing insights. According to the industry standard method of data mining, we carried out the 
following six stages: data requirements, data acquisition, data preparation, data cleansing, exploratory data analysis, modeling 
and algorithm. Basically, an effective model is established. By analyzing socio-economic conditions of household's 
characteristics, governments can identify which households have the highest need for social welfare assistance. By accurately 
predicting the household poverty level, we can help Guangdong-Hong Kong-Macau Greater Bay Area to assess the social need. 
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1. Introduction 
Data analysis is a method by which raw data are 

gathered and turned into usable information for consumer 
decision making. Data is obtained and used for problems study, 
check theory, or hypotheses rejection. There are six stages, 
such as data necessity, data acquisition, data preparation, data 
cleaning, exploratory data analysis, and modeling & 
algorithms, according to the cross-industry standard method 
for data mining. Data cleaning is the process of preparing data 
for processing by extracting or changing the wrong data set, 
missing or outliers and data cleaning is not merely about 
deleting information to make room for new data but instead 
finding a way to improve the output of a data set without 
automatically deleting the information. The data collection 
includes multiple tools to define and handle missing values 
and outliers. Using a range of methods referred to as 
exploratory data analysis, after data is cleaned up, is the 
essential method of conducting a qualitative data review to 
identify correlations or observations and to test conclusions 
with support in descriptive statistics and graphical 
representations. Models are key to predicting the outcomes of 
business decisions. Modeling involves selecting the right data 
sets, algorithms, and variables with the right techniques to 
format data for a particular business problem. An analytical 
model forecasts or classifies data values by simply drawing a 
line through data points when applying to study data sets, and 
a model may forecast effects based on historical trends. Model 
building journey follows key components like creating 
hypothesis, loading and transforming data, identifying 

features, choosing the right model, and evaluating the model. 
Optimizing the model for predicting the target variable for 
more accurately and improving the model performance. Mode 
selection refers to the problem of selecting the best model from 
the set models for decision making or optimization under 
certainty. Methods like data transformation, exploratory 
analysis, and model specification will assist in choosing the 
set of candidate models. The Accuracy of the predictive model 
can be boosted in two ways, either by embracing feature 
engineering or by applying boosting.  

2. Project Synopsis  
In this project paper, we have used various regularization 

and regression techniques to analyze the Costa Rican 
Household Poverty Level Prediction. We have focused on 
which households have the highest need for social welfare 
assistance. The project paper comprises of exploratory data 
analysis with visualizations, modeling techniques with 
regularization techniques, and lastly hyperparameter tuning 
with visualizations. In the current scenario, the government 
needs to identify where and what kind of needs of social 
welfare assistance are required. A brief about the dataset, so it 
is split into two, i.e., train and test set. If you have a look at 
both the set, the test dataset doesn't comprise of target column, 
which refers to the poverty level. Thus, selecting the train set, 
we proceeded with exploratory data analysis. Some columns 
which need to be considered on a priority basis are extreme 
poverty, moderate poverty, vulnerable households, and non-
vulnerable households. ‘Idhogar’ is a unique identifier that is 
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used for each household. 

3. Cleaning Dataset 
For handling the missing values, we have used two 

methods based on variables. 
1. Replacing missing values with the mode of column or 

zero. 
2. We observed that several family members do not have 

the same target variable. We solve this by giving all household 
members the same Target as that of the head of the house. 

3.  For the different variables, the yes and no values 
replaced by the numeric no's 0 and 1 based on their squared 
column. 

4. All the eight squared columns have the squared values 
of the other columns. This indicates that these columns will be 
highly correlated with their original columns. So, we removed 
these squared columns. Now the columns are mainly 
categorized into 4 ways as ID columns, Individual, Household, 
and square columns.  

4. Analysis 

4.1 Exploratory Data Analysis 

For the data containing only heads were separated to 
check their behavior, we plotted a correlation plot shown in 
the figure 1. 

 
Figure 1 The Correlation between variable 
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From the above correlation plot we can make out that 

the columns r4t3, tamhog, tamviv, hhsize and hogar_total is 
highly correlated but hhsize is highly correlated with tamhog 
and hogar_total, thus we can remove them. As these represent 

the total number of persons in households, size of household, 
number of individuals in household and household size, thus 
as it is above the line and highly correlated, we need to remove 
them. Now, as there are two areas i.e. area 1 and area 2 i.e. 
urban or rural areas, we can remove any one of them.  

After, we removed one area we divided the other into 
two i.e. negatives and positives of the house where negatives 
and positives. The Negatives means if there is no toilet, No 
electricity, No floor at house, If no water provision, and house 
with no ceiling in a family. The Positive means if there is 
refrigerator, if they own tablet, if they have television and 
computer in a family. 

 
Figure 2. Positive factors Vs Target 
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From the above graph, as you can see, the dots represent 
the number of families, while the color legend represents the 
level of poverty, where the level of poverty is divided into four 
i.e. extreme, moderate, decent, well off.  If the count on the 
color legend is above 3, it means family lies in the positive 
section and has all the necessary things i.e. refrigerator, tablet, 
computer and television. Also, for reference, we can have a 
look at the last column, which demonstrates that the count is 
more than 2, so those families lie in the well-off poverty region.  
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Figure 3. Negative factors Vs Target 
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As mentioned above that the dots represent the number 

of families, and colour legend is for the level of poverty. So, 
in this case if the colour legend is above 3 it indicates that those 
families have the lesser chances of having no toilet, no 
electricity, no floor at house, no water provision or no ceiling 
in house. Thus, we have only considered the positive area and 
families. Also, if we want to consider it as a whole i.e. positive, 
negative, dependency and overcrowding we have designed a 
correlation matrix.  

Another interesting finding is that, it looks like every 
target the females are towards the severity level, which means 
that maximum households with female’s heads are more likely 
to be on severity level of poverty. This also shows that there 
must be some missing values and to overcome these missing 
values we can eliminate the unnecessary columns before 
modelling and then find out the correlation between the 
remaining.  

4.2 K means Clustering 

We seek to identify homogeneous subgroups within the 
data, such that data points in each cluster are as similar as 
possible to similarity metrics such as correlation-based space. 
K-means algorithm is an iterative algorithm that attempts to 
partition the dataset into Kpredefined independent 
nonoverlapping subgroups (clusters) where each data point 
belongs to one group only. The operations of the algorithm k-
means the following way: 

 
4.2. 1 Calculating Distance Matrix: 

Classification of findings into groups involves other 
techniques to measure the distance or dissimilarity between 
each pair. Choosing distance measurements is a critical step in 
the clustering process. It determines the measure of the 
similarity of two elements (x, y) and will affect the form of the 
clusters as shown in the figure 4. 

 
Figure 4. the distance matrix of the dataset. 
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Choosing distance measurements is very significant 

because it has a clear effect on the effects of the clustering. 
The default calculation of distance for most common 
clustering applications is the Euclidean interval. 

4.2.2 Determining Optimal Clusters using Elbow Method

Elbow approach provides us with an understanding of 
what a good k number of clusters will be based on the amount 
of squared distance (SSE) between data points and centroids 
of their allocated clusters. At the spot where SSE is starting to 
flatten out and shape an elbow, we choose the value of K. 

We grouped data into two clusters, then into three and 
then into four. We plotted each cluster for comparison. The 
below graph Figure 5 indicates k=4 isn't a bad alternative. 
Often it is also difficult to work out a sufficient number of 
clusters to use as the curve is diminishing monotonically and 
does not reveal any elbow or have a clear point where the 
curve starts flattening out. 

 

 
Figure 5. Optimization of clusters 

Data Resource: The government of Costa Rican 
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4.3 Decision Tree 

Using the same train and test dataset, we fit a decision 
tree model and get the result shown in the figure 6. Meaneduc  
as shown in the decision tree, represents the educational level 
of a family member. 

 
Figure 6. Decision Tree Model 

Data Resource: The government of Costa Rican 

The Decision tree gives us the 67% accurate model for 
dataset. The decision tree plot in figure 3 Is the model output 
that was fit on the training data. 

4.3.1 Multinomial logistic regression 

Multinomial logistic regression is a simple extension of 
binary logistic regression allowing for more than two 
dependent or outcome variable types. Multinomial logistic 
regression, like binary logistics regression, uses maximum 
likelihood estimation to determine the probability of 
categorical membership. Multinomial logistic regression is 
used to estimate categorical placement in a dependent variable, 
or the probability of group membership based on several 
independent variables that can be d discrete or continuous.  

Residual Deviance is 10791.53. Deviance is a measure 
of goodness of fit of a model. Higher numbers always indicate 

bad fit. 
AIC is 11487.53. The Akaike Information Criterion 

(AIC) is an estimator of the out-of-sample prediction error and 
thus the relative accuracy of the statistical models for a given 
collection of data. ... AIC measures the relative amount of 
information lost by a particular model: the less information a 
model loses, the higher the model's efficiency. 

The result is 0.692, which shows the logistic coefficient 

for each predictor variable for each alternative category of the 

outcome variable; alternative category meaning, not the 

reference category. The logistic coefficient is the expected 

amount of change in the logit for each one-unit change in the 

predictor. The logit is what is being predicted; it is the odds of 

membership in the category of the outcome variable which has 

been specified. The closer a logistic coefficient is  

4.4 GRADIENT BOOSTING METHOD  

4.4.1 Running Multiple GBMS:  

Each new tree matches to an updated version of the 
original data set while boosting. It begins by training a 
decision tree that assigns an equal weight to each observation. 
We increase the weights of those findings that are difficult to 
classify and lower the weights for those that are easy to 
classify after evaluating the first tree. Therefore, the second 
tree is grown on that weighted data. The purpose here is to 
boost the first tree's predictions. So, our new layout is Tree 1 
+ Tree 2. We then calculate this new 2-tree ensemble model's 
classification error and develop a third tree to predict the 
revised residuals. For a given number of iterations, we repeat 
this cycle. Subsequent trees enable us to identify findings that 
have not been well identified by the trees before. Therefore, 
the predictions of the final ensemble model are the weighted 
sum of the predictions of the previous three models.  
4.4.2 GBM 1  
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Figure 7. The Result of GBM1 

Data Resource: The government of Costa Rican 

4.4.3 GBM2  

 

Figure 8. The Result of GBM2 
Data Resource: The government of Costa Rican 

4.4.4 GBM3  

 
Figure 9. The result of GBM 3 

Data Resource: The government of Costa Rican 

4.4.5 Visualization of Variable Importance:  

Variable Importance plot indicates the importance of the 
predictors in the model. From this plot we see that the 
dependency, SQBmeaned, meaneduc, hogar_nin explains 
maximum variance in the data and the accuracy for our model 
is 0.9264 for the validation dataset." 

 
Figure 10. The results of Gradient Boosting 

Data Resource: The government of Costa Rican 

5. Conclusion 
Based on the accuracy rate, sensitivity, and specificity, 

we can propose GBM model to inter-American development 
banks, which will help them to analyze socio-economic 
conditions on household characteristics, and governments can 
identify which households have the highest need for social 
welfare assistance. They can allocate funds for such people 
who are below the poverty line. This solution will also help 
Guangdong-Hong Kong-Macau Greater Bay Area for 
assessing the social need. 

The Guangdong-Hong Kong-Macao greater bay area, as 
one of the regions with the highest degree of openness and 
the strongest economic vitality in China, boasts a rich 
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industrial structure and industrial giants such as Tencent, 
Huawei and Country garden, releasing huge economic energy 
and talent attraction. At the same time, we should also make 
many local low-income people enjoy the fruits of common 
development, through the model established in this paper to 
provide more social support and help for those in need. 
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