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Detection of Depression among Nigerians using 

Machine Learning Techniques 
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1 Introduction 
 

This research project adopts classification, which was used to develop depression detection 

models for classifying depressive and non-depressive tweets. This document explains the 

hardware and software configuration which was used for the implementation and execution 

of the research project. The extraction process of acquiring depressive tweets, exploratory 

data analysis, pre-processing stages of the datasets which was not fully reported in the 

technical report and codes used for the process were shown in Chapter 2 while Chapter 3 

shows code used for the feature extraction and implementation process used in implementing 

the models, Chapter 4 shows the results of the implemented models and how the models were 

evaluated with adopted evaluation metrics from the literature and comparison of the existing 

work with developed models. 

 

2 Environment 
 

2.1 Hardware Configuration 
 

A Hewlett Packard computer was used for the implementation of this research project and 

properties are shown in figure 1 below. 

Figure 1. Personal computer (PC) configuration. 
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2.2 Software  
 

Authentication keys for extraction of tweets were acquired from Twitter developer account 

and the process are as follow:  

 

Step 1: Open a twitter account 

 

 
 

Step 2: Use the twitter account to sign into twitter developer account. 

 

 

 

 

 

 

 

 

 

Step3: Create an application for the project in order to acquire the authentication keys for 

extraction. 
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Step 4: Obtain the authentication keys for extraction. 
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Implementation are done in R studio and Google colaboratory using python 1 using various 

libraries. 

 

 
 

Figure 2. R Studio version used for the implementation 

 

In order to access python on colaboratory, a google account was acquired to log into the 

colaboratory interface. Figure 3 shows the python notebook on colaboratory. 

 

 
 

Figure 3. Google colaboratory interface for python 

 
 
1 https://colab.research.google.com/drive/1JzH1hnTpvbOuwUunUVJFqQDNI58peGVc#scrollTo=L9K1LTlqVfMm 

https://colab.research.google.com/drive/1JzH1hnTpvbOuwUunUVJFqQDNI58peGVc#scrollTo=L9K1LTlqVfMm
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The extracted tweets were extracted into excel as a comma delimited csv file. Figure 4 shows 

the extracted tweets in csv format. 

 

 
 

Figure 4. Excel csv format of the extracted tweets. 

 

 

The visualization of the results to the practitioners and comparison of the results were done 

using tableau. Figure 5 shows version of tableau used for this research work. 

 

 
 

Figure 5. Tableau desktop version 
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3 Implementation 
 

The implementation stage consists of the extraction of tweets, the exploratory data analysis, 

the pre-processing of the datasets, the merging the of the datasets, the extraction of features, 

the development of the models. 

 

3.1 Data Extraction 
 

The tweet extraction was done in python using google colaboratory and partial pre-processing 

was conducted on the extracted tweet in order to have clean text to generate the sentiment and 

calculate the polarity score of each tweet using the “NLP” package in python, 

 

Step 1. All libraries in the “NLP” package were loaded as shown in figure 6 

 

 
 

Figure 6. Installation of the libraries 

 

Step 2. The acquired authentication keys were parsed to the integrated development 

environment (IDE) in order to connect python to twitter database as shown in figure 7. 

 

 
 

Figure 7. Integration of twitter authentication keys to python 
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Step 3. Columns were created for the tweets in order in which it will pulled into a csv format 

as shown in figure 8. 
 

 
 

Figure 8. The set column, date range and emoji pattern of the tweets 

 

Step 4. The location and origination of the tweets were acquired so as to know the origin of 

the tweets and the coordinates as shown in figure 9. 

 

  

Figure 9. The location of each tweets. 
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Step 5. In order to generate the sentiment and polarity of each tweets, libraries for natural 

language processing were used and partial pre-processing stages as shown in figure 10. 

 

 

 

 

 

 

 

 
Figure 10. Partial pre-processing for clean text. 

 

Step 6. The sentiment, subjectivity and polarity of each text were calculated using library 

“textblob” in python as shown in figure 11. 
 

 
 

Figure 11. Sentiment, subjectivity and polarity calculation of each tweets 
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Step 7. The tweets were harvested using hashtags relating to depression then saved out of the 

google colaboratory in a csv format as shown in figure 12. 

 

Figure 12. Hashtags and saving process. 

 

The downloaded data set was transferred to R-studio for remaining process such as 

exploratory data analysis, data pre-processing, data merging and model implementation. 

 

 

3.2 Exploratory Data Analysis 
 

The data was visualized in its original format in order to what it contains and its relevance, 

and explanatory data analysis was performed to understand the countries where the tweets 

originated from as shown in the figure 13. 

Figure 13. Visualization of the origination of tweet 

 
 

  



10 
 

 

The dataset was converted into a corpus in order to do more EDA especially word cloud and 

frequency of words in the tweet which has been reported in the technical report as well as 

class imbalance in the tweet which prompted an introduction of  new dataset called sentiment 

140 which positive tweet was extracted from it to balance the negative tweets from the 

extracted dataset instead of a synthetic minority oversampling technique (SMOTE). Figure 14 

shows the class imbalance in the extracted tweets and the balanced one with positive tweets 

from sentiment 140 dataset. 

 

 

Figure 14. Class imbalance and balancing of the tweets 

 

 

 

3.3 Data Pre-Processing 

 

After having a balanced dataset, proper pre-processing was conducted on the dataset which 

involves the following process as presented in Figure 15. 

 

• Converting the text into a corpus 

• Converting all text to lower case 

• Removing URLs in the text 

• Removing punctuation 

• Removing stop words 

• Removing whitespace  

• Conversion to document term matrix 
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Figure 15. Pre-processing of the dataset 

 

3.4 Modelling 

 

The DTM contain sparse data i.e words that appeared 0.5% of the whole documents which 

were removed and sparsed data were splitted in 80:20 ratio of the train data and test data 

which were use to train and test seven algorithm as presented in figure 16. 

 

 
 

Figure 16. Sparsity and Split ratio 
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The algorithm used on the sparse data are linear discriminant analysis (LDA), random forest 

(RF), classification and regression tree (CART), extreme gradient boosting (XGboost), 

adaptive boosting (AdaBoost), regularized generalized linear model (GLMNET and c5.0 

decision tree (C50) as presented in Figure 17. 

 

 
 

Figure 17. Seven algorithms used on sparse data 
 

The DTM was tokenized to further extract features such as term frequency-inverse document 

frequency, n-grams and hash which were used to train regularized generalized linear model. 

Figure 18 shows how the tweets were tokenized. 
 

 
 

Figure 18. Tokenization 
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Term frequency inverse document frequency was extracted from the tokenized tweets and 

was used to train a glmnet as presented in Figure 19 and 20 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 19. Term frequency-inverse document frequency 

 

 
 

Figure 20. Glmnet classifier with Term frequency-inverse document frequency 
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N-gram was extracted from the tokenized tweets and was used to train a glmnet as presented 

in Figure 21 and 22. 

 

 
  

Figure 21. Vocabulary n-gram  

 

 

 
 

Figure 22. Glmnet classifier with vocabulary n-gram 
 
 
 

Hash was extracted from the tokenized tweets and was used to train a glmnet as presented in 

Figure 23 and 24. 

 

 
 

Figure 23. Hash feature 
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Figure 24. Glmnet classifier with hash 

 

The tokenized dataset was then normalized in order to increase the precision, recall and f-

measure of the model, Figure 25 presents the normalization process. 

 

 
 

Figure 25. Normalization of the tokenized tweets 
 
 

 

Glmnet with all the feature were then trained on the normalized-tokenized tweets as shown in 

figure 26, 27 and 28. 

 

 
 

Figure 26. Glmnet classifier with hash on normalized-tokenized tweets 
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Figure 27. Glmnet classifier with n-gram on normalized-tokenized tweets 

 
 

 

 
Figure 28. Glmnet classifier with n-gram on normalized-tokenized tweets 

 
 

The above implementation further gave results which are evaluated and validated by the 

evaluation metrics adopted from the literature. The next chapter shows the results from the 

implementation. 
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4 Results 
 

The result of the implementation of the seven algorithms on sparse data and regularised 

generalized linear model on tokenized and normalized tweets using precision, recall and f-

measure utilizing library “caret” in R-studio for the confusion matrix and 10 fold cross 

validation was used to validate the result so that the result are not by chance.# 

 

4.1 Results on Sparse Tweet 

 

Classification and Regression Tree (CART) 

 
The result of the implementation of Classification and Regression Tree (CART) and its best 

tune parameter is presented in figure 29. 

 

 

 

 

 
Figure 29. Classification and Regression Tree and its best tune parameter 
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Linear Discriminant Analysis (LDA) 

 
The result of the implementation of Linear Discriminant Analysis (LDA) and its best tune 

parameter is presented in figure 30. 

 

 

  

 
Figure 30. Linear Discriminant Analysis Tree and its best tune parameter 

 

 

 
 
 
 
 
 
 



19 
 

 

Random Forest (RF) 
 

The result of the implementation of Random Forest (RF) and its best tune parameter is 

presented in figure 31. 

 

 
 

 
 

Figure 31. Random Forest and its best tune parameter 
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C5.0 Decision Tree (c50) 
 

The result of the implementation of C5.0 Decision Tree (c50)and its best tune parameter is 

presented in figure 32. 

 

 

 

 
 

 
 

Figure 32. C5.0 Decision Tree and its best tune parameter 
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Regularized Generalized Linear Model (GLMNET) 
 

The result of the implementation of Regularized Generalized Linear Model and its best tune 

parameter is presented in figure 33. 

 
 

 
 

 

 
Figure 33. Regularized Generalized Linear Model and its best tune parameter 
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Adaptive Boosting (AdaBoost) 
 

The result of the implementation of Adaptive Boosting (AdaBoost) and its best tune 

parameter is presented in figure 34. 

 

 

 

 

 
Figure 34. Adaptive Boosting and its best tune parameter 
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Extreme Gradient Boosting (XGBoost) 

 
The result of the implementation of Extreme Gradient Boosting (XGBoost) and its best tune 

parameter is presented in figure 35. 

 

 
 

 
 

 
Figure 35. Extreme Gradient Boosting and its best tune parameter 
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4.2 Results on Tokenized and Normalized Tweets 
 

The result of the implementation of Regularized Generalized Linear Model (GLMNET) on 

tokenized tweets and normalized tweets with extraction of term frequency-inverse document 

frequency (tfidf), vocabulary n-gram (n-gram), hashing (hsl). 

 

GLMNET with tokenized tweet using tfidf 

 

The result of is GLMNET with tokenized tweet using tfidf presented in figure 36. 

 

Figure 36. Result of GLMNET with tokenized tweet using tfidf 
 

 

GLMNET with tokenized and normalized tweet using tfidf 

 

The result of is GLMNET with tokenized and normalized tweet using tfidf presented in figure 

37. 

 

Figure 37. Result of GLMNET with tokenized and normalized tweet using tfidf 
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GLMNET with tokenized tweet using n-gram 

 

The result of is GLMNET with tokenized tweet using n-gram presented in figure 38. 

 

Figure 38. Result of GLMNET with tokenized tweet using n-gram 
 
 

 

GLMNET with tokenized and normalized tweet using n-gram 

 

The result of is GLMNET with tokenized tweet using n-gram presented in figure 39. 

 

Figure 39. Result of GLMNET with tokenized and normalized tweet using n-gram 
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GLMNET with tokenized tweet using hsl 

 

The result of is GLMNET with tokenized tweet using n-gram presented in figure 40. 

 

Figure 40. Result of GLMNET with tokenized tweet using hsl 

 

 

GLMNET with tokenized and normalized tweet using hsl 

 

The result of is GLMNET with tokenized tweet using n-gram presented in figure 40. 

 
Figure 41. Result of GLMNET with tokenized and normalized tweet using hsl 
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4.3 Comparison of the Results with Existing Results 
 

The best performing results from the implemented model were compared to the existing 

literature results and Table 1 and 2 shows the comparison. 

 

Table 1. Existing results from Literature 

 

 
 

 

Table 2. Best model results from the implementation 
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