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Abstract

This research aims to know the variables allowing to predict the spending level of the displacement victims
that returned to La Palma, Cundinamarca. For this purpose, a measurement instrument was divided into four
sections: characterisation of the population, restitution of economic rights, patterns of economic distribution
and, finally, social innovation initiatives. We applied the instrument to 100 participants, and we use different
Machine Learning algorithms to know the variables that allow predicting the level of expenses of the
displacement victims that returned to La Palma, Cundinamarca. The findings permitted to observe that, at
the aggregate level, the Random Forest and the SMV have a prediction capacity higher than 84%.

Keywords: Displaced population; expenses; victimising events; Colombia armed conflict; machine
learning.

Introduction

Expenditure is a key component in the welfare measure of a population, so, countries use the income
or consumption expenses as indicators of poverty. For this reason, many studies have focused on
analysing the methods of consumption data collection and the perceived distribution of expenses to
obtain levels of poverty in a region (Beegle ef al., 2015; Dang & Lanjouw, 2016; Tarozzi, 2007).
As a variable, expenditure is more stable than income since it allows a better classification of
households and has been considered the standard variable to measure poverty (Deaton, 2005).

Authors such as Shafir (2017) affirm that facts such as poverty, financial challenges, instability
of income, expenses and low level of savings occupy a relevant place in populations that have been
victims of violence. The context of poverty goes beyond mere survival and is partly a matter of
norms and conceptualisation. In this way, as societies advance and standards evolve, things that
were once considered a luxury can become common.

Colombia has suffered an internal armed conflict for decades, being the forced displacement
one of the most recurrent victimising events in the country (Lagos-Gallego et al., 2017; Garcia-
Chavarro, at al., 2018; Lis-Gutiérrez, et al., 2018a, 2018b). The municipality of La Palma, in
Cundinamarca region, was, in the year 2015, one of the most affected territories with 13,848
displaced individuals and 2,698 hectares registered as abandoned (Centro Nacional de Memoria
Historica, 2015). However, at present, this municipality is a pioneer in the restitution of lands and
return to the territory of the population victim of those crimes.
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The populations that are victims of events such as displacement, and return to their territories,
face difficulties in adapting, especially due to labor inclusion issues (Depetris-Chauvin & Santos,
2018; Dabaieh & Alwall, 2018; Contreras, Blaschke, & Hodgson, 2017) and reconciliation and
forgiveness (Lopez-Lopez et al., 2019). These changes in their context transformed their social and
economic dynamics; so, the monthly low expenses of the displaced population are usually due to
informal jobs that accentuate the conditions of vulnerability to which they are exposed (Falla
Ramirez, Chavez Plazas, & Molano Beltran, 2003). This situation does not improve when returning,
since populations, in most cases, take several generations to adapt to their territory again (Lis-
Gutiérrez et al., 2019). Therefore, the actions framed in the integral reparation of this type of
population must be subject to public policies that recognise the complexity of factors that interact
in the economic development of their communities (Lacroix & Zufferey, 2019; Johnson et al.,

2019).

As a contribution to this subject, the work of Lis-Gutiérrez, et al., (2018c) applies the machine
learning principles to measure the incomes of the displaced population in La Palma, finding that the
best algorithms were Decision Tree, AdaBoost and Random Forest, with a predictive level between
80% and 90.6%.

Based on these approaches, this research seeks to know the variables that allow predicting the
level of expenditures of the population victim of displacement that returned to La Palma,
Cundinamarca in 2018. Answering to this question implies knowing the way in which economic
dynamics influence social and territorial development, and understanding how the population
expenses are related to the historical conditions of violation to their rights.

In this sense, several machine learning or automatic learning algorithms were used, defining
machine learning as “the science of giving meaning to data through algorithms and analytical
models [...] it allows cognitive systems to learn, reason and interact with us in a more natural and
personalised way” (IBM, 2018).

The originality of this work is based in two elements: (i) direct work with the community, and
(i1) the use of an analysis technique never used so far to understand the relationship between
displacement and population expenditures.

Data and Method

In this section, the data, variables and method used for the analysis are presented.

The variables considered emerged from the information obtained in a fieldwork carried out in
the municipality of La Palma between July and September 2018, where 100 volunteers were
randomly selected, meeting the following conditions: (i) be resident of La Palma, Cundinamarca in
2018, (ii) be part of the displaced population registered in the Unique Registry of Victims (URV),
(ii1) be over 18 years old, and (iv) belong to socioeconomic levels 1 and 2.

The calculation of the sample was made based on a population size of N = 8,730 inhabitants
of the municipality. Having defined the target population range, with the conditions previously
predicted, the next step was to calculate the strength of the sample, using the following formula:

(D
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N: is the size of the population or universe (total number of potential respondents) = 8.730
Za.=95%
e = 10%, is the desired sample error.

p = 50% proportion of individuals who meet the study conditions in the population, given that
the exact parameter is unknown, 50% is used.

q = 50% proportion of individuals who do not meet the study conditions in the population.
n: sample size

Only 95 individuals were required to guarantee an error margin of 10% and confidence level
of 95%. Given the sample of 100 individuals, the confidence level is 95%, and the error margin is
reduced to 9.75%. The instrument applied (survey) received a content validation from three expert
judges, and a pilot test was applied to 12 people for testing the understanding level of the instrument.
The survey used to collect the information was divided into three sections. The first one was oriented
to know the socio-demographic characteristics of the population (age, level of education, place of
birth, etc.). The second section was related to questions about the rights restitution process to
communities that suffered displacement. And the last one sought to know the type of monthly
economic expenses and the economic conditions of the household.

The instrument was applied by two volunteers with experience in handling people in the field.
The survey was conducted with presence of the interviewer who completed the instrument, during
a period of 23,5 minutes. Each of the participants carried out the survey following the following
sequence: (i) reading of the informed consent was completed; (ii) application of the filter for
validation of inclusion and exclusion criteria; (iii) reading the general instructions; and (iv)
application of the instrument.

The instrument was applied as established in Law 1090 of 2006 (Congreso de la Republica de
Colombia, 2011) about the professional practice of the psychologist, from the ethical and procedural
point of view, meeting the following criteria: (i) provide clear information about the type of research
carried out, the people responsible for it and the institution for which it was being carried out; (ii)
inform about the confidential nature of the information provided and the exclusive use of the
investigators; (iii) provide sufficient information about the purpose of the investigation; (iv) inform
the average duration of the test, the tasks to be performed, and the non-existence of risk of secondary
effects or health damages to the participants; (v) explain the manifest of voluntary participation in
the investigation; and (vi) inform that the test could be abandoned at any time on a voluntary basis.

The variables that were analysed in the document were the following (Table 1).

Table 1. Instrument variables

Variable Typology
What is your place of birth? Categorical
According to the utility bills of your home, what is your stratum? (This information is found | Categorical
on the service invoice)
How old are you? Numeric
What sex do you belong to? Categorical
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Table 1. Continued.

Actually lives in Categorical
What is your occupation? Categorical
How many people make up your home? Numeric
Of these people, how many are financially dependent on you? Numeric
What is the maximum level of education you have reached? Categorical
In what year was you admitted as a victim at Unique Registry of Victims (URV) Numeric
Why is it registered with the Unique Registry of Victims (URV)? Categorical
In what year did you have to leave the municipality? Date

To date, have you received any comprehensive reparation measure? Categorical

If your answer was yes, which of the following measures have been part of this comprehensive | Categorical
repair? [financial compensation, repair individual or collective]
If the answer was financial compensation, could you specify yes? Categorical
If your answer was “You have already used these resources in other investments” could you | Categorical
describe in which investments?
Have you received any kind of accompaniment from the state in the investment or expenditure | Categorical
of these resources?

If your answer was yes, please describe the type of accompaniment Categorical
In what year were you beneficiary of the repair? Date
Was this repair Individual or Collective? Categorical

Normally, how much are the monthly expenses of this home? [COP 1=0-500.000; 2=501.000 | Categorical
-1.000.000; 3=1.001.000-2.000.000; 4=>2.001.000]
Normally, how much do the monthly expenses of the household correspond to? [COP 1=0- | Categorical
500.000; 2=501.000 -1.000.000; 3=1.001.000-2.000.000; 4=>2.001.000]
Does any member of the household have credits or debts with entities, relatives, friends or | Categorical
people?
If your answer to the previous question was Yes, specify the value of the credit or debt Numeric

Have you used the economic resources of credit in a business initiative? Categorical
Source: own elaboration.

For information processing, several methods (algorithms) of supervised learning were applied,
which are summarised in Table 2.

Table 2. Supervised learning algorithms

Method Synthesis

AdaBoost It is an adaptive learning algorithm that combines weak classifiers and adapts to the
hardness of each training sample, achieving robust classifiers.

Allows binary and multi-class classification.

Random Forest Uses a set of decision trees for the classification and projection.

It is a non-parametric procedure which can be used when: (i) there are correlated
variables; (ii) few data; (iii) complex interactions; (iv) missing data.

Support Vector Allows the binary classification and multi-class. Makes use of regression analysis

Machines (SVM) | and classification.

Neural network Makes use of the algorithm for multi-layer perceptron (MLP) with retropropagation.
Its advantage is that nonlinear models can be learned.

KNN This mechanism is for the recognition of non-parametric patterns; it is based on the

nearest training instances, being an algorithm of k nearest neighbors.
It is also known as lazy learning.
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Naive Bayes

A quick and simple probabilistic classifier based on the Bayes theorem, with the
assumption of independence of features. It is assumed that the absence or presence
of a characteristic is not related to the presence or absence of another property.
Its advantage is that it requires little data for training.

Learning algorithm
of the decision tree

It is used for discrete and continuous data. It is based on the prediction of the value
of a target variable based on various input variables.

Source: Lis-Gutiérrez & Aguilera-Hernandez (2019) and Moros et al., (2019).

Results

In Figure 1, the different learning and prediction algorithms used are shown, and in Figure 2,
the precision calculations of the same. It should be noted that the use of the random cross validation
option was used. This method consisted of randomly dividing the training and test data set, by means
of 10 iterations. The adjustment is obtained from the arithmetic mean of the values obtained for
each of the iterations. Figure 3 shows the confusion matrix for each algorithm.

Figure 1. Image of the model representation using Orange
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Figure 2. Calculation of learning and prediction algorithms for the complete sample.

Test & Score

Settings

Sampling type: Stratified 20-fold Cross validation
Target class: Average over classes

Scores
Method AUC CA F1 Precision Recall
Random Forest 0.829 0.870 0.863 0.872 0.870
SVM 0.842 0790 0.765 0.844 0.790
AdaBoost 0.779 0790 0792 0.796 0.790
Tree 0.753 0800 0.795 0.792 0.800
Naive Bayes 0.817 0740 0.737 0.750 0.740
Neural Network  0.760 0.740 0.732 0.730 0.740
CNZ2 rule inducer 0.688 0.710 0701 0.700 0.710
kNN 0.594 0600 0495 0499 0.600

Source: own elaboration using Orange (Demsar, et al., 2013).

Figure 3. Confusion matrix for each algorithm (complete sample).
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Figure 3. Continued.

Confusion Matrix

Confusion matrix for CN2 rule inducer (showing proportion of predicted)

Predicted
0 a 500,000 1,000,001 a 2,000,000 500,001 a 1,000,000 b3

Actual 0 a 500,000 74.6 % 23.1 % 400% ©1

1,000,001 a 2,000,000 45% 69.2 % | 00% 12
500,001 a 1,000,000 20.9 % 7.7 % | 60.0 % | 27
2 67 13 20 100

Confusion Matrix

Confusion matrix for kNN (showing proportion of predicted)

Predicted
0 a 500,000 1,000,001 a 2,000,000 500,001 a 1,000,000 ¥

Actual 0 a 500,000 63.0 % 20.0 % B66.7 % 61

1,000,001 a 2,000,000 12.0 % | 20.0 % | 00% 12
500,001 a 1,000,000 25.0 % 60.0 % | 333% | 27
> 92 5 3 100

Confusion Matrix

Confusion matrix for Tree (showing proportion of predicted)

Predicted
0 a 500,000 1,000,001 a 2,000,000 500,001 a 1,000,000 ¥

Actual 0 a 500,000 0.0 % 261% 61

1,000,001 a 2,000,000 0.0 % 83.3 % | 87% 12
500,001 a 1,000,000 15.4 % 16.7 % | 652% | 27
)3 65 12 23 100

Copyright @ 2020 MIGRATION LETTERS

Transnational Press London



646 Spending Level of Displaced Population Returned to La Palma, Cundinamarca

Figure 3. Continued.

Confusion Matrix

Confusion matrix for Random Forest (showing proportion of predicted)

Predicted
0 a 500,000 1,000,001 a 2,000,000 500,001 a 1,000,000 ¥

Actual 0 a 500,000 85.7 % 0.0 % 50% &1

1,000,001 a 2,000,000 0.0 % 100.0 % 10.0 % 12
500,001 a 1,000,000 14.3 % 0.0 % 85.0% | 27
z 70 10 20 100

Confusion Matrix

Confusion matrix for SVM (showing proportion of predicted)

Predicted
0 a 500,000 1,000,001 a 2,000,000 500,001 a 1,000,000 ¥

Actual 0 a 500,000 74.4 % 0.0 % 0.0% 61

1,000,001 a 2,000,000 6.1 % | 100.0 % | 00% 12
500,001 a 1,000,000 19.5 % 0.0 % 100.0 % | 27
2 82 7 11 100

Confusion Matrix

Confusion matrix for AdaBoost (showing proportion of predicted)

Predicted
0 a 500,000 1,000,001 a 2,000,000 500,001 a 1,000,000 ¥

Actual 0 a 500,000 83.9 % 0.0 % 321% 61

1,000,001 a 2,000,000 0.0 % 100.0 % 7T1% 12
500,001 a 1,000,000 16.1 % 0.0 % 60.7 % | 27
z 62 10 28 100
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Figure 3. Continued.

Confusion Matrix

Confusion matrix for Neural Network (showing proportion of predicted)

Predicted
0 a 500,000 1,000,001 a 2,000,000 500,001 a 1,000,000 >

Actual 0 a 500,000 77.6 % 0.0 % 409 % 61

1,000,001 a 2,000,000 15% | 90.9 % | 45% 12
500,001 a 1,000,000 20.9 % 9.1% | 545% | 27
3 67 11 22 100

Source: own elaboration using Orange (Demsar, et al., 2013).

After applying 8 supervised learning algorithms to the survey information, it was possible to
identify that:

When considering the average results, the following algorithms have a predictive capacity
between 84.4% and 87.2%: Random Forest and SVM; and between 75% and 79.6% had a
predictive capacity AdaBoost, Tree, Naive Bayes (Figure 2).

The algorithm with the least predictive capacity was the KNN.
Considering the Figure 3, it is possible to indicate that:

The best algorithms for the prediction of the range of costs between 0 and 500,000 pesos were:
(1) Random Forest: 85.7%; (ii) the decision tree: 84.6%; (iii) Naive Bayes: 84.2%; (iv) AdaBoost:
83.9%.

The best algorithms for the prediction of range of expenditure between 500,001 and 1,000,000
pesos were: (i) SVM: 100%; (ii) Random Forest: 85%.

The best algorithms for the prediction of range of expenditure between 1,000,001 and
2,000,000 pesos were: (i) Random Forest: 100%; (ii) SVM: 100%; (iii) AdaBoost: 100%; (iv)
Neural Networks: 90.9%; (v) decision tree: 83.3%

The others algorithms do not predict any of the three ranges with an accuracy higher than 80%,
therefore, should not be taken into account: KNN y CR2.

Now, the application of the decision tree displaying the variables that allow to predict in 84.6%
the population that gets between 0 and 500,000 monthly. Its characteristics are the following: (i) the
level of education ranges between primary, secondary or technical support; (ii) have received
compensation by the State; (iii) have generally used the resources for housing arrangements and
purchase of animals for the farm. Likewise the application of the decision tree displaying the
variables that allow to predict in 83.3% the population that gets between 1,000,001 and 2,000,000
monthly. The level of income ranges between 500,000 and 2,000,000 pesos, but most of those who
earn between 500,001 and 1,000.000 are located in a rural area.
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Conclusions

The variables that allowed explaining the behaviour of the expenses of the victims who
returned to La Palma, Cundinamarca were identified. It was possible to establish that the three best
supervised learning algorithms, for the average, were at the aggregate level the Random Forest and
the SMV emblem with a capacity of prediction, higher than 84%. As in the work of Lis-Gutierrez
et al, (2018c), the algorithm with less capacity of prediction was the KNN. The Random Forest,
the decision tree, Naive Bayes and AdaBoost: predict the initial income range with a level higher
than 83.9% (between 0 and 500,000 pesos, i.e., between 0 and 167 dollars). For the prediction of
middle income range (between 500,001 and 1,000.000, i.e. between 167 and 334 monthly dollars),
the SVM had a predictive capacity of 100%, followed by Random Forest. With regard to the
prediction of middle income range (between 1,000,001 and 2,000.000, i.e. between 334 and 668
monthly dollars), the SVM, the Random Forest and AdaBoost, had a predictive capacity of 100%,
followed by the neural networks and the decision tree.

Among the recommendations for future studies are: (i) enlarge the sample, in order to have
more predictive power and reduce the error margin from 9.75% to 5%; (ii) replicate this study in
other populations, and check if the algorithms identified efficiently predict the income levels of the
returning population. In either case, communicating of the findings to the community is required.
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