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Abstract
Paper investigates the predictability of stock market movements

using text data related to stock markets extracted from the social media
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markets. To this end, the study uses three different Machine Learning
Classification Algorithms: the Naïve Bayes, K-Nearest Neighbours and
the Support Vector Machine algorithms. Several model metrics such as
Precision, Recall, Specificity and the F1-Score are also used. Lastly, we
use K-Fold Cross-Validation to validate our machine learning models’
results and applicability to unseen data. The predictability of the market
movements is estimated first by using only sentiment and then using a
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significant predictors of stock market movements. This model does not
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I.  Introduction
RESEARCH INTO THE field of accurate prediction of stock market

movements is of interest to academics, economists, and financial analysts
due to the profitability of accurately predicting the markets. Stock market
movements can be explained as the up and downshift of a stock market, i.e.
the deviations from its previous value. Previously, these stock market
movements were predicted using rational, risk-based asset-pricing models,
arguing that the prices reflect the discounted value of expected future cash
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Annexure II
 Table AIIA

UK Evaluation Metrics
Measure Sentiment (model 1) Sentiment and Emotions (model 2)

Naïve Bayes (NB)
Accuracy 52.19 49.96
Recall 23.48 14.59
Precision 52.88 45.59
F1-Score 32.21 21.54

K-Nearest Neighbours (KNN)
Accuracy 55.90 52.56
Recall 56.81 57.56
Precision 56.01 52.68
F1-Score 56.41 55.00

Support Vector Machine - Kernel (SVM-K)
Accuracy 55.23 55.02
Recall 54.75 62.19
Precision 94.31 54.85
F1-Score 69.13 58.28
Source: Self Computed

 Table A II B
Germany Evaluation Metrics

Measure Sentiment (model 1) Sentiment and Emotions (model 2)
Naïve Bayes (NB)

Accuracy 54.81 46.66
Recall 100.00 16.89
Precision 54.81 45.08
F1-Score 71.12 24.13

K-Nearest Neighbours (KNN)
Accuracy 54.25 53.40
Recall 77.00 69.55
Precision 55.41 55.14
F1-Score 64.39 61.48

Support Vector Machine - Kernel (SVM-K)
Accuracy 55.37 56.21
Recall 96.15 89.23
Precision 55.31 56.13
F1-Score 70.08 68.80

Source: Self Computed
Table A II C

Japan Evaluation Metrics
Measure Sentiment (model 1) Sentiment and Emotions (model 2)

Naïve Bayes (NB)
Accuracy 45.64 49.27
Recall 57.95 47.24
Precision 47.63 50.10

K-Nearest Neighbours (KNN)
Accuracy 54.12 51.09
Recall 69.86 61.52
Precision 54.29 52.00
F1-Score 61.07 56.35

Support Vector Machine - Kernel (SVM-K)
Accuracy 53.52 51.70
Recall 57.95 44.86
Precision 54.22 52.70
F1-Score 56.02 50.45
F1-Score   48.63

Source: Self Computed
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Table A II D
France Evaluation Metrics

Measure Sentiment (model 1) Sentiment and Emotions (model 2)
Naïve Bayes (NB)

Accuracy 55.51 52.55
Recall 100.00 86.72
Precision 55.33 54.14
F1-Score 71.57 66.55

K-Nearest Neighbours (KNN)
Accuracy 55.87 52.18
Recall 98.61 84.64
Precision 55.58 53.97
F1-Score 71.44 65.81

Support Vector Machine - Kernel (SVM-K)
Accuracy 54.40 50.34
Recall 71.44 61.03
Precision 56.05 53.20
F1-Score 62.79 56.84
Source: Self Computed

 Table A II E
Spain Evaluation Metrics

Measure Sentiment (model 1) Sentiment and Emotions (model 2)
Naïve Bayes (NB)

Accuracy 55.18 52.94
Recall 89.86 84.86
Precision 55.25 54.02
F1-Score 68.31 65.91

K-Nearest Neighbours (KNN)
Accuracy 55.87 46.07
Recall 71.44 64.14
Precision 57.25 49.03
F1-Score 63.54 55.54

Support Vector Machine - Kernel (SVM-K)
Accuracy 54.43 51.81
Recall 94.86 87.00
Precision 54.63 53.29
F1-Score 69.18 65.98
Source: Self Computed


