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ABSTRACT 

Poverty alleviation continues to be paramount for developing countries. This necessitates the need 

for poverty tracking tools to monitor progress towards this goal and effect timely interventions. 

One major way poverty has been tracked in Malawi is by carrying out integrated household surveys 

every five years to quantify poverty at local and national levels. However, such surveys have been 

documented as very expensive, tedious, and sparsely administered by many low- and middle-

income countries. Therefore, this study looked at whether machine-learning models can be used 

on existing survey data to predict poor and non-poor households, and whether these models can 

predict poverty using a smaller number of features than those collected in integrated household 

surveys.  

This was achieved by comparing the performance of three off-the-shelf, open-source machine-

learning classification algorithms namely Logistic Regression, Extra Gradient Boosting Machine 

and Light Gradient Boosting Machine, in correctly predicting poor and non-poor households from 

Malawi survey data. These supervised learning algorithms were trained using 10-fold cross-

validation. The experiments were carried out on the full panel of features which represent all the 

questions asked in a household survey, as well as on smaller feature subsets. The Filter method 

and SHapley Additive exPlanations method were used to rank the importance of the features, and 

smaller data subsets were selected based on these rankings.  

The highest prediction accuracy achieved for the full panel data set of 486 features was 87%. When 

the Filter method rankings were used, the models’ prediction accuracy dropped to 63% for the top 

50 features subset. However, using the SHAP method rankings, the maximum prediction accuracy 

level was maintained and only dropped slightly to 86% with the top 50 feature subset; to 84% with 

the top 20 features; and 73% for the top 10 features. Area under the Curve, Receiver Operating 

Characteristic curve, recall, precision, F1 score, Matthews Correlation Coefficient and Cohen’s 

Kappa scores confirmed the classification models’ reliability.  

The study, therefore, established that poverty can be predicted by open-source machine learning 

algorithms using a substantially reduced number of features with accuracy comparable to using 

the full feature set. A policy recommendation is to employ only the top explanatory features in 

surveys. This will enable shorter, lower-cost surveys that can be administered more frequently. 

The aim is to assist policymakers and aid organisations to make more timely interventions with 

better targeting of the poorest. 
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

Poverty is a very significant problem for mankind. The United Nations (UN) reported that as 

of 2015, 736 million people existed below the poverty line of US$1.90 a day (UNDP, 2018). 

The UN Sustainable Development Goals capture the UN vision to eliminate poverty in all 

forms and dimensions by 2030. Governments and international aid agencies continue to partner 

in targeting the most vulnerable members of populations with sustainable development 

interventions that are typically designed to lift people from poverty by improving their well-

being in health, education, and income generation. Despite such interventions, South Asia and 

sub-Saharan Africa remain the hotbeds of poverty with 80% of people in these regions 

estimated to be living in extreme poverty (United Nations, 2019). For Malawi, 50.7% of the 

population were estimated to be living below the poverty line and 25% in extreme poverty 

(International Monetary Fund, 2017). 

Tracking poverty indicators is critical to gauge progress in eradicating the problem. For 

instance, assessing poverty levels in communities helps to determine the effectiveness of a 

poverty intervention and whether it is achieving the desired outcome. Using data to track 

progress and evaluate the effectiveness of interventions is an integral part of any aid 

programme. National household surveys are an important source of data used in such analyses. 

However, conducting surveys involves administering questionnaires to selected individuals 

and households to evaluate household consumption and expenditure on food, clothing, energy, 

housing, transport, health and assets such as cars. This makes survey administration very time-

consuming and expensive (Blumenstock, Cadamuro, & On, 2015). 

Various methods have been used to analyse survey data to predict poverty. Before 2011, studies 

typically applied regression statistical models. Recent studies applied more advanced statistical 

techniques such as proxy means (a survey-to-survey imputation), the World Bank SWIFT 

method and poverty scorecards (Dupriez, 2018). While this is so, regression models have a 

challenge with multicollinearity, where two features are highly correlated with each other 

causing misleading predictions and poor accuracy (Vatcheva, Lee, McCormick, & Rahbar, 

2016). 
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Machine learning (ML) methods create a better platform for analysing the ever-increasing 

consumption data to estimate the dynamics of national economic well-being, poverty trends 

and programme effectiveness. In more recent years, ML methods have begun to be applied to 

analyse economic well-being status using various data types such as satellite images and mobile 

phone call data (Jean, et al., 2016). However, the data used here are proprietary and sourcing 

it is costly. Moreover, the ML methods used are complex and require significant computational 

power and expertise, which are also costly. 

This study explores the use of off-the-shelf and non-proprietary ML methods to predict 

poverty, using publicly available survey data. It goes further, by attempting to use fewer 

variables rather than the full range of features tracked in typical surveys. If successful in 

generating results with similar accuracy to those generated by traditional methods, such an 

approach would have succeeded in generating desired information by using freely available 

data and open-source ML methods and low computational power, hence easily applicable in a 

low-resource setting like Malawi. Moreover, if fewer data points can be used, smaller surveys 

that take less time to administer could then be carried out at a lower cost and with greater 

frequency.  

The study builds on the work of the World Bank that also explored the use of ML methods to 

predict poverty. The World Bank conducted this exploration through a company called 

DrivenData Incorporated who hosted a data science competition on poverty prediction using 

ML techniques. The three best performing models were published on the World Bank website, 

were ensembles using ExGBM, LGBM and Logistics Regression (Fitzpatrick, Bull, & Dupriez, 

2018). 

1.2 Problem Statement 

The millennium UN goal is to eliminate extreme poverty in low resource countries (United 

Nations, 2019). To know if this goal has been reached requires effective ways to monitor 

poverty trends in poor countries. This information allows policymakers and international 

development partners to effect the appropriate interventions to ensure that developmental goals 

are on track.  

Traditional approaches have used data from surveys to measure poverty levels. However, 

research has shown that door-to-door surveys are expensive and time-consuming (Jean et al., 

2016). In Malawi, surveys are typically conducted on an average of every five years, but this 
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depends largely on funding availability from international development organisations (Malawi 

Government, 2017). This means that poverty estimates of the population are not available in 

between survey years. This creates a problem of policy design and decision-making because 

old data are used to design development programmes, leading to inaccurate results (Jerven, 

2013).  

International aid agencies and governments have employed various methods to generate data 

for poverty analysis in the period between the five-year surveys. Survey-to-survey imputation 

is one of the popular ways to predict changes in poverty levels using data obtained from other 

surveys that are conducted more frequently. Therefore, survey-to-survey imputation has the 

potential to generate more frequent estimates by using similar data variables captured in other 

surveys at a negligible additional cost (Newhouse, Shivakumaran, Takamatsu, & Yoshida, 

2014).  

Newhouse et al. (2014) report three significant drawbacks to successful imputation. These 

drawbacks include the different wording of questions in any two types of surveys, which will 

have a bearing on responses provided by households. Imputation is restricted to data variables 

that are available in both surveys, which may not provide the full set of data points needed to 

accurately detect household expenditure changes per capita. Besides, if two surveys apply 

different sampling strategies, validation tests will portray the imputations as less accurate. 

More recently, ML methods have been applied to predict poverty levels. However, the data 

that has been used such as satellite imagery and mobile phone usage data are proprietary and 

expensive. These studies also require high computing power, making them costly and 

challenging to conduct in a low-resource setting like Malawi. 

The current study attempts to assess poverty levels using ML classification methods instead of 

survey-to-survey imputation. However, rather than using the more expensive data processing 

techniques that have primarily been used in ML, this investigation uses survey data from 

Malawi’s five-year household surveys that are freely and publicly available on the World 

Bank’s data portal. The ML frameworks tools that include PyCaret and Sci-kit, are off-the-

shelf and open source and can be run on low computing power. This study goes further and 

explores the assessment of poverty levels by using a shortlisted set of variables to see if similar 

levels of prediction accuracy can be achieved with fewer variables than when the full range of 

variables available from an integrated household survey data are used.  
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This study can therefore be summarized as pilot research to understand the feasibility of using 

off-the-shelf ML tools to measure poverty using survey data with far fewer features. It mimics 

recent work of the World Bank that explored the use of ML methods to predict poverty and 

examines the impact of using reduced feature sets to identify the most vulnerable households 

and individuals. 

1.3 Research Objectives 

The main objective of the study is to gauge the feasibility of using fewer features that can be 

cheaper and quicker to estimate poverty. Specifically, the study aims to: 

i) Predict poverty using off-the-shelf open-source ML tools executed on survey data; and 

ii) Explore whether poverty can be predicted by using a smaller number of features. 

1.4 Research Questions 

To achieve the objectives, the study sought to answer the following research questions: 

i) Can poverty be predicted using off-the-shelf ML tools employed on survey data? 

ii) Can poverty prediction based on a smaller number of features give acceptable results 

when compared to results obtained using the full-panel feature set? 

1.5 Importance of the Study 

The goal of this exploration is to minimize the time and cost of data collection while still 

achieving similar poverty prediction accuracy levels. If successful in achieving similar 

accuracy levels, the set of shortlisted features can inform the design of much shorter 

questionnaires. Shorter questionnaires make surveys far less expensive and time-consuming to 

conduct. Streamlined surveys can be administered through other channels such as smartphones 

instead of on paper. It could also allow for larger samples to be taken to provide a more precise 

picture of the population's current welfare. Moreover, improved questionnaires can lead to 

variance reduction that is useful for monitoring the variables and improved prediction of future 

trends.  

Poverty classification using ML has the potential to monitor poverty level trends more cost-

effectively and more closely so that poverty reduction interventions can be effected by 

policymakers quickly and with improved identification and targeting of those most vulnerable. 
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1.6 Organisation of the Thesis 

The remainder of this thesis is organised as follows: 

 Chapter 2 reviews previous and current literature relevant to the study. Concerns and 

development of the poverty prediction field are reviewed, and the supervised ML 

classifiers are chosen.  

 Chapter 3 addresses the methodology applied in this study. It outlines the experimental 

process of developing the ML models, selecting feature subsets, and evaluating 

prediction success. 

 Chapter 4 analyses the results and answers the research questions.  

 Chapter 5 concludes the study. It makes poverty prediction policy recommendations 

and suggests areas for further research. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Introduction  

This chapter reviews approaches to poverty prediction using ML methods. It does so by 

analysing the data types used, the ML tools and approaches used, and model performance 

achieved in the studies. Data types utilised are survey data (obtained from completed 

questionnaires), mobile phone records and satellite images. 

2.2 Overview of Machine Learning 

In recent years, ML methods have gained popularity for use in data analysis due to the increased 

availability of memory and high computing power. ML seeks to learn from data to identify 

patterns to use them in another context to produce similar outputs with minimal human 

intervention (Géron, 2019). ML methods can be grouped into three categories: supervised 

learning, unsupervised learning, and reinforcement learning.  

2.2.1 Supervised Learning  

Supervised learning is primarily used to make predictions about unseen or future data, based 

on past occurrences. Classification is a subgroup of supervised learning which aims to correctly 

predict categorical class labels of new occurrences based on historical observations. The other 

subcategory of supervised learning is regression analysis, which is used to predict continuous 

outcomes (Raschka, 2015). 

Supervised learning aims to produce a function that can predict a target variable based on pre-

labelled input data. In so doing, the algorithm constructs a model that can process new data to 

predict that target variable. Korivi (2016) provides one example to demonstrate how supervised 

learning is used in classification, to say an algorithm can be trained to recognize an animal by 

running it through a dataset of prelabelled images of the animal’s species (Korivi, 2016).  

Two main steps are followed to classify data by means of supervised learning: 

i) Training: where labelled datasets are used to construct a classification model or classier:  

ii) Testing: where the trained model is used to classify new unlabelled data. 
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The need to label input data for training, validation and testing steps is the major challenge to 

this approach as this requires domain knowledge and adds to the cost of labelling the input data 

(Nguyen & Armitage, 2008).  

2.2.2 Unsupervised Learning 

Unsupervised learning techniques such as clustering, are mainly used in discovering hidden 

patterns or structures in datasets (Raschka, 2015). Input data is not annotated and has no labels. 

Unsupervised ML algorithms search for patterns and group data into clusters based on 

similarity in features. The algorithm aims to define the number of clusters and their 

distributional shape (Nguyen & Armitage, 2008). Complexity and computational resource 

requirements are some of the challenges that unsupervised training algorithms encounter. 

Furthermore, unsupervised training algorithm requirements for feature selection can be 

challenging to achieve (Williams, Zander, & Armitage, 2006).  

2.2.3 Reinforcement Learning 

Reinforcement learning is an ML technique that uses an agent to find the right policies by 

learning from interacting with the environment and receiving feedback. It is thus used to solve 

interactive problems (Géron, 2019; and Raschka, 2015).  

Reinforcement learning aims to solve a Markov Decision Process defined by a four-element 

tuple M = (s, a, Psa, R). The letter “s” represents the state space in which the agent makes a 

decision and “a” represents a set of actions provided for the agent to choose. Psa is a probability 

distribution representing the state's probabilities of transferring to different states after action 

“a” and “R” represents the reward (Géron, 2019). As an illustration, P (s′ | s, a) stands for the 

probability of the current state (s) transferring to the next state (s′) after action (a). The letter R 

with parameter (s, a) is a reward function R (s, a) that represents the reward received by the 

agent after the execution of action under the state (s). A reinforcement learning process can be 

described as depicted in Figure 1. 
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Figure 1. A depiction of reinforcement learning 

 

Source: Analytics Vidhya (2020, p. 32) 

 

2.2.4 A Depiction of Machine Learning Categories and Algorithms 

Figure 2 below presents an overview of ML techniques and the algorithms associated with 

each. 

Figure 2. A summary of machine-learning techniques and algorithms 

 

Source: Fadlullah, et al., 2017 (p. 10) 
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2.2.5 A Roadmap of Constructing Machine Learning Systems 

Raschka (2015) captures the typical pipeline for building a machine learning system. This 

includes four main steps starting with data pre-processing, to prepare it for use by any ML 

algorithm to get better outcomes.  

As captured in Figure 2 in the above section, many different ML algorithms have been created 

to solve different problem sets. The second step in the ML workflow is learning, where an ML 

algorithm is trained using input data from the problem task at hand to develop the predictive 

model. This is followed by model evaluation to gauge the performance of the predictive model, 

based on predefined performance metrics. If satisfied with its performance, the model can then 

be used for prediction on new or unseen data.  

Raschka (2015)’s workflow diagram is presented in Figure 3 below.  

 
Figure 3. A typical workflow diagram for using ML in predictive modelling 

 

Source: Raschka (2015), p.11 
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2.3 A Review of Studies Applying Machine Learning to Predict Poverty  

ML techniques have been applied in different fields with varying success. Lately, ML 

techniques have also gained attention in predicting economic well-being and improving 

poverty alleviation targeting (Mullainathan & Spiess, 2017). These studies have used different 

data types and the most common are survey data, mobile phone data, satellite imagery, or a 

combination of these. The section below analyses investigations published in the last 10 years 

applying ML to measure poverty level in populations.  

2.3.1 Machine Learning Classification Using Satellite Imagery and Geospatial Data 

Several studies have used a combination of satellite images and ML to predict poverty. Jean et 

al. (2016) pre-trained a convolutional neural network (CNN) to identify image features. The 

CNN was then further trained to identify night light intensities corresponding to the daytime 

satellite imagery. Using a combination of expenditure data and the corresponding daytime 

imagery features for those clusters, ridge regression models were trained to predict economic 

activity. The study was conducted on five countries namely Rwanda, Uganda, Nigeria, 

Tanzania, and Malawi. The results were compared with those obtained using survey data alone. 

The ML method by Jean et al. (2016) was found to explain between 55% (Malawi) and 75% 

(Rwanda) of the variation in economic outcomes in those countries.  

Head, Tran, Manguin and Blumenstock (2017) replicated Jean et al.’s (2016) prediction method 

and conducted a study in Rwanda, Nigeria, Haiti and Nepal. Head et al. (2017) also explored 

if the same method could be applied to predict other sustainable development indicators namely 

access to water, education, and health. They had similar results to Jean et al. (2016) for poverty 

prediction for the two common countries (74% for both Rwanda and Nigeria), though the 

results for the other sustainable parameters were different.  

Notably, the ML on satellite imagery while successful to varying degrees in predicting poverty 

results for economic clusters, does not provide results at the individual household level. In 

addition, acquiring spatio-temporal satellite images as input for the ML algorithm may prove 

to be challenging for low-resource countries such as Malawi. This is due to the ability to source 

computational power needed to process high-resolution satellite images. 

Bilton, Jones, Ganesh, and Haslett (2017) used geospatial data coupled with survey data to 

predict poverty in Nepal. The poverty prediction once calculated were imposed on a spatial 

map of Nepal to show the incidence of poverty. Decision tree-based methods and Random 
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Forest were employed using the household survey data and geospatial data to predict the target 

variable poverty at the cluster level. Their method was used because of its inherent ability to 

automatically select important features while avoiding over-fitting. Results gave an accuracy 

of 67% for predicting poor clusters. The poverty estimates attached to geo-locations are 

important in providing information to policymakers and aid agencies to optimize aid allocation. 

However, this method also measures poverty at a cluster level, not at the individual household 

level.  

Tingzon et al. (2019) used the methods developed by Xie, Jean, Burke, Lobell and Ermon, 

(2016) and Jean et al. (2016), incorporating open-source geospatial data from the 

OpenStreetMap project to predict poverty. The results of the models, which combined regional 

indicators as features, gave an accuracy in predicting poverty of 63%. The conclusion of the 

investigation showed that models trained on publicly available, and volunteer labelled 

geographic data attained the same accuracy as that of models trained using proprietary satellite 

images. The challenge and drawback of this method is the requirement for domain knowledge 

to curate and annotate the geospatial images for poverty features.  

2.3.2 Machine Learning Classification Approaches Using Mobile Phone Data 

Blumenstock et al. (2015) used a combination of ML methods, survey data and mobile data to 

predict poverty. Their method combined feature engineering and feature selection in a two-step 

approach. First, they used combinatorial deterministic finite automatic to transform 

individuals’ call logs into a large set of quantitative features. After creating the features, elastic 

net regularization was used, to eliminate all irrelevant metrics identified to have low predictive 

influence towards the target variable wealth. These features were additionally used by Random 

Forest base ensemble classifier to predict poverty. Cross-validation was carried out to limit 

model over-fit on the small training sample. A composite wealth index was constructed using 

the first principal components of responses related to wealth from several demographic and 

health surveys. The results generated by the lean model were then compared against this index 

to predict if an individual is poor or non-poor 

Steele et al. (2017) used surveys and mobile phone call records to classify individuals' 

economic well-being in Bangladesh. They used the ensemble method on large-scale mobile 

phone data to predict household poverty levels. The study aggregated datasets from census 

data, mobile phone operator data and geospatial data to train models that could predict poverty. 

Models using the combined datasets’ features achieved an r-squared coefficient of 
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determination of 78%. However, models using only mobile phone operator data produced 

comparable results. This investigation demonstrated that mobile data only could be used to 

predict poverty. The findings showed the potential to estimate and continually monitor poverty 

at a local level.  

Using mobile phone data to predict poverty generates information at an individual level and 

can easily be applied when survey data is not available. However, not all households own a 

mobile phone so that sections of the population, especially the extremely poor, would be left 

out. In addition, Steele et al. (2017) reported the reluctance of mobile phone operators to share 

data due to business and privacy concerns, pointing to a key challenge on relying on the 

availability of this proprietary data to monitor poverty. 

2.3.3 Machine Learning Classification Using Survey Data 

ML methods have also been applied to survey data on their own in addition to being used in 

combination with or to validate or supplement other data types in classifying poverty. Several 

studies that used ML classification methods on survey data to predict poverty are outlined 

below. 

Fitzpatrick et al. (2018) compared the results of optimized linear regression with 10 modern 

approaches to classification including advanced decision tree methods, genetic algorithms and 

deep learning methods. In so doing, they were able to assess the trade-offs between the 

computational complexity of the methods and model performance. The classification 

algorithms used were all open source and applied to survey data for Malawi and Indonesia. 

Survey responses were converted into features, which were used as predictors to identify 

“poor” or “non-poor” households. The results found no major difference in the predictive 

ability of linear regression and the more advanced ML methods. In fact, in all the cases, linear 

regression performed better than the more advanced methods, emerging among the three top 

predictors. The results in the accuracy of prediction ranged between 73 – 87% for Malawi and 

88% to 91% for Indonesia before model fine-tuning, 86% - 87% for Malawi and 81% - 85% 

for Indonesia thereafter. For their simple data set of 10 features, model accuracy ranged from 

73 – 77%. Notably though, their top 10 features were derived using a stepwise approach 

analogous to that used in regression techniques in identifying top predictors.  

Thoplan (2014) explored using random forests with census survey data to predict poverty. This 

approach was chosen because of the model’s low computing requirements, accuracy, and 

ability not to overfit to training data. Furthermore, random forests are very efficient in selecting 



13 

features that are important in influencing the target variable. The random forests prediction 

results showed that out of the bag (OOB) error mean in classification of poor and non-poor 

households to be 0.175.  

McBride and Nichols (2018) employed survey data to predict poverty using cross-validation 

and stochastic ensemble methods to improve the predicting ability of proxy means test (PMT) 

tools used by the United States Agency for International Development (USAID). The study 

concluded that using a stochastic ensemble approach could reduce the time it takes to perform 

feature selection and improve the process of comparing multiple ML models' performance. 

Overall prediction results of the ensemble approach showed that there was a conservative gain 

in performance against other methods. The results in the accuracy of prediction ranged between 

and 87 % for Malawi and 55% for Bolivia. 

The challenges of sourcing proprietary data and the computer processing requirements for 

high-resolution images reported for the other data types are not the case when survey data is 

used. 

Table 1 summarizes these studies, including the nature of the datasets, the ML approaches to 

classification methods used, and levels of accuracy achieved
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Table 1. Poverty classification studies using machine-learning methods 

Study Dataset Sampling Technique Feature selection Classification  Performance 

Studies classifying poverty using satellite and geospatial data 

Jean et al. (2016) 

 

Rwanda, Uganda, 
Nigeria, Tanzania, 
Malawi 

High-resolution 
satellite imagery 
covering 300,000 
locations in the 5 
African countries 

+ corresponding 
survey data 

Convolutional Neural 
Network (CNN) pre-
trained to identity 
image features in the 
daytime and fine-tuned 
to identify the same 
features at night 

Trained CNN with over 
55 million parameters 
used as a feature extractor 

Mean cluster-level values 
from survey data + 
corresponding daytime 
imagery features extracted by 
the CNN used to train ridge 
regression models that can 
predict economic activity at 
cluster level  

Rwanda 2010  
r²= 0.75 

Uganda 2011  
r²= 0.69 

Nigeria 2013  
r²= 0.68 

Tanzania 2010  
r²= 0.57 

Malawi 2010  
r²= 0.55 

Head et al. (2017) 

Rwanda, Nigeria, 
Haiti, Nepal 

Satellite imagery 
(millions of google 
map images) of 4 
countries 

+ corresponding 
survey data 

 

Same as above 

 

Same as above Same as above 

 

Rwanda 2010  
r²= 0.74 

Nigeria 2013  
r²= 0.74 

Nepal  
r²= 0.64 

Haiti 2010  
r²= 0.51 

Bilton et al.  (2017) 

 

Geospatial data  

and 

Survey data of 3912 
households 

Monte Carlo 
simulations +  

Bootstrap resampling 

Bootstrap method Small area estimation of 
poverty incidence 

Tree classification  

 

ELL gives  
P0 = 0.351,  

SE = 0.014 
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Study Dataset Sampling Technique Feature selection Classification  Performance 

Tingzon et al. (2019) Combined Survey data 
27,000 households, 
Satellite imagery 
297,000 and 
Geospatial data 150  

CNN pre-trained to 
identity image features 
in the daytime and 
fine-tuned to identify 
the same features at 
night 

Trained CNN 4,096 
vector and Ridge 
regression  

CNN with transfer learning 

Random forest  

r²= 0.63 

Xie et al. (2016) Survey data and 14 
million images with 
1000 classes  

CNN CNN CNN Accuracy 71.71% 

Studies classifying poverty using mobile phone data 

Steele et al. (2017) Combined Survey data 
for 90,000, mobile 
phone data for 76,000, 
Geospatial data 

Non-spatial 
generalized linear 
modelling (glms). 

Bivariate Pearson 
correlations 

Bayesian geostatistical models 
(BGMs) 

r²= 0.78 

Blumenstock et al. 
(2015) 

 

Rwanda 

Billions of anonymized 
interactions on 
Rwanda’s largest 
mobile phone network 

+ a phone survey of 
randomly selected 856 
subscribers to collect 
data on economic 
welfare indicators, 

Demographic and 
health survey data to 
create wealth index 

5 metrics selected  Two-step approach to 
predict composite wealth: 

i) Combinatorial 
deterministic finite 
automatic (DFA) to 
generate quantitative 
metrics from phone logs 
and ii) Elastic net 
regularization to 
eliminate irrelevant 
features and create a 
generalizing model for 
prediction 

+ cross-validation to limit 
overfitting on the small 
training sample 

Composite wealth index 
constructed using first 
principal component of survey 
data 

Lean model generates results 
marked against wealth index 

Tree-based ensemble 
regressors and classifiers 
(random forest) to aggregate 
prediction results 

 

Local cluster level 
r = 0.79  

District level 
r = 0.92 

Average wealth of a district, as 
predicted by the mobile phone 
data,  
r = 0.917 
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Study Dataset Sampling Technique Feature selection Classification  Performance 

Studies classifying poverty using survey data 

Fitzpatrick et al. 
(2018) 

Malawi, 
Indonesia 

Household survey data 
from a nationally 
representative sample 

Synthetic Minority 
Oversampling 
Technique (SMOTE), 
for the Indonesia 
dataset 

Categorical variables 
(response to survey 
questions) are as poverty 
predictors. 

Classification is 
performed using the full 
features dataset and a set 
of shortlisted features 

Variance inflation factor 
(VIF) testing to eliminate 
redundant features to 
generate shortlisted set 

10 open-source ML 
classification algorithms are 
applied to predict poverty and 
results compared. 

The target prediction variable 
of all methods is a binary label 
“poor” or “non-poor”, to 
classify households 

MALAWI: Accuracy = 78 - 
87% for full feature set; and = 
73 - 77% for simple feature set  

INDONESIA: Accuracy = 
88% - 91% for full features 
set; and = 90 - 91% for fewer 
features set 

Thoplan (2014) Survey data, 

296 294 

Random Forest  

Bagging  

Gini Score  Bootstrap on tree applied on a 
random sample of 
observations 

Out-of-bag (OOB) prediction 
obtained using a majority vote 
across trees 

Out of the bag (OOB) 

Error Mean = 0.175  

McBride and Nichols 
(2018) 

Survey data, 

1800- 11280 

Regression forest  

Quantile regression 
forest bootstrap 
aggregation 

Random forest for feature 
selection 

 

 

Ensemble methods (Bagging 
and then applying random 
forest algorithm for 
classification) 

Model selection based on 
cross-validation 

Total Accuracy  

Malawi Mean = 80% 

East Timor Mean = 75% 

Bolivia Mean = 64% 

Kshirsagar, 
Wieczorek, 

2015 Zambia LCMS 
survey data  

Elastic net logistic 
regression  

Bootstrap variable 
selection  

Elastic net logistics regression Probability = 0.85 
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Study Dataset Sampling Technique Feature selection Classification  Performance 

Ramanathan and 
Wells (2017) 

Cross validation 

Knippenberg, Jensen 
and Constas (2019) 

Survey data, 

576 households 

N/A Least Absolute Shrinkage 
and Selection Operator 
(LASSO) and Random 
Forest to identify the best 
predictors of Need. 

LASSO and Random Forest to 
identify the best predictors of 
Need. 

Out of sample (April, May)  

LASSO r²= 56.4% 

Random Forest r²= 55.6% 

Sohnesen and Stender 
(2017) 

Survey data, 

1800 – 18000 

In 6 countries 

Random Forest  Entropy loss function 

Gini loss function 

Random Forest National Mean square error 
(MSE) 

Gini = 1.71 
Entropy = 1.94 

Urban/Rural MSE 

Gini =2.58  
Entropy =2.58 

Gravemeyer, Gries 
and Xue (2010) 

Survey data, 

1056 households and 
3256 individuals 

Logit regression 

Tobit regression 

Probit regressions 

Empirical  

Truncated  

Censored  

Regression statistical method 
of measuring poverty 
Regression is applied, and 
variables are truncated; others 
are censored. This allows us to 
have coefficients  

Probit 
r²= 74% 

Tobit 
r²= 75% 

OLS 
r²= 53.6% 
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2.4 An Analysis of the Machine Learning Approaches to Predicting Poverty 

For classification, the type of learning used has been supervised learning where training and 

testing data has labels. Classification algorithms used include regression algorithms, tree-based 

algorithms, neural networks, and ensemble methods which combine tree based and regression 

algorithms.  

Studies to predict household poverty such as the one used by Steele et al. (2017), aggregates 

several base classifiers to improve performance over a single classifier (Sundsøy et al., 2016). 

Steele et al. (2017) used the ensemble method to classify individuals' economic well-being 

using mobile phone call details records which are big data. Steele et al. (2017) investigated the 

performance of two different ensemble methods known as Random Forest and Gradient 

Boosting Machines. 

Convolutional neural networks (CNNs) are another approach used by Jean et al. (2016), Head 

et al. (2017), Blumenstock et al. (2015), and Xie et al. (2016). The studies employed 

convolutional neural networks (CNN) on daytime and night-time satellite images to identify 

image features that could classify poor households. All these studies leveraged the transfer 

learning technique where the images were pre-trained using another dataset, and the results 

obtained were used as input for deep learning algorithms (Jean et al., 2016). However, the first 

step in the process was establishing a baseline using demographic health survey datasets. This 

was followed by computing satellite-based “features” for each image cluster using a CNN to 

extract features from satellite imagery covering the area of interest. The CNNs were pre-trained 

on ImageNet and then optimized to predict categories of night-time light intensity from daytime 

satellite images. The final step employed a ridge regression model to learn the functional 

parameters from satellite features to produce cluster-level indicators. The optimized CNN and 

linear models are then used to predict poverty levels given random daytime satellite images ( 

(Blumenstock et al., 2015; and Jean, et al., 2016). 

The highest accuracies achieved using this approach were around R² of 0.74 for Rwanda and 

Nigeria. However, the studies showed that night-lights' dependence to provide features for the 

algorithm could not generalize well in different settings.  

Sundsøy et al.’s (2016) investigation compared deep learning with traditional methods using 

mobile phone data. Deep learning has sub-domains and the most popular are the Artificial 

Neural Network (ANN), Deep Neural Networks (DNN), Convolutional Neural Networks 
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(CNN), Deep Belief Networks (DBN) and the Stacked Auto-Encoders (SAE). An ANN was 

applied by Sundsøy et al. (2016) because of its ability to deduce complicated functions 

representing the weights and bias of the dataset and the capability to replace handcrafted feature 

engineering. The investigation showed promising results for Deep Learning techniques. The 

classification receiver operating characteristic (ROC) area under the curve (AUC) metric of 

Deep Learning was 0.77, while Random Forest was 0.64 and Gradient Boosting 0.61 (Sundsøy 

et al., 2016). Deep Learning has better performance than traditional data mining approaches, 

but it is not interpretable and is also computationally expensive (Doshi-Velez & Kim, 2017).  

In a study titled “Predicting poverty and wealth from mobile phone metadata”, phone call detail 

records (CDR) records of 876 volunteers were converted into more than 5000 measures that 

could determine total volume, intensity, timing, and directionality of communication 

(Blumenstock et al., 2015). Examples of features derived from the metrics were numbers of 

calls per day, unique cell towers visited, weekly airtime expenditure and the number of 

international contacts, to name a few. The poverty estimates were compared against the poverty 

estimates from national consumer survey data. The second step used an elastic net 

regularization algorithm to eliminate irrelevant phone metrics and select a low resource model. 

Blumenstock et al. (2015) compared the phone-based estimates of average cluster wealth 

against the National demographic and health (DHS) survey of 492 clusters of 2010 achieving 

R² = 0.79 at the cluster level, which is lower than at the district level R² = 0.92. This method 

showed improved results in the classification of households with different economic status by 

reducing the number of features.  

Another popular ML classification algorithm is the C4.5 decision tree-based classifier that was 

applied to poverty mapping studies by Sani, Rahman, Bakar, Sahran, & Sarim (2018). The 

binary decision trees algorithm was used to estimate poverty in Nepal and the results from the 

simulation showed low bias and variance against the training set. Decision trees also make few 

feature assumptions on the training data. Alternative techniques such as multiple regression 

apply the stepwise method that requires feature engineering at a preliminary stage. This 

requirement causes overfitting problems and reduces reproducibility due to the high 

dependence on domain experts in carrying out the feature engineering process (Kshirsagar et 

al., 2017). On the other hand, the decision tree method automatically selects features and is 

better suited for non-linear relationships in the features.  
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Kshirsagar et al. (2017) used elastic net logistic regression with cross-validation and parameter 

regularization on survey data. The method involved variable selection, fitting the selected 

model, and translating the derived model into a usable scorecard. The results showed that 

logistic regression could predict the probability of poverty of rural non-poor at 0.50, rural poor 

at 0.85, urban non-poor at 0.20 and urban poor at 0.75. The main limitation of employing the 

above method to quantify poverty is the limited choice of features as input that could be used 

to accurately predict poverty across all sectors of households in a country.  

McBride and Nichols (2018) applied cross-validation and stochastic ensemble methods to 

create a proxy means tool. The results showed that the prioritization of the proxy means tool 

performance using out-of-sample data could improve by selecting a model based on utilizing 

cross-validation regression algorithms or using a method such as stochastic ensemble methods. 

The study showed a gain in poverty accuracy, a reduction in false-positive classification rates 

as compared to traditional methods classification. 

2.5 Choosing the Machine Learning Approach to this Study  

Classifiers with the highest complexity such as deep learning classification algorithms have 

been applied on more the complex data types like satellite imagery and big data like mobile 

phone records. Such techniques which explore the entire feature space will have higher 

classification accuracy but require high computational power. Use of such data as mobile phone 

records and satellite imagery can be further challenging due to proprietary reasons. 

In a place like Malawi with limited and costly internet, the methods currently applied to classify 

poverty in between surveys such as Proxy Means Test (PMT), require domain knowledge    

(McBride & Nichols, 2018). Some of the studies reviewed have explored alternative ML 

approaches that are lower on computational complexity, yet still achieve acceptable accuracy. 

These have used data from national surveys that are publicly and readily available on 

government websites or those of international development institutions such as the World 

Bank. This was a key motivation for this study to focus on ML classification methods that 

utilize survey datasets that are readily and publicly available in predicting poverty. 

In a pioneer study by Fitzpatrick et al. (2018) to use ML approaches to poverty classification 

using household survey data, the performance of the various classification algorithms was 

ranked.  Three of the top-performing classification algorithms in the Fitzpatrick et al. (2018) 

study, namely Logistic Regression (LR), Extra Gradient Boosting Machine (ExGBM) and 
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Light Gradient Boosting Machine (LGBM) were selected for use in this study. LR was of 

particular interest due to its simplicity. ExGBM and LGBM were among Fitzpatrick et al. 

(2018)’s top performing classification algorithms and were selected together as they are closely 

related. They were also among the top-performing models in the World Bank ML poverty 

classification competition. These methods are elaborated below. 

2.5.1 Logistic regression 

Logistic Regression was chosen to assess household poverty probability following the method 

devised by (Rahman, 2013). This model or classifier was selected as a baseline model to 

compare with the other two classifiers. The LR classifier computes a weighted sum of the input 

features in addition to a bias term and it outputs the logistic of the result following the below 

equation. 

𝑝 = ℎఏ(𝑥) = 𝜎(𝜃் ∙ 𝑥)               

Equation 1 

The logistic is also called the logit and is represented by the symbol 𝜎(∙) and this is denoted as 

the sigmoid function that outputs a number between 0 and 1 using the below logistic equation. 

𝜎(𝑡) =
1

1 + 𝑒𝑥𝑝(−𝑡)
 

Equation 2 

In Figure 3 below, the Logistic Regression model estimates the probability 𝑝 = ℎఏ(𝑥) the 

probability that a household instance x belongs to the class poor if it is more than 0.5 and non-

poor if it is less than 0.5.  

Figure 4. Logistic function plot as a function of x 

 

Source: Adapted from Géron (2019) 
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2.5.2 Gradient Boosting 

Gradient boosting is a technique that combines classic weak ML algorithms and turns them 

into much more powerful classifiers called ensemble classifiers or ensembles. This process is 

iterative, and the contribution of each weak base classifier is optimised at each reiteration until 

suitable classification performance is achieved (Friedman, 2002).  

Gradient boosting methods is a simple sequential and gradual process where weak ML 

algorithms are optimised by adding more classifiers to create a much more powerful classifier. 

The aim is to build an ensemble classifier that allows the weak classifiers to learn from the 

mistakes of the predecessor classifier thus optimizing the loss function. Technically this is 

attained by tweaking the loss function into a least-squares optimization problem (Géron, 2019). 

This process has been captured in Figure 4 below: 

 

 

 

 

  

 

Source: Analytics Vidhya (2020, p. 17) 

 

2.5.3 Extreme Gradient Boosting 

Extreme gradient boosting (ExGBM) is an improved sub-class of gradient boosting, designed 

to be efficient, and flexible in handling both large and small datasets. This was developed by 

Chen and Guestrin (2016) to address some limitations of gradient boosting machines. Although 

ExGBM provides the same boosting and tree-based hyperparameter optimisation of GBM it 

does a remarkable job in handling overfitting through the process of regularization. This ability 

makes the model faster and flexible during model training. The regularization technique is 

achieved by adding a parameter to the model loss function as presented below. 

  

Figure 5. Gradient boosting pipeline processing 



23 

  

𝐿(𝜙) = ෍𝑙(𝑝௜, 𝑝௜) +෍𝛺(𝑓௞)

௞

 

𝑤ℎ𝑒𝑟𝑒Ω(𝑓) = 𝛾𝑇 +
ଵ

ଶ
⁁║ω║

ଶ
 

Equation 3 

The l is a loss function that calculates the difference between the prediction 𝑝௜ and the target 

𝑝௜. The second function Ω punishes the model with a penalty when the model tries to overfit 

the training data. The additive parameter contributes towards the smoothing of the final weights 

to avoid overfitting, thus improving the accuracy of the model.  

2.5.4 Light Gradient Boosting Machine (LGBM) 

Microsoft introduced the light gradient boosting machine (LGBM) in April of 2017 (Abou 

Omar, 2018) to improve decision trees’ speed. This method was developed to improve the 

process and implementation time by growing the tree leaf-wise instead of checking through all 

the previous leaves for each new leaf, as shown in Figure 5 below. 

Figure 6. The processing pipeline of LGBM 

 

Source: Adapted from Ferlitsch (2020) 

 

All the features are sorted and grouped as bins and implemented through a technique called 

histogram implementation. LGBM converts category features, unlike methods such as 

EXGBM, which do not automatically support category features and convert the features using 

the OneHot encoding process. Several teams have used LGBM ML competition on Kaggle due 

to high accuracy, better training speed and the capability to handle large datasets and trained 

on GPUs (Abou Omar, 2018).  
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2.6 Summary  

This chapter reviewed the literature on past studies that applied ML to predict poverty. It 

reviewed the studies by types of data used, which included satellite imagery and geospatial 

data, mobile phone data and survey data. It reviewed the techniques to explore those that are 

simpler and computationally cheaper classification methods that could be applied in low 

resource settings like Malawi to classify households into poor and non-poor. This information 

is needed to aid policy formulation, poverty alleviation and development programme 

intervention. The ML approaches to poverty classification that use household survey data were 

ranked by Fitzpatrick et al. (2018); three that were among the top performers in that study and 

were not resource-heavy were selected for application in this study: Logistic Regression, and 

Extreme Gradient Boosting and Light Gradient Boosting Machines. These were also among 

the most successful models in the World Bank poverty prediction competition. 
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CHAPTER 3 

METHODOLOGY  

3.1 Introduction 

This chapter first introduces the off-the-shelf open-source ML tools and libraries employed in 

this study, as well as the dataset. It then describes the research methodology followed to achieve 

the research objective of the study. The study applies the ML pipeline for predictive modelling 

by Raschka (2015) as the research methodology. 

3.2  Tools and Libraries 

To develop a framework for all the models, Python was used as the programming language and 

development environment. Python is a high-level, open-source language governed by the 

Python Software Foundation and is run entirely by volunteers. Python is one of the top 

programming languages as of 2014 (Guo, 2014). This language is considered the first coding 

language in most computer science courses in colleges within the USA (Guo, 2014). Python 

also has an overwhelming abundance of libraries that are used for data analysis and scientific 

computing. The open-source libraries used in this project are: 

 NumPy by Harris et. al (2020) 

 SciPy, by Harris et. al (2020) 

 Pandas, by McKinney et. al. (2010) 

 Matplotlib, by Hunter (2007) 

 Scikit-learn, by Pedregosa, Varoquaux, Gramfort, and Michel (2011) 

 PyCaret by Moez (2020) 

 SHAP (SHapley Additive exPlanation), by Lundberg and Lee (2017) 

 Keras, by Chollet et. al (2015) 

 Statsmodels, by Seabold and Perktold (2010) 

 Seaborn, by Waskom (2021). 

These libraries provide the bulk of pre-processing tools, ML algorithms and data visualization. 

All the packages are available under the free open-source license on the 

URL https://pypi.org/ or via pip from the Python Package Index (Pypi, 2020). 
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3.3 The Dataset 

The study used data from Malawi’s Third Integrated Household Survey (IHS3) carried out in 

2010-2011, sourced through the World Bank data portal. This portal is open to the public with 

a creative commons license to the data and the data is anonymized to protect the respondents' 

identity (World Bank Group, 2020). 

The dataset contained two tables, one on households and the other on individuals. The first 

dataset contained data on 12,244 households annotated as either “poor” if their per capita 

consumption was less than or equal to the poverty line of USD 1.90 per day, or “non-poor” if 

consumption was above the poverty line (Malawi Government, 2012). These households 

comprise 56,211 individuals whose data are in the second table. 

The table with household data had 346 features while the table with data on individuals had 42 

features. 

3.4 Predictive Modelling 

Raschka (2015)’s pipeline for using ML in predictive modelling was followed in the 

classification of households target variable as either “poor” or “non-poor”. Accordingly, the 

ML prediction process started with (i) data pre-processing, followed by (ii) learning, that is, 

training and selection of a predictive model, and finally, (iii) model evaluation and data 

prediction.  

The classifiers used in the ML pipeline were also applied by Fitzpatrick et al. (2018) to predict 

poverty using survey data. However, modifications were made to some of Fitzpatrick’s steps 

to enhance the predictive models’ performances, and to answer the research questions of this 

study. Such modifications are described in the relevant steps. 

3.4.1 Dataset Pre-processing 

Raschka (2015) notes data pre-processing as one of the most important steps in any ML 

application. Since the survey dataset came from the National Statistical Office of Malawi, they 

carried out the initial pre-processing and data cleaning before submitting it to the World Bank 

portal. This assures that the dataset is of good quality.  

3.4.1.1 Data Extraction 

The data was collected initially in tabular format and extracted using Stata enterprise guide 

software. However, for the dataset to be processed through ML models, it was converted into 
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a comma-separated value (CSV) format. This was achieved by the Pandas function 

“read_stata()”. 

3.4.1.2 Handling Missing Data 

The IHS3 dataset was well-curated and annotated and had very few missing data values that 

were encoded as blanks or NaNs. They were subsequently dropped using the drop the method 

from the Pandas library. 

3.4.1.3 Derived Features 

The way poverty is calculated in Malawi is not per individual but per household. However, the 

individuals’ dataset contains additional information useful for this study.  

This stage involved using the individuals’ survey data to derive features for their households. 

The derived features were then merged with the initial dataset on households. This was done 

by running python functions to produce features derived from the individuals’ dataset, and 

another to add the derived features to the household dataset. 

Examples of derived features that were obtained from the individuals’ dataset and added to the 

initial households’ dataset include: “the number of children (age 10 and under) in household”; 

and “the number of males in household (over 10 years old)”.  

3.4.1.4 One-hot Encoding of Categorical Features   

While the great majority of the modern classifiers can handle categorical features, others 

require the inputs to be converted into numerical form. Pandas “get_dummies()” function was 

used for one-hot encoding, where features are created for each category  and categorical values 

are assigned a binary value of 0 or 1 for these accordingly.  

Conversion to dummy variables however can create the problem of multicollinearity, where 

two or more independent variables are highly linearly correlated which cause challenges on 

how the predictive model coefficients are calculated during training thus distorting the results. 

The python Pandas library function “get_dummies()” creates dummy variables from the 

categorical features while dropping the first dummy variable for each categorical variable to 

avoid multicollinearity in the dataset (Géron, 2019). 

3.4.1.5 Dropping Features 

Often, ML deals with data with a large number of features. This is a challenge as it not only 

increases the risk of high correlation among features, but also increases computational power 
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requirements. The creation of numerical features can further contribute to these problems 

(Raschka, 2015).  

The next step was to remove features that were deemed not to be useful for classification so 

that only features with predictive value are preserved for training the ML models. The Pandas 

drop() function was run to remove columns with only one unique value and to remove duplicate 

and empty columns.  

3.4.1.6 Data Exploration  

After the pre-processing was complete, the dataset was explored to get a better understanding 

of how some of the features related to one another. Exploratory data analysis plays an important 

role in deciding which ML model to apply and which features to focus on. Paper (2018) 

explains that data analysis is not only useful for testing a predefined hypothesis but also for 

using the data to discover new hypotheses.  

In this study, any distinct relationships between features and the target variable on poverty were 

explored. The data inspection was achieved by plotting the distributions of features against the 

poverty target, or by measuring their correlation.  

First, the study mapped the numerical features which were few in Malawi’s dataset, against the 

target variable. Next in the exploration was to look at the 212 consumables in the dataset to 

identify: the consumables most consumed by the poor, followed by the top items consumed by 

both poor and non-poor and lastly, the ones most consumed by the non-poor. 

The various data exploration results are presented in section 4.3.  

3.4.1.7 Feature Selection 

The full panel dataset contained 486 features. The goal of the study was to compare results in 

prediction accuracy of the target variables when the full panel data was used and when smaller 

subsets of features were used. To achieve this, two different types of feature selection 

techniques were employed. These are the filter method documented by Zheng and Casari 

(2018) and the SHAP method by Shap (2020). The Filter method is the one applied by 

Fitzpatrick et al. (2018) while the SHAP method used in this study is a modification motivated 

by its common use by the top performers in the ML poverty classification competition by the 

World Bank as well as some of the studies reviewed in the literature review section. 
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a) Feature Selection Using Filter Method 

Filter methods rank features by running statistical tests to calculate the correlation coefficients 

between input features. The Filter method was used in the classification approach by 

Fitzpatrick et al. (2018). In this study, a Python script “statsmodels” was run to generate 

statistical metrics for the data. The features are then ranked according to product of the 

correlation coefficients and the standard deviation of corresponding parameters in the data. In 

this way, the top 50 features were identified, and a data subset formed accordingly. 

b) Feature Selection Using SHAP Method 

The SHAP method applies mathematical functions using the Shapley values method from the 

game theory to determine the weight of each feature. The SHAP feature ranking method was 

developed by Shapley (1953) in contributing to the Game Theory and was recommended by 

Lundberg and Lee (2017) following their exploration in search of a feature ranking method that 

led to both high model accuracy and interpretability of complex models. The steps in the SHAP 

method are automated in the Python package SHAP. The full data panel was run through the 

Python Scikit ensemble package and SHAP library to generate the importance of each feature 

and its ranks. From the results, feature subsets were created for the top 20, 50, 100, 150, 200, 

250, 300, 350, 400, and 450 features.  

The minimum number of features of 20 was inspired by the World Bank Proxy means test 

which uses 20 to 30 questions to do a proxy study to determine if the household is poor or non-

poor (Dupriez, 2018; Kshirsagar et al., 2017).  

3.4.2 Learning: Training and Selecting Predicting Models 

Two main steps are followed in supervised learning: training of prediction models and testing 

of their prediction ability to correctly label te target variables, in this case, poor and non-poor. 

The pre-labelled dataset is split into two sets at a ratio of 80:20, the larger portion being the 

training data, used to train pre-existing classification algorithms to produce classification 

models to apply to our case. The smaller portion, the test data, is then used to test the 

performance of the model produced in prior step, in correctly classifying the target variables. 

Based on the various performance metrics, the models’ performances can be observed and 

compared, and the best ones selected.  

An overview of model training in supervised learning is captured by Figure 6 below. 
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Figure 7. Overview of the model training and testing process in supervised learning  

 

Adapted from Ferlitsch (2020, p. 238) 

PyCaret, an open-source ML framework used was used in this study to train and evaluate the 

classification models and in prediction. 

3.4.2.1 Model Selection 

Since the aim of the study was to predict the target variable “poor” or “nonpoor”, this task was 

a binary classification problem.  

Once the data are inputted in PyCaret, the algorithms therein analyse and learn from the training 

data to identify the best prediction parameters, which they use to produce a classification model 

or classifier. The classifier is then tested on the testing dataset to determine the model’s 

performance in correctly predicting the target variable, in this case, “poor” or “non-poor”.  

The PyCaret library has at least 15 classification algorithms that can be used for binary 

classification problems. The study pre-selected three classification models identified as the 

most suitable for the study, based on the review of literature in Chapter 2 on ML methods used 

in poverty classifications using survey data. These are the: i) Logistic Regression (LR); ii) 

Extra Gradient Boosting Model (ExGBM); and iii) Light Gradient Boosting Model (LGBM) 

algorithms. PyCaret Version 1.1. was used to train, test, and evaluate and predict labels in this 

binary classification.  

3.4.2.2 Cross-Validation 

Training and testing alone are insufficient as this puts the model at risk of overfitting to the 

training dataset. The model only learns the labels, not the parameters or the weights of the 
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classification model due to training and testing using the same dataset sample. A typical 

example of overfitting is when a model scores highly during training but performs poorly 

during validation. Therefore, to avoid this, there needs to be a separate subset drawn from the 

dataset for model validation. This requires the dataset to be split into three parts: one for 

training, one for testing and the other for validating the model. However, by splitting the data 

into three parts, the number of samples available for the algorithm to train from is considerably 

reduced in impacting a model’s performance. 

Cross-validation provides a means to safeguard from model overfit. This is achieved by 

expanding the number of samples for training and testing the model while at the same time 

reserving the needed data for validation. A testing set is still reserved for the final evaluation; 

however, the training dataset is split into k smaller sets or folds. The model is then trained on 

k - 1 folds of the data and tested on the remaining portion of the testing dataset. This process is 

repeated k number of times, and the model performance values reported are the average of the 

performance values observed in each loop. The process is thus termed k-fold cross-validation, 

illustrated in Figure 7 below. 

Figure 8. Model training and testing using cross-validation 

 

Source: SciKit Learn (2021, p. 33)  
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In this study, 10-fold cross-validation is used, given the relatively small data set of 12,244. The 

performance of classifiers generated by LR, LGBM and ExGBM were recorded. PyCaret is 

also used to carry out cross-validation. 

3.4.2.3 Performance Metrics 

In classification, there are several metrics that can used to evaluate the performance of a model. 

These include (i) accuracy; (ii) area under the curve (AUC); (iii) Recall; (iv) Precision; v) F1-

measure; vi) Kappa; and vii) Matthew’s correlation coefficient (MCC). PyCaret reports the 

performance of the trained models using all these metrics. The metrics are described below. 

a) Confusion Matrix 

A confusion matrix is a tool that summarises the performance of a classification model in 

correctly predicting the target variable classes, in this case, the positive class “poor” and 

negative class “non-poor”. For any classification model, the bins in the matrix capture the 

aggregated true predictions (true positives and true negatives) and the wrong predictions or 

misclassifications (false positives and false negatives). Table 2 provides the illustrative form 

of the confusion matrix for a binary classifier. 

Table 2. The confusion matrix 

Predicted→ 

Actual↓ Poor Non-Poor 

Poor TP FN 

Non-Poor  FP TN 

Where: TP = True positive; FP = False positive; FN = False negative; TN = True negative. 

 

All the performance metrics used to evaluate the performance in this study which are described 

below can be deduced from the confusion matrix (Tiziana Rancati, 2019). 

b) Accuracy  

Accuracy is the most frequently used metric in classification (Raschka, 2015; Géron, 2019). In 

simple terms, accuracy reports the portion or percentage of correct predictions, mathematically 

expressed as below. 
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Accuracy =
TP + TN

TP + FP + TN + FN
 

Equation 4 

Where TP = true positive (i.e., poor household); TN = true negative (i.e., non-poor house); FP 

= False positive and FN = false negative. 

Accuracy can be relied on as a singular performance metric where a dataset is well balanced. 

However, this metric is very sensitive to imbalanced datasets, where one class is much more 

dominant than the others. In such cases, relying on accuracy alone as a model performance 

measure can be misleading (Fitzpatrick et al., 2018; Géron, 2019). This metric is therefore 

often used in combination with the other performance metrics and model performance judged 

based on the overall results. 

As the dataset used in this study is well balanced with 45.1% poor and 54.9% non-poor 

households, following the reports of Fitzpatrick et al. (2018) and (Géron, 2019), accuracy is 

considered a key performance metric in this study. Nonetheless, for purposes of robustness, the 

models’ performance in terms of other metrics is also considered. 

c) Recall  

Recall focuses on the portion of the dataset that is positive. It is therefore the rate at which the 

classifier was able to correctly predict the true positive. It is the ratio of true positives (TP) to 

all the positives, which is both the TPs and FNs. The equation representation is provided below. 

TPR =
TP

TP + FN
 

Equation 5 

 A good classifier is one that has few FNs, and therefore a high true positive rate (TPR). Recall 

is particularly helpful to gauge model performance where a dataset is imbalanced (Fitzpatrick 

et al., 2018). In this study, low recall would mean too many poor households do not receive 

aid. 

d) Precision 

Precision is defined as the positive predictive value (PPV) (Fitzpatrick et al., 2018; Zheng, 

2015). It looks at the totality of what the model identified as positive, and how many of those 

were truly positive. The equation for precision is therefore the one below, where FP = False 

positives. 
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Precision =
TP

TP + FP
 

Equation 6 

The higher the number of false positives, the lower the model’s precision. Precision is therefore 

a counterbalance to recall, and it is helpful to look at the two metrics together. In this study, 

poor precision would mean that aid is targeted at too many households that do not need it. 

 

e) F1 Measure  

The F1 score combines precision and recall providing a “harmonic mean”. It provides a 

convenient way to look at precision and recall together (Fitzpatrick et al., 2018; Géron, 2019; 

Zheng, 2015). Fitzpatrick et al. (2018) represent F1 as follows. 

F1 =
2TP

2TP + FN + FP
 

Equation 7 

A classifier gets a high F1 score if both recall, and precision are high. 

 

f) Area Under the Curve  

Receiver Operating Characteristic (ROC) Curve is a performance metric representable in 

graphic form, displaying the relationship between the True Positive Rate (TPR) and the False 

Positive Rate (FPR) classes of prediction. It is among the most used tools to gauge the 

performance of ML classifiers, especially visually (Davis & Goadrich, 2006) and (Fitzpatrick 

et al., 2018). The ROC is constructed by plotting the true positive rate (or Recall) against the 

false positive rate. A single point on the ROC curve, the TPR and the associated FPR, is 

obtained from the confusion matrix of a classifier. A high AUC value represents a high TPR 

and low FPR. Figure 8 provides a guideline to interpreting the ROC curve and AUC values. 
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Figure 9. Guideline to interpret receiver operating characteristic curve based on area under the curve 

values 

 

 

Source: Zheng (2015, p. 15) 

 

A perfect classifier will align in the top left-hand corner, signalling False Positive Rate (FPR) 

= 0 and a True Positive Rate (TPR) = 1. A worst-case classifier will score in the bottom right-

hand corner where FPR = 1, TPR = 0. A random classifier would be expected to score 

somewhere along the positive diagonal (the dotted line, where TPR=FPR) signalling that the 

model will generate false positive and false negative predictions at the same rate. 

g) Kappa 

Cohen’s Kappa κ tries to measure the influence of chance on a model’s accuracy. It does this 

by comparing the accuracy achieved and expected accuracy (Cohen , 1968). Fitzpatrick et al. 

(2018) define expected accuracy as “the accuracy rate that a random classifier would be 

expected to achieve based on confusion matrix of predictions”. Accuracy (A) is as measured 

in equation 7 above. Expected accuracy (EA) is represented by the following equation.  

EA =
(TP + FN)(TP + FP) +(TN + FP)(FN+ TN)

TP + FN + FP + TN
 

Equation 8 
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The Kappa statistic is calculated as follows: 

κ =
A − EA

1 − EA
 

Equation 9  

A Kappa score of 1 is the perfect score, representing complete agreement between the model’s 

performance score and the ground truth, whereas a negative score indicates chance agreement. 

A kappa of zero means all the accuracy achieved was by chance. 

h) Mathew’s Correlation Coefficient  

This measure of classification performance was developed by a biochemist, Brian Mathews, in 

1975 for comparing chemical structures (Chicco & Jurman, 2020). This metric was repurposed 

for ML by Baldi (2000) in the year 2000 to measure classification performance for datasets 

that have unbalanced target labels or classes. This method treats the true class and predicted 

class of the confusion matrix as two binary variables and it calculates their correlation 

coefficient. The lower the correlation between the true and predicted values, the lower the 

classification performance. Computing the Mathews Correlation Coefficient (MCC) involves 

solving the phi coefficient (𝜑): The MCC or phi coefficient can be derived from the formula 

below. 

MCC =
TP × TN − FP × FN

ඥ(TP + FP)(TP + FN)(TN + FP)(TN + FN)
 

Equation 10 

The MCC score represents the correlation between the predicted positives and the true 

positives. When the classifier MCC = 1, the classifier performance is considered perfect and if 

it is -1 is considered flawed. A negative number represents a negative correlation between 

predicted and true negatives. 

3.4.2.4 Hyperparameter Optimization 

Raschka (2015) mentions the two types of parameters in ML: those learned from training data, 

such as weights in LR; and the parameters of a learning algorithm, also called hyperparameters 

of a model, e.g., the depth parameter in decision trees and regularization in LR. 

Hyperparameters can be and are used to improve model performance.  
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The default parameters of pre-existing learning algorithms available from ML libraries are not 

ideal for every ML problem task. Hyperparameter optimization techniques are thus employed 

to help to fine-tune predictive models. Grid search is one such technique that is powerful and 

helps to improve performance model by finding the optimal combination of hyperparameter 

values (Raschka, 2015).  

Pycaret by default extracts the optimal configuration parameters for tree-based classifiers and 

LR classifiers by obtaining the maximum number of features to split into nodes, the Gini-index 

and the number of trees in a forest, the solvers to be used and regularization penalty for LR 

classifiers. The performance and impact of the hyperparameter is measured against the standard 

performance metrics such as accuracy, recall, precision, f1-score, misclassification error, Out-

of-bag (OOB) error and confusion matrix. Improvements made to model performance are 

included in the performance results reported for each predictive model (Moez, 2020).  

Pycaret was used in this study to automatically optimize and tune the hyperparameters of all 

the three algorithms using the random grid search method. This was achieved by using the 

Pycaret library function “the tune_model()”.  

3.4.3 Evaluation and Prediction  

Based on the metrics explained above, model performance in correctly predicting poor and 

non-poor households can be evaluated. In this study, the perfomance results measured in terms 

of the eight metrics are recorded for the full 486 feature-panel, and on the smaller feature 

subsets of the top 450, 400, 350, 300, 250, 200, 150, 100, 50 and 20 features selected using 

both the Filter and SHAP methods. 

In Raschka (2015)’s ML workflow diagram, the fourth and final step is model prediction.  If 

satisfied with the models’ performance in the third step, trained models are applied on the 

unseen test data, prediction is carried out on new, future data. 

In this study, the test data from the same IHS3 survey data acts as a proxy of new unseen data. 

Hence prediction is carried out on the portion of the IHS3 data which was reserved for model 

testing. 

3.5 Summary  

This chapter has described the steps and methods followed to answer the study’s research 

questions. These include the data pre-processing procedures; the two approaches to feature 
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selection applied; the approach to model training and testing; and a description of the metrics 

used to evaluate the performance of the classifiers which were built from three classification 

algorithms. Steps taken to explore key features to better understand the dataset were explained. 

The results drawn from the execution of the process are provided and discussed in the next 

chapter. 
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CHAPTER 4 

RESULTS AND DISCUSSION  

4.1 Introduction  

This chapter presents the results obtained following the steps outlined in chapter 3 to achieve 

the aim of the study by answering the study’s research questions of whether poverty can be 

predicted using off-the-shelf ML tools employed using survey data; and if poverty can be 

predicted based on a smaller number of features with acceptable results. Provided here are the 

outcomes of data pre-processing, data exploration, feature selection, and model training and 

evaluation. The results obtained at each stage are discussed. The chapter concludes by returning 

to the two research questions to determine their answers based on the results obtained. 

4.2 Dataset Pre-processing Outcomes 

The survey data once converted from Stata to CSV format was explored. The data included 

some numerical values, categorical string values and some missing data points. Two target 

classes were well balanced at 47.1% poor and 52.9% non-poor. The household data had 346 

features while the data on individuals had 42 features. 

The drop method from Pandas library dropped the 8 rows with missing data. This number was 

low compared to the remaining 12,244 rows, therefore causing no concern about the loss of 

valuable information and compromise to data integrity.  

The manually created python functions produced derived features from the individuals’ dataset 

and added the derived features to the dataset. The features’ derivation was performed to capture 

additional information from the data on individuals useful for household classification. 

The Python Pandas library “get_dummies()” function when ran created dummy variables from 

the categorical features in the dataset. With the dummy variables, the aggregated dataset 

contained 816 features. 

Duplicate columns, empty columns, and columns with only one unique value were dropped by 

running Pandas drop functions. After dropping, the number of features was reduced from 816 

to 486. Of the 486 features, eight were numerical value features and the rest were categorical. 
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4.3 Data Exploration  

The observations from the data exploration are presented below. 

 

4.3.1 Exploratory Results for Numerical Features 

The numerical features in Malawi’s dataset were few. Exploratory results for all eight 

numerical features are presented in the histograms in Figure 9 below. 

Figure 10. Distribution of numerical features across poor and non-poor classes 

 

The histograms above reveal that non-poor households tend to have smaller household sizes, 

with fewer children under the age of 10 years. Also, the non-poor appear to have more rooms 

in their houses, a greater number of cell phones and a higher number of literate household 

members.  

Overall, the histograms show the numeric data does not provide much distinction between poor 

and non-poor households.  
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4.3.2 Exploratory Results for Top Consumables for the Poor 

It was important to identify the consumables most likely to be associated only with the target 

variable “poor”. Items classified as “other” were also excluded due to their limited explanatory 

value. Figure 10 below shows the top 20 items identified as the most consumed by poor 

households.  

Figure 11. Goods most consumed by poor households 

 
Fraction of poor households consuming items most used by the poor 

Top consumables by the poor include pearl millet, gathered wild green and matches. While this 

is the case, to identify goods most likely to be associated with poor, it would be useful to drop 

features common to both poor and non-poor. 
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4.3.3 Exploratory Results for Top Consumables Common to both the Poor and Non-

poor 

It was also essential to understand the consumables consumed by both the poor and non-poor 

households as they would not have much value in explaining the target variable. Figure 11 

below shows the distribution of the top 20 most popular consumables common to both the poor 

and non-poor.  

 
Figure 12. Top 20 consumables 

 
Percentage of households consuming the most common items 

Of the total sample of 12,244, 99.2% of the households reported consuming salt, 93.6% pay 

milling fees for grain and 93.2% use soap. As these sets of features are very commonly 

consumed regardless of poverty or wealth, they are likely not useful in the differentiation 

between poor and non-poor. 
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4.3.4 Exploratory Results for Top Consumables by the Non-poor 

The study also explored the consumables consumed by non-poor households more frequently 

than poor households. The aim was to deduce the features most likely to be associated with the 

non-poor alone that could be useful to identify this class of target variable. Figure 12 below 

shows the top 20 items consumed by the non-poor.  

Figure 13. Top 20 items consumed by the non-poor 

 
Fraction of consumers who are non-poor households 

There were 10 features consumed exclusively (100%) by the non-poor. The other 10 of the top 

20 features were predominantly consumed by the non-poor. The consumption of these goods 

could be translated as a good indicator of “non-poor” status. Of these items, the top 3 which 

were among those exclusively consumed by the non-poor, were mortgage payments, 

consumption of cheese, and jam or jelly.  

4.4 Feature Selection Results 

Running the two feature selection techniques produced two ranking lists of the 486 features. 

The top 20 features selected by the Filter and the SHAP methods are presented below. 
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4.4.1 Top Features Selected by the Filter Method 

Running the dataset through the Filter methods ranked the 486 in order of their explanatory 

values in predicting the variables poor and non-poor basing on their chi-square values. Figure 

13 below shows the top 20 features which according to the Filter method, have the highest 

explanatory value for the target variables. 

Figure 14. Top 20 features selected by the Filter method 

 
Chi-square values 

 

The Filter method identifies the consumption of bread, tea and rice to be among the features 

having the highest contribution to identifying whether a household is poor or non-poor.  

 

4.4.2 Top Features Selected by the SHAP Method 

The SHAP method also generated its ranking of the 486 features according to their level of 

contribution to determining whether a household is poor or non-poor. The features’ level of 

contribution is calculated and presented in form of SHAP values. Figure 14 below shows the 

20 features with the highest mean SHAP values, and therefore the top 20 explanatory features 

according to the SHAP method.  
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Figure 15. Top 20 explanatory features selected by SHAP method 

 
Class 0 = non-poor; Class 1 = poor 

According to the SHAP ranking, the household size had the most influence in explaining the 

status of the wealth of a household. This was followed by the consumption of chicken and rice. 

The full top 50 features as ranked by SHAP method is as follows: 1) Household size; 2) 

Chicken; 3) Rice; 4) Number of working cell phones in the household ; 5) Public transport – 

bus/minibus; 6) Eggs; 7) Goat; 8) Charcoal; 9) Number of separate rooms in household; 10) 

Tea; 11) Sugar; 12) Thobwa; 13) Population weight coefficient; 14) Banana; 15) Bread; 16) 

Green maize; 17) Beef; 18) Maize ufa refined (fine flour); 19) Household weight coefficient; 

20) Cooking oil; 21) Pumpkin; 22) Past 7 days, number of people not listed as household 

members having eaten meal in the household ; 23) Fresh milk ; 24) Toothpaste, toothbrush 25) 

Groundnut; 26) Irish potato; 27) Television; 28) Working electricity in dwelling place;  29) 

Other personal products (shampoo, razor blades, cosmetics, hair products, etc); 30) Dried fish; 

31) Radio (“wireless”) ; 32) Buns, scones; 33) Donations – to church, charity, beggar, etc; 

34)Cabbage; 35) Fresh fish; 36) Soft drinks (Coca cola, Fanta, Sprite, etc); 37) Iron (for 

pressing cloths); 38) Cash transfers / gifts; 39) Grass for thatching roof or other use; 40) Bean, 

brown ; 41) Bed; 42) Pork; 43) Mortar/pestle (mtondo); 44) Groundnut flour 45) Orange sweet 

potato; 46) Watering can; 47) Presence of larger weekly market in the community ; 48) Bean, 

white; 49) Squash (Sobo drink concentrate) ; and 50) Candles. 
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Notably, the ranking and top features selected by the Filter and SHAP methods are different. 

The classification model performance results generated on smaller subsets of data using the 

Filter Method and SHAP method rankings are presented in the next section. 

 

4.5 Model Training and Evaluation Results 

4.5.1 Model Evaluation Results on the Full Panel of Features 

The primary experiment was run on the full panel of 486 features using 10-fold cross-validation 

to train the models, and the reserved portion of the dataset to test the models, and the 

performance of the LR, ExGBM and LGBM classifiers was observed. The performance results 

of the 3 classifiers on the training and test data sets are presented in Tables 3 and 4 respectively. 

Table 3. Model performance on the full panel of features in the training phase 

 

Table 4. Model performance on the full panel of features in the testing phase 

 

The LGBM classifier was evaluated as the best performer on the full feature set, with the 

highest accuracy score of 87.21% in the model training phase, and again in the testing phase 

with an accuracy score of 86.74 %. The ExGM and LR classifiers had relatively close accuracy 

scores of 86.66% and 86.08% respectively on training data and accuracy scores of 86.34% and 

86.69% respectively on test data.  

While the LGBM classifier was also the top scorer in terms of the other six performance metrics 

in the training phase, LR performed slightly better in terms of AUC and Recall. While that is 
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the case, the very high AUC scores ranging from 94.23% - 95% for all three models in both 

the training and testing phases representing very high true positive rates and low false positive 

rates.  

It also had the highest Recall score of 85.54% representing the rate at which the classifier 

correctly predicted poor households. The high precision score of 85% shows that the rate at 

which the classifier wrongly predicts non-poor households as poor households is low. The near-

identical accuracy and precision performances are reflected in the proportionately high 

harmonic mean of 85.85% denoted as the F1 score. The LGBM classifier also had the highest 

Kappa score indicating it was the least influenced by chance. Also having the highest MCC 

coefficient infers the highest correlation between the true and predicted values.  

Overall while the LGBM classifier had the best performance, the performances of ExGM and 

LR classifiers were relatively close. 

4.5.2 Model Performance on Feature Subsets Extracted Based on the Filter Method 

Ranking 

The same experiment was run on the dataset of top 50 features selected by the Filter method 

using both cross validation training data and holdout test data, and the performance results of 

the LR, ExGBM and LGBM observed. The results are presented in Tables 5 and 6 below.  

 
Table 5. Performance results on Filter method’s Top 50 features’ training data 

 Model Accuracy AUC Recall Prec. F1 Kappa 

0 Extreme Gradient Boosting 0.6399 0.6978 0.6415 0.5951 0.6172 0.2782 

1 Logistic regression  0.6356 0.6911 0.6236 0.5931 0.6078 0.2679 

2 Light Gradient Boosting Machine 0.6277 0.6824 0.6171 0.5846 0.6002 0.2524 

 

Table 6. Performance results on Filter method's Top 50 features’ test data 

 

While the results were encouraging, they were not sufficiently accurate. The ExGBM classifier 

was the best performing model using the training cross validation dataset. While the LGBM 
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had the accuracy of 0.6367 using the test data. However, the highest accuracy levels achieved 

dropped substantially from 87.21% to 63.99% for the training data and 63.61% for the test data. 

There was also a drop in the other performance scores achieved with the highest AUC score 

dropping from 0.95 to 0.6978; highest Recall from 0.8584 to 0.6415; highest Precision from 

0.8592 to 0.5951; highest F1 from 0.8585 to 0.6172; and highest Kappa score from 0.7418 to 

0.2782. 

The experiments using any smaller data subsets extracted using the filter method was thus 

discontinued. Next, the study looked at the performance of smaller data subsets extracted using 

the SHAP method.  

4.5.3 Accuracy Results on Ten Feature Subsets Extracted Based on the SHAP Method 

Ranking  

Data subsets were created from the top 450, 400, 350, 300, 250, 200, 150, 100, 50 and 20 

features as ranked by the SHAP method. The same experiment of 10-fold cross-validation was 

run sequentially on each of the subsets. The accuracy results obtained by the three pre-selected 

classification algorithms namely LR, ExGBM and LGBM on the datasets are presented in 

Tables 7 and 8 below.  

 
Table 7. Accuracy results on training data of feature subsets extracted using SHAP method 

No. of features  LR LGBM ExGBM 

486 0.8608 0.8721 0.8666 

450 0.8775 0.8690 0.8615 

400 0.8774 0.8690 0.8614 

350 0.8775 0.8689 0.8615 

300 0.8779 0.8694 0.8615 

250 0.8771 0.8700 0.8615 

200 0.8781 0.8713 0.8608 

150 0.8742 0.8705 0.8616 

100 0.8727 0.8653 0.8593 

50 0.8623 0.8546 0.8550 

20 0.8356 0.8341 0.8285 

10 0.7289 0.7172 0.7156 
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Table 8. Accuracy results on test data of features subsets extracted using SHAP method 

No. of Features  LR LGB
M 

ExGBM 

486 0.8707 0.8677 0.8620 

450 0.8789 0.8715 0.8655 

400 0.8789 0.8811 0.8732 

350 0.8778 0.8704 0.8685 

300 0.8685 0.8702 0.8683 

250 0.8704 0.8585 0.8593 

200 0.8745 0.8718 0.8658 

150 0.8655 0.8683 0.8593 

100 0.8694 0.8601 0.8604 

50 0.8625 0.8579 0.8465 

20 0.8381 0.8326 0.8310 

10 0.7334 0.7344 0.7336 

 

For the smaller feature sets, the LR classifier provided the largest number of the highest 

accuracy scores, followed by LGBM. Nonetheless once again, the scores by all three classifiers 

were relatively close. The best accuracy scores for the smaller subsets stayed above 87% until 

the dataset size was reduced to 50 which is where the accuracy dropped to 86.23% and dropped 

further to 83.41 when the data subset size was reduced to 20, and 73.44% when the dataset was 

reduced to 10%. 

Based on the accuracy scores, this suggests a positive finding to the research question of 

whether a smaller number of features can be used to predict if a household is poor or not poor. 

The next section gives details of model performance using the top 50, top 20 and top 10 

features. 

4.5.4 Model Performance on SHAP Method’s Top 50 Features  

The performance results of the three classifiers on the subset of SHAP method’s top 50 features 

using training data and testing data are presented in Tables 9 and 10 below. 
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Table 9. Performance of the three classifiers on SHAP's top 50 features training data 

 

Table 10. Performance of the three classifiers on SHAP's top 50 features test data 

 

For SHAP method’s top 50 features, the LR classifier was the best performing model. Again 

though, overall, the performance of all three models was very close. 

There only a slight drop in accuracy of the best performing model of about 1 percentage point 

from 87.21% for the full panel set to 86.23% for the training dataset, and from 87.07% to 

86.25% for the test data. Compared with results using the full feature set, there were also very 

slight changes in the AUC score from 95% to 94.21% for the training dataset, and from 94.25% 

to 93.99% for the test data; Recall from 85.84% to 85.24% for the training dataset, and from 

85.45% to 85.46% for the test data; Precision from 85.92% to 84.45% for the training dataset, 

and from 85.45% to 84.39% for the test data; F1 from 85.85% to 84.82% for the training 

dataset, and from 85.40% to 84.92% for the test data; Kappa score from 74.18% to 72.23% for 

the training dataset, and from 73.26.% to 72.29% for the test data; and MCC from 74.23% to 

0.7226 for the training dataset, and from 73.26% to 72.30% for the test data. 

The classification model’s performance on SHAP method’s top 50 features was thus very close 

to that on the full feature set. 

 

4.5.5 Model Performance on SHAP Method’s Top 20 Features  

The performance results of the three classifiers on the subset of SHAP method’s top 20 features 

are presented in Tables 11 and 12 below. 
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Table 11. Performance of the three classifiers on SHAP's top 20 features training data 

 

Table 12. Performance of the three classifiers on SHAP's top 20 features test data 

 

For the top 20 features, the LR classifier was the best performing model. As with the top 50 

feature set, the exception was the recall metric where LGBM scored the highest on the training 

data and ExGBM on the test data. Again however, overall, the performance of all three models 

was very close. 

There was a percentage drop between 3 and 4 in accuracy of the best performing model from 

87.21% for the full panel set to 83.56% for the training dataset, and from 87.07% to 83.81% 

for the test data. Compared with results using the full feature set, there were also small but 

higher degrees of change in the AUC score from 95% to 91.63% for the training dataset, and 

from 94.25% to 92.02% for the test data; Recall from 85.84% to 81.91% for the training dataset, 

and from 85.45% to 82.78% for the test data; Precision from 85.92% to 81.73% for the training 

dataset, and from 85.45% to 82.28% for the test data; F1 from 85.85% to 81.81% for the 

training dataset, and from 85.40% to 82.35% for the test data; Kappa score from 74.18% to 

66.81% for the training dataset, and from 73.26.% to 67.39% for the test data; and MCC from 

74.23% to 66.83 for the training dataset, and from 73.26% to 67.39% for the test data. 

This represents an overall 3 to 4-percentage drop in accuracy, AUC, Recall, Precision and F1, 

and a 6-percentage drop in the Kappa and MCC scores signalling this level of increase in 

randomness in correctly predicting the target variables.  

4.5.6 Model Performance on SHAP Method’s Top 10 Features  

The performance results of the three classifiers on the subset of SHAP method’s top 10 features 

are presented in Tables 13 and 14 below. 
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Table 13. Performance of the three classifiers on SHAP's top 10 features training data 

 

Table 14. Performance of the three classifiers on SHAP's top 10 features test data 

 

For SHAP method’s top 10 features, LR and LGBM alternated on the highest performance 

metrics achieved for the training dataset, while the LR classifier was the best performing model 

for the test dataset. Again, overall, the performance of all three models was very close. 

The percentage drop in accuracy of the best performing model was from 87.21% for the full 

panel set to 73.44% for the training dataset, and from 87.07% to 72.89% for the test data. 

Compared with results using the full feature set, there were also higher degrees of change in 

the AUC score from 95% to 80.33% for the training dataset, and from 94.25% to 79.40% for 

the test data; Recall from 85.84% to 79.65% for the training dataset, and from 85.45% to 

78.81% for the test data; Precision from 85.92% to 67.70% for the training dataset, and from 

85.45% to 67.70% for the test data; F1 from 85.85% to 72.76% for the training dataset, and 

from 85.40% to 72.83% for the test data; Kappa score from 74.18% to 47.04% for the training 

dataset, and from 73.26.% to 46.09% for the test data; and MCC from 74.23% to 47.74 for the 

training dataset, and from 73.26% to 46.62% for the test data. 

This represents a 14-percentage drop in accuracy and similar percentage drops in AUC, Recall, 

Precision and F1, and a circa 27-percentage drop in the Kappa and MCC scores signalling this 

level of increase in randomness in correctly predicting the target variables.  

The classification performance results for SHAP’s top 10 feature set were therefore not as 

strong. 
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4.6 Discussion 

This study set out to explore the use of low code open-source ML tools to predict poverty, and 

to do so using a few features from datasets.  The results obtained above address the questions 

this study sought to answer, which are: i) if poverty can be predicted using off-the-shelf ML 

tools employed on survey data, and ii) whether poverty prediction based on a smaller number 

of features can give acceptable results compared to those obtained using the full feature set. 

The literature review unearthed three past studies that used ML methods on Malawi survey 

data to predict poverty. These are: Jean et al. (2016); Nichols and McBride (2018); and 

Fitzpatrick et al. (2018).  

While the first one, Jean et al. (2016) used a combination of satellite and survey data, their 

prediction performance was relatively low, with an r-squared value of 55%. In addition, as 

noted in the literature review, these results were at cluster level rather than at individual 

household level. 

On the other hand, like this study, Nichols and McBride (2018) sought to use ML rather than 

a combination of domain knowledge expertise and regression to identify best poverty 

predictors to use in the development of poverty PMTs. They too used survey data but employed 

ML ensemble techniques and achieved a predictive model performance of 80% for Malawi, 

though using IHS2 (2004 – 2005) data. However, there were no deliberate feature selection 

techniques to select top explanatory features. They left it to the ML algorithms to achieve the 

good predictive accuracy from the full feature sets.  

The 2018 World Bank competition challenged experts to build best ML poverty predictors for 

three countries including Malawi, using survey data but without a restraint on methods. The 

top competitors succeeded to increase predictive accuracy performance to nearly 89% though 

complexity of their methods was high which is contrary to our research objective to use low-

code ML tools and resources. 

On the other hand, Fitzpatrick et al. (2018) set out to determine the best algorithm for predicting 

poverty. Consequently, he applied 10 pre-existing ML classification algorithms with no feature 

engineering. All ten classifiers performed consistently well with accuracy scores ranging from 

86.4% – 87.4%. This represented only a marginal drop from the World Bank competition 

winning methods but using simpler methods. 
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This study closely followed FitzPatrick et al. (2018)’s approach but used only three 

classification algorithms and achieved an accuracy score of 87.07% for the full feature panel 

set. The main difference was that in this study, the Game Theory-based SHAP method was 

used in selecting the best explanatory features, rather than the filter methods employed by 

FitzPatrick et al. (2018). While filter methods require domain knowledge, the SHAP method 

was run automatically using python libraries. Yet, the classifiers’ performance in this study 

was within the range of FitzPatrick et al. (2018)’s best predictive scores. This is a key 

achievement of this study in managing to achieve good results using simpler methods.   

The predictive accuracy level was also maintained well at 86.94% when the subset of SHAP’s 

top 100 features was used. Accuracy only dropped slightly by nearly a percentage point to 

86.25% when the subset was reduced to 50 features, and by about 3 percentage points to 

83.81% when the subset was reduced to 20 features. Accuracy however dropped substantially 

by nearly 14 percentage points to 73.34% when only 10 features were used. Even so, the ability 

of the ML methods to correctly predict poverty using a substantially reduced number of 

features at a similar or slightly lower number of features without any domain knowledge is 

quite remarkable.  

For the smallest feature sets, FitzPatrick et al. (2018) achieved 76.7% as their highest predictive 

model accuracy on 10 features whereas this study achieved 73.34% on its top 10 features. 

While the 10-feature accuracy score of this study is lower, it still compares well with the 10-

feature accuracy score that FitzPatrick et al. (2018) achieved, especially considering that this 

study’s score was achieved without domain knowledge. FitzPatrick et al. (2018)’s set of top 10 

features was derived using a manipulative stepwise approach analogous to the one used in 

regression analysis that McBride and Nichols (2018) sought to avoid. On the other hand, this 

study selected its set of top 10 features automatically using the Game Theory-based SHAP 

method.  

According to McBride and Nichols (2018), PMTs use 20 – 50 questions. If the 10-feature score 

of 73.34% is considered too low, this study achieved 83.8% accuracy on 20 features and 

86.25% accuracy on 50 features. The simpler approach in this study could therefore be used to 

develop PMT’s with acceptable accuracy scores, not far from those acquired using the set of 

features, close to 500.   

Model performance varied, with LGBM being the best classifier for the full panel dataset, while 

ExGBM performed better on Filter Method top 50 feature subsets, and LR performing better 
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on all smaller feature subsets selected using SHAP ranking and giving the overall best 

performance. However, the models performed close to one another in all cases, with a 

difference of within 1 percentage point across results reported at each stage. This suggests the 

use of several models in such exercises should be maintained as it is useful to verify the 

robustness of results reported by one model and considering the ease with which the methods 

can be applied, made possible by ML frameworks like PyCaret.  

The literature review suggested that accuracy can be relied on as a model performance metric 

where a dataset is well balanced, which was the case in this study. The high accuracy scores of 

models in this study for both full and smaller feature sets were validated by equally high areas 

under the curve, precision, recall and F1 scores as well as MCC and Kappa coefficients. Where 

there was a drop in accuracy, there was a proportionate drop in the other metrics. 

The findings meet the objectives of this study by demonstrating the potential to successfully 

predict poverty using low code, open source, ML algorithms and publicly available survey data 

at high accuracy levels, similar to the best performing ML approaches thus far. The use of 

SHAP method rather than the filter method also enabled an automated determination of a 

shortlist of best poverty predictors without requiring manipulation or domain knowledge, with 

accuracy only slightly lower than that achieved when a full feature panel set is used. These 

findings can assist in the development and deployment of PMTs in a much easier manner.  

4.7 Summary and Analysis of the Results 

In this chapter, the results obtained from the experiments have been presented and discussed. 

Based on the results, answers to the research questions have been posited. These are that 

poverty can be predicted from survey data using off-the-shelf ML tools. Also, poverty can be 

predicted at acceptable levels based on a much smaller number of features with the right feature 

selection methods, although with slight reductions in accuracy when the number of features is 

reduced to 50 or less.  

The next chapter concludes the study. It considers the results obtained and offers suggestions 

on areas of further exploration building on the findings of this study. 

 

  



56 

CHAPTER 5 

CONCLUSION 

5.1 Introduction  

This study explored the use of off-the-shelf and non-proprietary ML methods to predict 

poverty, using publicly available survey data. It went further to attempt to use fewer variables 

rather than the full range of features tracked in typical surveys. This was done with the aim to 

determine whether poverty can be predicted using off-the-shelf low code ML tools on survey 

data; and if poverty can be predicted by using a smaller number of features. The research 

therefore sought to answer two questions: (i) whether poverty be predicted using off-the-shelf 

ML tools employed on survey data; and (ii) whether poverty prediction based on a smaller 

number of features can give acceptable results when compared to results obtained using the 

full-panel feature set. 

If successful in generating results with similar accuracy to those generated by traditional 

methods, such an approach would have succeeded in generating desired information by using 

freely available data and open-source ML methods with low computational power, hence easily 

applicable in a low-resource setting like Malawi. Moreover, if fewer data points can be used, 

the research will have demonstrated that smaller surveys that take less time and cost less could 

be administered with greater frequency, enabling closer monitoring of poverty trends. 

In this chapter, the study is concluded by discussing the findings obtained in addressing the 

two goals of the study and reflecting on the implication of the answers to the research questions 

vis a vis the research objectives. Policy recommendations are made, based on the findings. 

Limitations of the study are noted, and areas for further exploration and research are also 

suggested.  

5.2 Summary of Main Findings 

This study aimed to explore how accurately off-the-shelf ML tools can classify household 

poverty. It also aimed to explore whether a smaller number of features could be used to 

successfully predict whether a household is poor or non-poor. It did so by training three off-

the-shelf open-source predictive ML algorithms, namely Logistic Regression, ExGBM and 

LGBM, using 10-fold cross-validation, applying Raschka (2015)’s workflow for predictive 

modelling in ML and closely following the steps taken by Fitzpatrick et al. (2018) in apply the 



57 

ML pipeline for poverty classification. The full panel feature set of 486 was first applied to 

these classification models, followed by feature subsets of different sizes, and results 

compared. The features were ranked using firstly Filter (Zheng & Casari, 2018) and secondly 

SHAP (Lundberg & Lee, 2017) methods, and feature subsets extracted based on these rankings. 

The study established that off-the-shelf ML tools can be used to predict which households are 

poor and which ones are not. It also established that poverty can be predicted using ML with a 

substantially reduced number of features. The top 100 features predicted poverty just as well 

as the full set of 486 features with the same accuracy rate of 87%. There was a slight drop in 

accuracy by close to 1 percentage point to 86.23% when the feature set size dropped to 50, and 

by about 3 percentage points to 83.81% when the top 20 features were used. Thus, the study 

confirmed that far fewer features could be used to predict poverty with the same or very similar 

success as with the full feature set. Therefore, this research could significantly aid in the design 

of surveys that can be administered more cheaply and more frequently. 

The 87.07% accuracy result reached in this study for the full panel feature set also compares 

well with those achieved by the three winners of the worldwide competition on poverty 

prediction by DrivenData Incorporated, who achieved accuracy scores between 88.5 and 88.9% 

for their full panel sets (Fitzpatrick et al., 2018). Notably, the three winners used ensembles 

which are more complex and computationally expensive methods that combine several 

classification algorithms to create a blended classifier.  

An important finding of this work is that feature selection is crucial when seeking to classify 

poverty correctly using surveys with fewer questions. The accuracy of the SHAP method using 

50 features was 86.25% while the Filter method produced 63.67% accuracy, a difference of 

22.58 percentage points. For the 10 feature sets, Fitzpatrick et. al (2018)’s highest score was 

76.7% while for this study which used SHAP method it was 73.4%, so a difference of 3.3 

percentage points. Therefore, the SHAP method (Lundberg & Lee, 2017) that is low code 

produced better or comparable results for smaller feature sets when compared with the Filter 

method used by Fitzpatrick (2018) that requires domain knowledge. Accuracy of 73.4% is still 

relatively high and if acceptable, then 10 features could quickly be deployed to predict poverty, 

still with a relatively high accuracy level. Otherwise, the number of features could be increased 

to 20 or to 50, to gain the increase accuracy of up to around 86% as desired. 
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5.3  Recommendations for Policy 

It is clearly impractical and costly to carry out surveys of close to 500 questions frequently, but 

it would be easier to carry out surveys of 20 to 50 questions, or even 10 an accuracy level of 

circa 73% is acceptable, with greater frequency. A policy recommendation for Malawi is 

therefore to use shortlists of the top features to design shorter or proxy surveys or to fine-tune 

other surveys, to gather information in between the five-yearly integrated household surveys 

that would provide adequate data for poverty classification. Up-to-date information and closer 

monitoring of trends would also enhance timeliness in effecting interventions and better 

targeting of resources to those most in need. 

5.4 Limitations of the Study  

According to the ML pipeline, once satisfied with the results of a predictive model, it can be 

applied to predict “unseen” and “new future” data. This study was limited to IHS3 (2010-2011), 

and it is the data reserved for test that was used as the “unseen data” and used for prediction. 

IHS4 (2016 – 2017) and IHS5 (2019-2020) are now also available on the World Bank Portal. 

However, this study did not apply its predictive models on either IHS4 or IHS5 data as “new 

future” data.  

Based on the work of Fitzpatrick (2018), this project focused on three ML models namely, LR, 

LGBM and ExGBM. It is possible that different models and techniques may perform better on 

smaller feature sets. 

5.5 Areas for Further Research  

This study focused on three classifiers among the top performers in the ML poverty 

classification study by Fitzpatrick et al. (2018). These three classifiers were also part of the 

base classifiers in the top-performing classification models in a worldwide competition on 

poverty prediction hosted by DrivenData Incorporated (Fitzpatrick et al., 2018).  

The performance results from the models demonstrate that it is possible to classify poor 

households using fewer features and the re 

Having demonstrated here that far smaller feature sets can give accuracy comparable to the full 

feature set, the next step would be to investigate whether even greater accuracy on the small 

feature sets can be achieved using different ML techniques. More complex approaches, for 

example, ensemble techniques such as bagging and stacking, should be investigated to check 
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if they can boost prediction levels on few features. Another area to explore is the use of 

recommendation algorithms that ask the next question based on the previous response. These 

can therefore quickly filter out irrelevant features and reach confirmation of whether a 

household is poor or non-poor. Notably, surveys based on recommendation algorithms would 

need to be administered through electronic devices such as tablets or mobile phones. 

Furthermore, future studies can focus on much more recent Malawi data survey datasets such 

as IHS4 and IHS5 and survey data from other developing countries to check if models trained 

on IHS3 can classify a poor and non-poor household.  

Limiting this study to IHS3 data made possible the comparison of the performance of this 

study’s models with those in Jean et al. (2016) and the World Bank top three competitors 

reported by FitzPatrick (2018), since they also used Malawi IHS3 data for their studies. This 

comparison was important given the second objective of this study that explored the use of 

fewer features to predict poverty at acceptable levels. However, the findings of this study can 

be applied to IHS4 and IHS5 survey data to see if model performance is maintained on both 

full and reduced feature sets. 

Finally, this study focused on data for Malawi; its findings should be tested on data for other 

countries to verify if much smaller questionnaires can also be used successfully elsewhere. 
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