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In recent years, the number of power harassment cases in Japan has 
been increasing. Power harassment is defined as behavior that meets 
all three of the following criteria: first, it is behavior that is based on a 
superior relationship; second, it is behavior that is unnecessary and 
beyond the reasonable scope of work; and third, it is behavior that is 
detrimental to the work environment. The purpose of this study is to 
notify the perpetrator when the possibility of power harassment is 
judged to be high based on the conversational voice. As a preliminary 
step toward this goal, we experimented to determine whether the 
target text constitutes power harassment or not using emotion analysis 
by natural language processing. The system for sentiment analysis in 
Japanese was built based on Mecab and CaboCha. The polarity 
dictionary required for the sentiment analysis was created using the 
FastText natural language processing model based on text data from 
past cases of power harassment. As a result, a discrimination rate of 
about 84% was obtained. This is a better result than previous studies. 
If this system is put into practical use, it could reduce power 
harassment, which has become a social problem in Japan. 
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1. Introduction 
Power harassment in the workplace has become a social problem in Japan. Power harassment is defined as 
behavior that meets all three of the following criteria: 

•It is behavior that is based on a superior relationship. 
•It is behavior that is unnecessary and beyond the reasonable scope of the job. 
•It is behavior that is detrimental to the work environment. 
For example, a supervisor may verbally abuse a subordinate more than necessary in response to the 

subordinate's failure. Fig. 1 shows the number of consultations regarding power harassment. According to a 
survey by the Ministry of Health, Labor, and Welfare (MHLW), the number of power harassment consultations in 
Japan is increasing yearly; in 2019, there were 87570 consultations [1-2]. In addition, the MHLW survey results 
indicate that many people who have been subjected to power harassment say that they feel angry, frustrated, or 
anxious or that their motivation for work has decreased as a result of the harassment. From the above, it can be 
seen that power harassment has a significant negative physical and mental impact on its victims [3]. 

The negative social effects of power harassment are many. In organizations where power harassment exists, 
worker morale and morale tend to decline, and productivity and performance deteriorate. It also has a negative 
impact on the overall health of the organization, such as increased employee turnover and misconduct. Other 
negative effects include an increased likelihood that individuals who are subjected to power harassment will face 
mental health problems such as stress, anxiety, and depression. 
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Power harassment also has legal aspects. Major examples include violations of labor laws and liability for 
compensation. Power harassment is an important issue that affects not only individuals and organizations, but 
society as a whole. Along with legal regulations, appropriate awareness-raising and countermeasures are 
necessary. 

 

 
Fig. 1 Number of power harassment consultations 

 
 

Power harassment can be broadly divided into six types. Power harassment can be broadly classified into six 
categories: 

•"Physical aggression" such as violence. 
•"Psychological aggression" such as abusive language and unnecessary reprimands. 
•"Detachment from relationships" such as ignoring or intentionally isolating an employee. 
•"Excessive demands" include giving an employee more work than they can do. 
•"Excessive demands" such as giving no work at all. 
•"Invasion of privacy" refers to invading an employee's privacy. 
The "individual infringement" is categorized into three types. According to a survey by the Ministry of Health, 

Labor and Welfare, "mental aggression" accounted for the highest percentage at 74.5%. This result indicates that 
among power harassment, harassment with vague criteria such as "mental aggression" is more prevalent than 
harassment with visible criteria such as "physical aggression.” 

According to the Ministry of Health, Labor and Welfare's 2020 survey on "Challenges in Promoting Efforts to 
Prevent and Resolve Power Harassment,” “It is difficult to determine whether or not it is harassment" was the 
highest response rate at 65.5%. In addition, according to the power harassment Prevention Law, which went into 
effect in June 2020, the standard for power harassment is "verbal or physical conduct in the workplace based on 
a superior relationship that goes beyond what is necessary and reasonable in the workplace and that harms the 
worker's work environment.” Because this standard is ambiguous, it is difficult to determine whether or not it is 
power harassment. This may also be due to the background of other rampant harassment with ambiguous criteria, 
such as "mental aggression" [3]. 

Against this background, there is a possibility that power harassment is committed without the perpetrator 
being aware of it. Therefore, we devised a system that determines whether a statement made by a perpetrator is 
power harassment and immediately notifies the perpetrator if the statement is applicable. There are four main 
factors in judging power harassment. These are the voice, such as tone and volume, facial expression of the 
harasser, psychological state of the victim, and text content. In this study, we attempted to determine whether or 
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not power harassment occurred by focusing on the text. We experimented to determine whether the target text 
was power harassment using natural language processing based on the text data of past court cases that resulted 
in power harassment 

2. Related Technologies 

2.1 Related Research 
Related research on power harassment determination systems is presented. A system to determine power 
harassment using Bidirectional Encoder Representations from Transformers (BERT) was previously built. This 
model is a binary classification model that determines whether input text is power harassment or not. BERT is a 
large-scale natural language processing model based on Transformer published by Google in 2018 [4-5]. The 
model consists of BERTBASE (L=12, H=768, A=12, total number of parameters=110M). where L is the number of 
Transformer layers, H is the dimensionality of input-output vectors, and A is the number of self-attention heads. 
The proposed method determines whether a text constitutes power harassment by calculating the similarity (cos-
similarity) between the target text and the precedent text and comparing it to a threshold value set through 
experiments. The similarity is calculated from a 768-dimensional feature vector obtained from each text's BERT 
hidden layer. Juman++" was used as the morphological analyser, and the "BERT Japanese Pre-trained Model" was 
used as the pre-trained model. The evaluation results showed that the discrimination rate was about 81% [6]. 

A related study on sentiment analysis of Japanese sentences using a sentiment word dictionary is introduced. 
The Japanese sentiment analysis system developed in this study consists of two subsystems: an emotion 
dictionary management system (EDMS) that generates an emotion dictionary from emotion word data. The other 
is the Emotional Expression Analysis System (EEAS), which implements an algorithm for fast analysis of emotions 
in free-text sentences based on the emotional word dictionary. The system analyses which of the ten emotion lists 
[happy, angry, sad, scared, ashamed, good, disgusted, excited, relieved, surprised] is closest to the emotion value. 
For example, it is possible to analyse the emotional state of participants in a lecture in real-time and reflect it in 
the lecture's content based on the sympathetic content, etc. [7]. 

2.2 About Emotional Analysis 
In this study, we implemented a system that applies emotion analysis, a natural language processing technology, 
and experimented to determine power harassment. Emotion analysis is a technology that analyses sentences and 
quantifies the degree of emotion in a sentence. Specifically, the emotion analysis model is used to quantify 
sentences' degree of positivity and negativity as an emotion score. Based on the emotion score, it is also possible 
to classify whether the sentence is negative or positive. There are several Japanese sentiment analysis methods, 
such as using a sentiment dictionary to detect sentiment from words included in the analysis target or using a 
corpus with sentiment labels and machine learning with SVM or deep learning to perform sentiment analysis. In 
this study, we applied dictionary-based emotion analysis using an emotion dictionary to construct a system. We 
chose this method because it can be adapted to specific tasks by reorganizing the emotion dictionary. In addition, 
it can be done with a smaller amount of data compared to supervised learning and deep learning [8]. 

The algorithm for dictionary-based emotion analysis is shown in Fig. 2. Describe in detail. First, the text is 
parsed. Syntactic analysis enables a detailed analysis that considers the relationship between morphemes. Second, 
idiomatic phrases are analysed using a polarity dictionary. A polarity dictionary is one in which words and phrases 
are assigned a numerical value, called positivity, ranging from -1 to +1. Then, the word is analysed using the 
polarity dictionary. Here, polarity change words such as "big" are explored, and adverbs such as "quite" are 
assigned a weight. Then, the word is examined to see if it contains a negative word. If a negative word is included, 
the positivity of the word is inverted, and a numerical value is assigned. Finally, the positivity of the input text is 
calculated from the values assigned so far. The positivity of the input text is the sum of the positivity of the words 
and idioms divided by the number of morphemes [9-13]. 

 

 
Fig. 2 Algorithm for sentiment analysis in Japanese (dictionary-based) 
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3. Methods 

3.1 Proposed Method 
As a newly proposed method, we devised a system that measures the "degree of power harassment" with a 
construction system that applies sentiment analysis of natural language processing technology and notifies the 
perpetrator when the threshold set through experiments is exceeded. This model is a binary classification model 
that determines whether the input text is power harassment or not. The "degree of power harassment" is 
measured in the range of +1 to -1, with a value close to -1 indicating power harassment and a value close to +1 
indicating complimentary language. The algorithm of the proposed method is shown in Fig. 3. The upper row is 
an overview of the proposed method. The middle part is the system's algorithm for measuring the "power 
harassment degree," which was constructed based on the flow of sentiment analysis. The lower part is the 
algorithm of the generation method of the "power harassment dictionary" used to measure the "power 
harassment degree." 
 

 
Fig. 3 Algorithm of the proposed method 

3.1.1 “Power Harassment Degree” Measurement System 
Describe the details of the algorithm for the construction system in the middle section of Fig. 3. First, the input 
text is parsed using Mecab, a morphological analyzer, and CaboCha, a syntactic analyzer. Mecab is an open-source 
morphological analysis engine developed by the Graduate School of Informatics, Kyoto University [14]. Its 
essential policy should be designed to be general-purpose and independent of languages, dictionaries, and 
corpora. It uses Conditional Random Fields (CRF) for parameter estimation, which improves performance 
compared to hidden Markov models used by other models [15]. CaboCha is a Japanese dependency parser based 
on Support Vector Machines (SVMs) developed by Taku Kudo from the Nara Institute of Science and Technology 
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[16]. It applies PKE, a method for speeding up the SVM classification algorithm. It also has the feature that the user 
can perform training if the data is prepared [17-18]. 

Second, we use the "Japanese Evaluative Polarity Dictionary" to analyze whether or not idiomatic phrases 
corresponding to power harassment are included. The "Japanese Evaluative Polarity Dictionary" is a collection of 
idioms created by the Inui/Okazaki Laboratory of Tohoku University. The contents are manually checked data 
with evaluation polarity assigned to approximately 8500 expressions [19-21]. 

Then, whether the words that correspond to power harassment are included is then analyzed using a "power 
harassment dictionary" of our creation. The method of generating the "power harassment dictionary" is explained 
in detail in Paragraphs 3-1-2. 

Then, Mecab is used to analyze whether it contains negative words and imperative forms. 
Finally, the degree of power harassment of the input text is calculated based on the values assigned so far. 

The rules for measuring the degree of power harassment for each phase are as follows. 
• Analysis of idiomatic phrases: If the word contains an idiom considered power harassment, assign -1 to the 

idiom. If the idiom has a complimentary phrase, the idiom is given +1. 
• Word Analysis: Assigns a power harassment degree to the corresponding word. If the word contains the 

related polarity change word, the “power harassment degree” is inverted, and a numerical value is assigned. 
• Analysis of negative form: If a negative word is included, a numerical value is assigned by inverting the 

"degree of harassment" of the word. If an imperative form is included, -1 is given to the corresponding word. 
• Calculate positivity: The sum of the “power harassment degree” of words and idioms divided by the total 

number of morphemes with “power harassment degree” is the “power harassment degree” of the input text. 

3.1.2 How to Generate a "Power Harassment Dictionary 
The details of the algorithm for the "power harassment dictionary" generation method are described in the lower 
part of Fig. 3. 

First, we prepared 40 words, each related to power harassment and words of compliments. The words related 
to power harassment were selected based on the past case precedents that resulted in power harassment. Data 
analysis was conducted on approximately 900 texts of court precedents, and words were selected based on their 
frequency of occurrence and connotations. Words of praise were selected based on the "Handbook of 
Complimentary Words" by Masato Honma. The Handbook of Complimentary Words is a book by Homma that 
contains words and phrases related to complimentary language in the workplace [22]. 

Second, the similarity (-1 to +1) between these words and the words in the "Word Emotional Polarity 
Correspondence Table" was measured using FastText. The "Word Emotional Polarity Mapping Table" is a mapping 
table of Japanese words and their emotional polarity created by Takamura et al. at Nara Institute of Science and 
Technology. Emotional polarity is a binary attribute that indicates whether a word has a generally positive or 
negative impression. The sentiment polarity value is automatically calculated using the lexical network. The closer 
to -1, the more negative, and the closer to +1, the more positive [23][24]. FastText is a neural network algorithm 
devised for text classification presented by Armand's Facebook artificial intelligence team. FastText uses a hash 
function to replace words with vectors of a specified size, thereby enabling text classification. In the tag prediction 
task for many texts, fastText produced an even percentage of correct answers compared to convolutional neural 
networks and other neural network-based methods. It was also reported that the time required to build a 
discriminative model from training data and apply it to test data was concise compared to other methods [25-26]. 

Finally, the measured similarity was assigned to each word as a “power harassment degree” to be used as a 
"power harassment dictionary." This gives a value close to -1 for power harassment connotations and close to +1 
for complimentary connotations [27]. 

3.2 Experimental Methods 

3.2.1 Dataset 
In this study, we collected approximately 150 cases of power harassment precedents from the websites of courts 
and the Ministry of Health, Labor, and Welfare and extracted around 1000 texts [28][29]. These 1000 texts were 
randomly split in the ratio of 900:50:50, and each was used as data for generating the "power harassment 
dictionary" for the model, determining threshold values, and evaluating. Dataset1 was used for threshold 
determination, and Dataset2 was used for evaluation. In addition, 50 texts of daily conversation were added to 
Dataset1 and Dataset2, respectively. The daily conversation texts were self-made. 
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3.2.2 Threshold Determination Methods 
From Fig. 3, after measuring the “power harassment degree” of the target text, it is necessary to set a threshold 
value to determine whether the text is power harassment or not. The threshold was set to be the threshold at 
which the “power harassment degree” was measured by the construction system for 100 texts in "Dataset1," and 
the F-measure used as the prediction performance of the machine learning model was the highest. The TP, FP, FN, 
and TN required to derive the F-measure in light of this study are shown below in Table 1. 

Table 1 Relationship between TP, FP, FN, and TN in this study 

 Predicted not to be power 
harassment 

Predicted to be power 
harassment 

Determined not to be power 
harassment TP FN 

Determination of being power 
harassment FP TN 

3.2.3 Evaluation Method 
The threshold values determined from the Dataset1 results are used for evaluation. The “power harassment 
degree” was measured by the construction system for 100 texts in Dataset2. The predictive performance of the 
machine learning model used to derive Accuracy (percentage of correct answers), Precision (percentage of fit), 
Recall (percentage of reproduction), and F-measure (harmonic of Precision and Recall average) were derived and 
evaluated [6]. Each of the derivation methods is shown below (1)-(4). These were derived by calculating the 
number of texts for TP, FP, FN, and TN based on Table 1. 

 

Accuracy =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

 

(1) 

 

Precision =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

 

(2) 

 

Recall =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

 

(3) 

 

F − measure =
2 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 
 

(4) 

4. Results and Discussion 
Fig. 4 and Fig. 5 show the graphs representing the “power harassment degree” for each text in Dataset1 and 
Dataset2, respectively. The vertical axis is the “power harassment degree” and the horizontal axis is the text 
number after the “power harassment degree” is arranged in ascending order. From the Dataset1 results in Fig. 4, 
the threshold for the highest F-measure was -0.0084. The results in Fig. 5 also show that many texts are correctly 
judged when the threshold value is -0.0084. 

The TP, FP, FN, and TN numbers for "Dataset1" and "Dataset2" when the threshold is -0.0084 are summarized 
below as Tables 2 and 3, respectively. The results in Tables 2 and 3 show that the text predicted as power 
harassment is correctly determined. However, we also found that there were many FPs. In other words, many 
texts misjudged daily conversation texts as power harassment. 
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Fig. 4 “Power harassment degree” by text (Dataset1) 

 

 

Fig. 5 “Power harassment degree” by text (Dataset2)  
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Table 2 Number of TP, FP, FN, TN when the threshold is -0.0084 (Dataset1) 

 

Table 3 Number of TP, FP, FN, TN when the threshold is -0.0084 (Dataset2) 

 
The evaluation methods used in this study were accuracy, recall, precision, and F-measure, which are used in 

machine learning prediction performance. Table 4 summarizes the results and is presented below. Table 4 shows 
that the F-measure for Dataset1 was about 0.87, and the F-measure for Dataset2 was about 0.84, which is higher 
accuracy than in the previous study [6]. The last research used BERT to vectorize sentence units and measure 
their similarity to power harassment case texts. This study obtained higher accuracy than the previous study 
because the analysis was performed in more detailed units, such as words and idiomatic phrases. The processing 
time was also better than that of the previous research. While the previous study took about 3 seconds for one 
text, this study took 0.5 seconds. In other words, we achieved an approximately six times faster processing speed. 
This can be attributed to the calculations being less complex than in the previous study. In the last survey, 
judgments were made by measuring the similarity to the text of court precedents. In other words, the judgment 
required deep learning by AI, which took a long processing time. In this study, decisions were made using a small 
number of libraries, such as Mecab and CaboCha, which has made it possible to achieve a short processing time. 

However, a problem was also observed: the Precision value needed to be higher. This was attributed to the 
large number of FPs. Some words were not assigned a suitable "power-law degree." For example, there were 
words with “power harassment degree” that differed from human sensitivity, such as "cut" at -0.8423 and 
"sarcasm" at 0.7723. This may be because the words selected to create the "power harassment dictionary" were 
inappropriate. 

Data bias should also be discussed. Since this study was judged on 100 texts, the data is considered to be 
biased to a small extent. It is considered necessary to collect more texts and demonstrate comprehensiveness. 

Table 4 Evaluation results of the constructed system (Dataset1, Dataset2) 
 Accuracy Recall Precision F-measure 

Dataset1 0.8600 0.9600 0.8000 0.8727 
Dataset2 0.8200 0.9000 0.7758 0.8411 

5. Conclusion 
This paper focuses on power harassment in the workplace in Japan, devises a system to notify the perpetrator 
immediately, and discusses the evaluation results. The environment in which the system is used is assumed to be 
one in which each individual carries a device in which the system is installed. This system can also be installed in 
in-house e-mail tools. In this study, we attempted to determine whether power harassment is power harassment 
by focusing on the text. If this system is put into practical use, it will serve as evidence of power harassment and 
will suppress further power harassment on the perpetrator's part. In this study, we determined whether or not 
the incident constituted power harassment by using a construction system based on emotion analysis. 
Experiments were conducted to evaluate the identification rate of this system, and better results were obtained 
in terms of processing time and identification rate than with conventional methods. 

However, there were some problems, such as low Precision and the measurement of “power harassment 
degree” in which certain words differ from human sensitivity. The reason may be that the words selected for 
creating the "power harassment dictionary" were inappropriate. In the future, we plan to conduct experiments by 
changing the phrase chosen when creating the "power harassment dictionary" and to conduct a more detailed 
analysis of the mis-estimated sentences.  

Dataset1 Predicated label 
Positive Negative 

True label 
Positive 38(TP) 2(FN) 

Negative 12(FP) 48(TN) 

Dataset2 Predicated label 
Positive Negative 

True label 
Positive 37(TP) 5(FN) 

Negative 13(FP) 45(TN) 
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This study provides a new perspective on existing methods and a better understanding of the specific 
phenomenon of power harassment. The proposed model and method are expected to play a fundamental role in 
future research. In addition, the practical utility of the theory was demonstrated through validation using real 
data. The findings have direct implications for practice in specific industries and disciplines. 
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