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Abstract

This paper aims to analyze user’s emotion automatically by analyzing Twitter, a representative social network service
(SNS). In order to create sentiment analysis models by using machine learning techniques, sentiment labels that
represent positive/negative emotions are required. However it is very expensive to obtain sentiment labels of tweets.
So, in this paper, we propose a sentiment analysis model by using self-training technique in order to utilize "data
without sentiment labels” as well as "data with sentiment labels”. Self-training technique is that labels of "data
without sentiment labels” is determined by utilizing “data with sentiment labels”, and then updates models using
together with "data with sentiment labels” and newly labeled data. This technique improves the sentiment analysis
performance gradually. However, it has a problem that misclassifications of unlabeled data in an early stage affect the
model updating through the whole learning process because labels of unlabeled data never changes once those are
determined. Thus, labels of "data without sentiment labels” needs to be carefully determined. In this paper, in order to
get high performance using self-training technique, we propose 3 policies for updating "data with sentiment labels”
and conduct a comparative analysis. The first policy is to select data of which confidence is higher than a given
threshold among newly labeled data. The second policy is to choose the same number of the positive and negative
data in the newly labeled data in order to avoid the imbalanced class learning problem. The third policy is to choose
newly labeled data less than a given maximum number in order to avoid the updates of large amount of data at a
time for gradual model updates. Experiments are conducted using Stanford data set and the data set is classified into
positive and negative. As a result, the learned model has a high performance than the learned models by using "data
with sentiment labels” only and the self-training with a regular model update policy.
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Fig. 1. Sentiment Analysis Model.
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Table 1. Performance by experiment.
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Table 2. Comparison of performance.

Accuracy |Precision | Recall | F-measure

Threshold: X 60.9% 62.3% | 57.6% 59.9%

Threshold: O 60.1% 61.6% | 56.6% 59.0%

Same number: X 59.5% 61.4% 54.1% 57.5%

Same number: O 61.4% 62.5% 60.0% 61.2%

Max number: X 60.2% 62.0% | 55.1% 58.4%

Max number: O 60.8% 61.9% | 59.1% 60.4%

Baseline 57.7% 58.8% | 55.0% 56.8%

policy Performance indicator

T | S | M | Accuracy | Precision | Recall | F-measure
X | X | X 59.3% 61.4% 53.3% 57.1%
X | X |O 61.0% 62.4% 58.2% 60.2%
X |0 | X 61.6% 63.4% 57.1% 60.1%
X |0 |O 61.6% 62.2% 61.5% 61.9%
O | X | X 58.2% 60.5% 50.6% 55.1%
O |X |O 59.6% 61.5% 54.4% 57.7%
O |0 | X 61.6% 62.8% 59.3% 61.0%
O |0 |O 61.0% 61.4% 62.1% 61.7%

Baseline 57.7% 58.8% 55.0% 56.8%
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