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Background: As the domestic industrial structure was

reorganized into the service industry, emotional laborers increased

rapidly. Increased emotional labor tend to affect an individual's

overall emotional state, leading to emotional disorders such as

depression, suicidal thoughts, and adaptive disorders. Thus,

understanding the mood of emotional laborers and analyzing



related factors can be the basis for proper mediation and

footwork. People in the digital age use SNS to express their

opinions, record their feelings, and share information. SNS data

are of public access and thus useful sources of information about

the mood of people. Based on that, the purpose of this study is

to identify factors related to emotional labor and to derive

emotional state using SNS data.

Methods: With Instagram data from March 2015 to February

2019, 3,332 posts with hashtag emotional labor which passed all

exclusion criteria were identified. We removed the meaningless

stopwords such as prepositions and conjunctions, and figured out

words that appeared frequently with emotional labor to identify

keywords. Each post was classified by role, season, time, and

image characteristics, and frequency analysis was conducted.

When classifying roles, the words representing the same role

were selected as synonyms and included in the same class. The

posts were categorized by the top ten roles that appeared most.

Seasons and times were classified based on the posting time.

Seasons were divided into four seasons: spring, summer, autumn,

and winter, and time was divided into morning, day, evening, and

night. In order to classify the image characteristics, 500 images

were pre-classified, and image classification of our data was



performed based on the top six classes with high frequency.

Sentiment analysis was conducted using the contexts of the post

to find the mood, and the average sentiment score for each

category was examined. A linear regression analysis was

conducted to confirm the relationship between role, season, time,

image characteristics and sentiment scores.

Results: As a result of analyzing the top 20 keywords among

68,363 related words that appeared frequently with emotional

labor, the number of words related to roles was the most,

followed by time and emotion related words. The percentage of

posts that could infer housewives was the highest, and

significantly fewer posts uploaded in the evening. Negative posts

accounted for more than half (61%), with an total average

sentiment score of –0.115. Posts representing service jobs,

uploaded in the fall or at night, and with captioned photo showed

significantly positive sentiment scores compared to the average.

Conclusion: The results of the analyzing hashtag emotional labor

using SNS data support the previous research results, and also

enable the analysis of people and factors not included in the

national statistics. We attempted a new health approach that

analyze the association of quantified mood with various factors.



SNS data sources offer opportunities for monitoring public mood

in general, beyond the specific application to emotional labor. In

addition, this approach could be applied to other health topics in

the country.

keywords : emotional labor, web scraping, crawling,

wordcloud, sentiment analysis, Instagram, SNS
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Chapter 1. Introduction

1.1 Background

Emotional labor is what employees perform when they are

required to feel, or at least project the appearance of, certain

emotions as they engage in job-relevant interactions [1]. As the

industrial structure changes, the share of the service industry is

gradually increasing. As a result, the number of emotional

laborers who directly meet customers is also increasing [2].

Emotional workers make up 38~42% (5.6-7.4 million) of all wage

workers in Korea, with a high proportion of women [2]. Due to

the rapid progress of the 4th Industrial Revolution, the domestic

industrial structure quickly reorganized from the manufacturing

center to the service industry has changed a lot in the work

performance process. Changes in the industrial structure have

increased the size and employment of the service industry,

therefore the necessity of strengthening the competitiveness of

the service sector has been constantly raised and demanded for

the production of high quality customer-oriented services [3].

Thereafter competition among companies has intensified to
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provide high quality services to consumers, which acted as a

factor in which service workers are forced to take emotional

labor [4-5].

In order to solve the problems of emotional workers, the

National Human Rights Commission of Korea demanded the

improvement of working conditions for emotional workers. As a

result, the Emotional Laborers Protection Act was established on

October 18, 2018 under Article 26-2 of the Industrial Safety and

Health Act [6]. The Emotional Laborers Protection Act includes

taking appropriate steps to prevent emotional laborers from acts

of verbal abuse, assault or physical and mental suffering [6]. But

up to a year after the law came into effect, emotional workers

are unprotected from rants and assaults because the law is not

enforceable [7].

Increasing emotional labor can lead to psychological health

outcomes such as depression, adaptation disorders, mental

exhaustion, suicidal thoughts and physical illnesses such as high

blood pressure and heart disease [8-9]. A study on job stress

and depression of the emotional and non-emotional labor groups

reported high rates of depressive symptoms in the emotional

labor group [10-11]. The damage cases of emotional laborers are

rapidly spreading through the Internet or social network

services(SNS), and are becoming social issues [2].
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During the past 10 years, the rapid development of SNS has

caused several profound changes in the way people communicate

and interact [12]. People use SNS to express opinions, record

feelings, share information, and obtain emotional support [13-19].

Whether people feel positive or negative and how this changes

over time is an important aspect of reaction and mood. Thus,

studies combining the easy availability of SNS data with general

sentiment analysis algorithms have been able to give new

insights into human behavior and emotional state as a result.

Understanding emotional state of individual members enable to

provide appropriate mediation and to facilitate emotional support

effectively [20-23].

Therefore, the purpose of this study is to investigate the

emotional state of emotional laborers and identify associations of

emotional laborers’ mood and related factors using SNS data.
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1.2 Literature review

Emotional labor

Hockshield defined emotional labor as the process of managing

feelings and expressions to fulfill the emotional requirements of a

job [24-25]. After he first conceived of emotional labor, many

researchers carried out research on emotional labor. Ashforth and

Humphreys considered that the focus should be on the behavior

itself rather than emotion, and understood emotional labor as the

act of expressing emotions appropriate to the situation [26].

Morris and Feldman conceptualized the degree of effort, planning,

and control needed to express organizationally desirable feelings

in interpersonal interactions [27]. Recently, Grandey conceptualized

the process of controlling both emotions and expressions to

realize organizational goals [28]. In this study, Hockshield's

argument is used to define emotional labor as the management of

feelings to produce facial expressions and physical behaviors that

can be observed in everyday situations [24].
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SNS data

As the popularity of social network service is increasing all

over the world, it is emerging as the object of social interest,

and research using SNS is being actively conducted in the

research field [29-31]. Recently, Vertical Social Networking

Service, a service that shares specific areas of interest according

to the user's personality and preferences, has emerged as a

major research field [32]. According to the number of SNS users

in 2018, Instagram is the second largest user, except for bands

that are difficult to access due to the large number of private

data (Figure 1). In addition, considering the average age of

emotional laborers is 40.9 years old, except for bands and cacao

stories that are difficult to collect, the number of users on

Instagram is highest (Figure 2).
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Figure 1. Comparison of domestic SNS app users

Source: App Ape(Mobile Market Analysis Service)

Figure 2. SNS channel usage by age group

Source: App Ape(Mobile Market Analysis Service)
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Web scraping

Web scraping (also called Web harvesting or Web data

extraction) is a software technique aimed at extracting

information from websites [33]. The goal of a Web scraper is to

look for certain kinds of information, extract, and aggregate it

into new Web pages [34]. Content data corresponds to the

collection of facts a Web page was designed to convey to the

users. It may consist of text, images, audio, video, or structured

records such as lists and tables [35]. In particular, scrapers are

focused on transforming unstructured data and save them in

structured databases [34].

Sentiment analysis

Sentiment analysis refers to analyzing opinions, attitudes, and

feelings of people expressed in text information such as

sentences and documents [36]. The polar classification that

categorizes emotional words into both ends of positive and

negative is widely used, and emotional analysis using SNS data

is being actively conducted [36-38]. There are two main

approaches to sentiment analysis, the machine learning and
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lexicon-based ones [39]. In the machine learning approach,

different methods, such as Naive Bayes, Support Vector Machine,

Maximum Entropy, have been applied to sentiment analysis [40].

Lexicon-based methods depend crucially on the source of

sentiment dictionaries. A sentiment dictionary is a collection of

words with scores to evaluate their sentiments. Lexicon-based

methods are widely used for general texts, such as blogs, SNS,

reviews about movies [37].

In medical or public health studies, sentiment analysis is being

used to identify the response of medical or health intervention

and provide better mediation [41]. One study examined people’s

responses to drugs using sentimental analysis on blogs’ comment

[42]. In addition, there is a study analyzing the text of the

communities to follow up the emotional state of cancer patients

[43]. Both of these studies yielded significant results in

identifying adverse events and the patient's emotions [42-43].

Therefore, in this study, we will analyze the Instagram posts of

emotional workers and give them a sentiment score using Korean

Lexicon to identify the factors that affect their emotional state.
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1.3 Objectives

This study aimed to investigate the status of emotional

laborers and to analyze the association between season, time, role

and uploaded image and sentiment scales of emotional laborers.

Firstly, to investigate the keywords associated with emotional

labor.

Secondly, to investigate the status of emotional laborers.

Thirdly, to investigate the association of season, time, role and

image with sentiment scales of emotional laborers.
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Chapter 2. Methods

2.1 Data sources

Instagram Data

To obtain the Instagram data, we first made the Instagram ID

to access the Instagram posts. Instagram data is publicly

available, which means open to the public with an Internet

conncetion and Instagram ID. We used the hashtag and term #감

정노동(Gamjeongnodong, the korean word for emotional labor) to

perform a keyword search on Instagram. We specifically sought

the texts, image, posting date and time of each Instagram posts

(Figure 3).

Figure 3. Interface of PC version Instagram
Each post consists of user ID, image, body content, date, time, number

of likes, comments and place.
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Crawling, or web scraping is data scraping used for extracting

data from websites [44]. Using library selenium in python 3.7.4,

we collected total 4,119 posts that utilized ‘#Gamjeongnodong’ on

March 7, 2019. Only about 80% of the posts were crawlable, so

4119 of 5577 were collected (Figure 4). Out of 4,119 posts, total

3,797 posts were selected which met all of the following criteria:

(1) posted during Mach 1, 2015 to February 28, 2019 (2) not

duplicated (3) not a promotional post (Figure 5).

Figure 4. Interface of mobile version Instagram
Searching hastags, the total number of posts, popular posts, and recent

posts are displayed.
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Figure 5. Flow chart of selecting posts
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Korean Sentiment Lexicon

To determine the emotional state of the texts in Instagram

posts, we used KOSAC(Korean Sentiment Analysis Corpus)

which is general-purpose Korean sentiment dictionary. Corpus is

not a method of calculating the frequency of vocabulary, but a

learning material that enables to learn emotional expressions

according to the context. An actual emotional expression

according to the context is annotated. Researchers from the

department of linguistics at Seoul National University developed

corpus targeting Korean which named KOSAC. KOSAC can be

used for research purposes. After application is approved, we

downloaded KOSAC and used for research.
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2.2 Proposed framework

Identification of keywords

To find the keywords, we used library nltk and Konlpy in

python 3.7.4 to stem the texts from the Instagram posts

database. After removing meaningless stopwords such as

prepositions and conjunctions among morphemes, wordcloud was

implemented for visualize top 400 keywords by library matplotlib

in python 3.7.4. Word clouds have emerged as a straightforward

and visually appealing visualization method for text. They are

used in various contexts as a means to provide an overview by

distilling text down to those words that appear with highest

frequency [45].

Classification by characteristics

The database consists of each post's content, posting date and

time, and images. Through the content of 3,332 posts, we divided

each posts by user's role. Only the top 10 jobs were selected

because categorizing all posts by each role makes the proportion
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of the lower frequency roles too low, and too granular. Words

representing the same role are treated as synonyms and grouped

into one typical word. The synonyms refer to the related search

words in the Naver dictionary, and the related buzzwords and

abbreviations are added. In the case of post includes two or more

roles, the coder read the text directly and then determines the

main roles. The posts were first classified based on occupations

included in the 7th Korean Standard Classification of

Occupations(KSCO) such as nurses, teachers, cabin crew, and

designers, and the remaining posts were classified into roles such

as housewife and student. Of the posts that were not included in

the top 10 categories, posts capable of inferring jobs were

classified as office workers and the rest were categorized as

unclassified. For correct classification, the coder checked the

image and text twice compared with the role classification result

and corrected the wrong classification result (Table 1).
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Table 1. Synonyms in the role classification process

Role
In 

English
Synonymous words In English

간호사 Nurse

간호, 널스, 나이트, 

환자, 3교대, 오프, 

쓰옵, 쓰나 

nursing, nurse, night, 

patient, three-shift, off, 

three-off, three-night

선생님 Teacher

선생님, 쌤, 강사, 

강의, 교사, 교수, 

학교, 학원, 과외, 

교육, 담임, 수업, 

강의, 강좌, 채점 

teacher, mister, lecturer, 

lecture, schoolteacher, professor, 

school, academy, tutoring, 

education, classroom, class, 

lecture, course, scoring

네일 

아티스트

Nail 

artist
네일, 손톱 nail, nails

승무원
Cabin 

crew

승무원, 스튜어디스, 

비행, 뱅, 랜딩, 쇼업, 

새쇼, 지상직, 승객 

cabin crew, stewardess, 

flight, flying, landing, showup, 

new show, ground job, passenger

디자이너 Designer

디자이너, 디자인, 샵, 

숍, 미용, 헤어, 뷰티, 

메이크업, 속눈썹, 

아이라인, 일러스트, 

커트, 미용실, 미장원, 

이발소, 컷, 염색

designer, design, shop, 

SHP, hairdressing, hair, beauty, 

makeup, eyelashes

eyeline, illustrations, 

cut, hairdresser, beauty salon, 

barbershop, cut, dyeing

콜센터 

직원

Call 

center 

staff

콜센터, 전화응대, 

텔레마케팅, 상담사, 

상담원, 고객센터, AS 

call center, telephone, 

telemarketing, counselor, 

consultant, customer service, AS

주부 Housewife

주부, 줌마, 아줌마, 

아주미, 유부녀, 유부, 

엄마, 맘, 육아, 

딸, 아들, 첫째, 

둘째, 가사노동, 생후, 

housewife, homemaker, auntie, 

ami, married woman, married, 

mother, mom, parenting, 

daughter, son, first child, 

second child, housework, after 
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육퇴, 기저귀, 

어린이집, 얼집, 키즈, 

키즈 카페, 키카, 하원, 

등원, 문센, 생후, 

둥이 

birth, parenting leave, diaper, 

day care center, day care, kids, 

kid’s cafe, Kica, go home, 

go school, cultural center, birth, 

twins

서비스직 Service

서비스, 아르바이트, 알바,

진상, 갑질, 클레임, 

노쇼, 음료, 주문, 고객, 

대접, 블랙컨슈머, 

카운터

service, part-time job, by-job,

rude customer, power trip, claim,

No-show, drink, order, customer, 

hospitality, Black consumer, 

counter

학생 Student

학생, 공부, 입학, 

졸업, 논문, 연구, 

유학, 방학, 

석사, 박사, 학기

student, studying, admission, 

graduation, thesis, study, 

studying abroad, vacation, 

master, doctorate, semester

직장인
Office 

worker

직장, 연차, 워크숍, 

워크샵, 일터, 퇴근, 

출근, 칼퇴, 출장, 

입사, 퇴사, 

근무, 상사, 

직딩, 직업, 외근, 

야근, 월급, 박봉, 

근로

office, annual leave, workshop, 

workshop, workplace, leave work, 

go to work, get off without 

overtime, business trip, 

join a company, resignation, 

working, boss, 

worker, occupation, outside work, 

overtime, salary, poor pay, 

working
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We analyzed the posting date and classified it as spring, summer,

autumn and winter, which is Korea's seasonal classification

criteria. Using posting time, we classified posts as morning, day,

evening and night (Table 2).

Table 2. Classification criteria of posting time

In image classification, we first classified 500 images of popular

post and found the top six image characteristics that most

frequently appeared. According to the results of the top six

characteristics extracted through 500 images, the total 3,332

images were divided into six classification criteria (Table 3).

After one coder classified the images, the other coder confirmed

the correctness of the classification, and in case of disagreement,

we reached an agreement through discussion. Posts not included

in these six criteria are classified separately as unclassified.

Category Information Classification Criteria

Posting time

Season

Spring 

Summer 

Fall 

Winter

March April May

June July August

September October November

December January February

Time

morning 

day

evening 

night

06:00 ~ 12:00

12:00 ~ 18:00

18:00 ~ 00:00

00:00 ~ 06:00
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Table 3. Classification criteria of image

Sentiment analysis

Sentiment analysis is the automated process that uses AI to

identify positive, negative and neutral opinions from text.

Sentiment analysis is widely used for getting insights from social

media comments [46]. In order to analyze sentiments in this

study, morphological analysis of Instagram texts by library nltk

Category Classification Criteria

Image

Captioned photo Pictures with embed text, memes, and so 
on 

Landscape
Picture of nature from the outside, 

without a person

Selfie
Self-portrait;
only one human face is present in the 
photo

Food
Pictures containing food, dessert, drink 

or liquor 

Baby
Pictures of the baby’s face as the main 

and not taken directly

Animal and plant
Pictures of animals or certain plants 

which are the main objects
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and KoNLPy in python 3.7.4 must be preceded. The meaning of

the word depends on where it is in the sentence, so after

analyzing the morphology, tag the adverb. The meaning of a

word depends on its position and frequency in the sentence, so

tokenize and part-of-speech tagging using kkma in python 3.7.4

should be conducted (Figure 6).

Figure 6. Example of morphological analysis and

part-of-speech tagging
The result of analyzing “I'm sad, tired and depressed” in Korean.

After conducting morphological analysis and part-of-speech

tagging, the sentiment score of the contexts is determined based

on the sentiment scores associated with positive or negative state

in the KOSAC polar dictionary. According to the score given in

corpus, the sentiment score of the contents per post is given, and

digitized from -1 to +1 (Figure 7). Negative scores indicate

negative emotions, 0 for neutral emotions, and positive scores for

positive emotions (Figure 8).
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Figure 7. Sentiment indicator

Figure 8. Sequence of sentiment analysis
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2.3 Statistical analysis

Association between independent variables and sentiment scores

were analyzed with linear-regression (Figure 9). Stata 14 was

used to conduct analysis. Since all independent variables are

dummy and dependent variables are continuous, it is appropriate

to use linear-regression analysis. Independent variables include

four seasons, four times, ten frequent occupations, and six

frequent images. The dependent variable is the sentiment scores.
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Figure 9. Flow chart of Methods
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Chapter 3. Results

3.1 Identification of keywords

We examined keywords frequencies to analyze what

information was being conveyed from the emotional labor related

posts. Analysis of 3,332 posts uploaded with emotional labor from

March 2015 to February 2019 resulted in a total of 68,363 refined

words. To see the overall word distribution, we visualized the

top 400 words out of 68,363 words (Figure 9).

Figure 10. Top 400 keywords visulization
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The analysis of the top 20 words shows six words related to

roles such as person, work, mother, customer, parenting and

service, five words related to time such as today, day, date, time,

nowadays, and five words related to sentiment, such as emotion,

thought, mind, stress, and mood (Table 4).

Table 4. 20 Most frequent keywords

Word English Frequency

사람 person 925

오늘 today 738

감정 emotion 620

생각 thought 567

일 work 544

마음 mind 529

말 speech 525

그램 gram 472

하루 day 441

날 date 414

스타 star 385

시간 time 342

엄마 mother 340

스트레스 stress 270

고객 customer 236

요즘 nowadays 232

기분 mood 228

육아 parenting 175

서비스 service 167
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3.2 Classification by characteristics

Classification by role, season and time

In order to understand the distribution and characteristics of

Instagram posts, we classified the posts by role, season, and time

(Table 5). As a result of analyzing the roles using the contents

of Instagram posts, they were classified into 43 roles. There

were 1759 posts whose roles could not be classified, accounting

for 53%. Of the 43 roles, the 10 most frequent occupations were

selected, with 18.7% of office workers and 11.9% of housewives.

Service jobs include part-time jobs, serving, and hoteliers.

Teachers include kindergarten, elementary, middle and high

school teachers, as well as institutes and tutors. Students include

elementary school students to graduate students, and designers

include all kinds of designer like interior designers and fashion

designers. With the exception of the 10 selected roles out of 43

classified roles, the remaining 33 occupations were included in the

office workers because the ratio was too small to be classified

separately.

The order in which the posts were uploaded by season by month

is as follows: autumn, winter, summer, and spring, but they have



- 27 -

a similar ratio. In terms of daily cycles, the proportion of posts

during the day was highest, followed by morning and night.

Significantly fewer posts uploaded in the evening.

Table 5. Classification of posts by role, season and time

Category Classification n %

Role Housewife 395 11.85

Service 246 7.38

Nurse 100 3

Teacher 64 1.92

Student 47 1.41

Call center staff 35 1.05

Nail artist 26 0.78

Cabin crew 20 0.6

Designer 17 0.51

Office worker 623 18.7

unclassified 1,759 52.79

Season Spring 666 19.99

Summer 828 24.85

Fall 937 28.12

Winter 901 27.04

Time Morning 1,050 31.51

Day 1,219 36.58

Evening 255 7.65

Night 808 24.25
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Classification by image

In order to confirm the characteristics of images uploaded to

Instagram posts related to emotional labor, a total of 3,332

images were classified into six categories. 672 images could not

be classified, and the remaining 2660 images were classified into

captioned photo, animal and plant, selfie, baby, food, and

landscape (Table 6). The proportion of captioned photos was the

highest with about 30%, followed by landscape pictures by 15%

and selfies by 14%.
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Table 6. Classification of posts by image
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3.3 Sentiment score by role, season, time and

image

The sentiment analysis of the contents of each post was

conducted to give sentiment scores from -1 to +1. As a result of

sentiment analysis using the contents of 3,332 posts, 2029 (61%)

posts with negative emotional state, 1,029 (31%) positives and

274 (8%) neutral were found (Figure 10).

Figure 11. Polarity score distribution of posts

The average sentiment score of all posts was negative 0.115,

indicating an overall negative emotional state. There were 117

postings with the lowest sentiment score of -1, 274 postings

with a neutral score of 0, and 19 postings with the most positive

state (Figure 11).
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Figure 12. Histogram of sentiment score

By dividing the posts by role to average the sentiment scores,

housewives had the most negative emotional state, followed by

cabin crews, nurses, and nail artists. When seasonally analyzed,

the average sentiment score was lowest in spring, followed by

summer, winter, and autumn. Based on the day's cycle, the

sentiment score was the lowest during the day, followed by the

evening and the morning. Based on the image uploaded with the

post, the average of the sentiment score was found to be the

lowest when the baby picture was uploaded together (Table 7).
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Table 7. Sentiment score by role, season, time and image

Category Classification mean

Role Housewife -0.182 

Service 0.000 

Nurse -0.159 

Teacher -0.054 

Student -0.043 

Call center staff -0.030 

Nail artist -0.162 

Cabin crew -0.184 

Designer -0.082 

Office workers -0.124 

unclassified -0.107 

Season Spring -0.139 

Summer -0.116 

Fall -0.093 

Winter -0.121 

Time Morning -0.121 

Day -0.134 

Evening -0.130 

Night -0.075 

Image Captioned photo -0.069 

Landscape -0.140 

Selfie -0.140 

Food -0.125 

Baby -0.190 

Animal and plant -0.184 

unclassified -0.106 

Total -0.115
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3.4 Association between features and sentiment

status

Linear regression analysis was conducted to identify the

association between sentimental status of emotional laborers and

role, season, time, and image characteristics (Table 8). Among

the role classification, service position had positive effect on

sentiment score (Coef=0.056, p=0.02) while housewife had

negative effect on sentiment score (Coef=-0.043, p=0.071). For

seasons, the sentiment score was significantly lower in the

spring (Coef=-0.04 p=0.005). Based on the day's cycle, the

emotional state of morning and day was significantly lower

compared to the night (p<0.01). As a result of analysis based on

the images uploaded together, the sentiment scores of posts

uploaded with captioned photo were significantly higher

(Coef=0.032, p=0.048).
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Table 8. Linear regression analysis of features and

sentiment score

**p<0.01; *p<0.05 

Category Classification Coef. 95% CI P-value

Role Office workers 0(omitted) 　 　

Housewife -0.043 -0.089 ~ 0.004 0.071 

Service 0.056 0.009 ~ 0.104 0.020*

Nurse -0.036 -0.104 ~ 0.032 0.299 

Teacher 0.017 -0.013 ~ 0.046 0.274 

Student 0.069 -0.027 ~ 0.165 0.157 

Call center staff 0.072 -0.038 ~ 0.182 0.197 

Nail artist -0.068 -0.195 ~ 0.059 0.294 

Cabin crew -0.069 -0.212 ~ 0.075 0.348 

Designer 0.029 -0.126 ~ 0.185 0.714 

unclassified 0.017 -0.013 ~ 0.046 0.274 

Season Spring -0.044 -0.077 ~ -0.012　 　 0.007**

Summer -0.023 -0.053 ~ 0.008 0.142 

Fall 0(omitted)

Winter -0.025 -0.055 ~ 0.004 0.095 

Time Morning -0.042 -0.722 ~ -0.128　 0.005**

Day -0.052 -0.081 ~ -0.023 0.000**

Evening -0.050 -0.095 ~ -0.004 0.032 

Night 0(omitted) 

Image unclassified 0(omitted) 　 　

Captioned photo 0.032 0.048*

Landscape -0.034 0.000 ~ 0.064 0.076 

Selfie -0.030 -0.071 ~ 0.004 0.127 

Food -0.014 -0.068 ~ 0.008 0.503 

Baby -0.044 -0.054 ~ 0.026 0.102 

Animal and plant -0.070 -0.097 ~ 0.009 0.092 
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Chapter 4. Discussion

4.1 Discussion

The aim of this study was to investigate the status of

emotional laborers and to analyze the association between

Instagram factors and sentiment scales of emotional laborers.

Sentiment scores were low in roles with a high percentage of

emotional laborers. In addition, the seasonal characteristics of the

posts showed the same pattern as the seasonality of depression.

The emotional state of the daily cycle was found to be affected

by the daily routine of work.

In terms of roles, this study supports the previous researches

on the frequency of emotional labor. Furthermore, by expanding

the scope of research beyond occupations to roles, revealing that

the housewives’ emotional labor not included in the national

statistical data is extreme. This result corresponds to the recent

trend of acknowledging the economic and social value of

domestic labor. Since the social value of non-market domestic

work has increased, the United Nations(UN) recommended to

create satellite account of unpaid household labor [47]. As a

result of evaluating the value of domestic labor in Korea National
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Statistical Office, the economic value of unpaid domestic labor in

2014 was 360.7 trillion won, accounting for 24.3% of nominal

GDP [48]. This study, which analyzes the emotional state of each

role using the unrefined data, can be one of the reasons for

evaluation of devalued labor.

Depressed mood has distinct seasonality, diurnality and also

externally modified by social activity, such as daily routines of

work [49-51]. The results of the seasonal emotional state in this

study were similar to that of the seasonal character indicated by

depression and suicidal impulse, and the diurnal emotional state

showed changes depending on working hours. According to a

previous study, the severity of depression was significantly

higher in winter and spring than in summer and autumn [49].

Also, the number of suicides and suicide attempts in spring is

higher than in any other season not only in Korea but also all

over the world [52]. Like the previous studies, this study has low

sentiment scores in the order of spring, winter, summer and

autumn. Previous researches have shown that positive affect(PA)

on mood had two peaks on a daily basis: relatively early in the

morning and again in the midnight [53]. PA decreased

midmoming(at the start of the work day), increased in the

evening(at the end of the work day) [53]. This is consistent with

the results of this study, which tended to have low sentiment
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scores during the day and evening. These results suggest that

working hours negatively affect people's emotional state. Unlike

the studies rely on retrospective self-reports which are vulnerable

to memory error and have no practical means for hourly

observation, using data from social media allows to obtain precise

real-time measurements [54]. Our approach to studying emotional

state over time and season using Instagram data is over other

previous studies in accuracy and speed.

The image aspect of Instagram posts that include hashtag

emotional labor is quite different from that of overall Instagram

posts. It was reported that nearly half (46.6%) of the photos in

entire Instagram belong to selfies and friends categories and

other categories including food, gadget and captioned photo

contributes to more than 10% individually [55]. However, in this

study, the percentage of the captioned photo is the highest and

the selfie is at 14%, much lower than that on the whole

Instagram. Photographs of babies that were not included in the

category in the previous study were included in this study and

accounted for about 8%. The inclusion of baby photos as a new

category implies that parenting has a significant effect on

emotional labor, and supports our findings that housewives suffer

emotional labor. The image of the Instagram changes depending

on which subject is used as data, and furthermore, the image can
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be used to identify the characteristics of the research subject.

The sentiment scores of Instagram texts using sentiment

analysis, the dependent variable of this study, yielded the

expected results according to the role, season, time, and image. If

identification of emotional state is important, such as emotional

labor, sentiment analysis through contexts can be used as an

important factor. It can also be used in an expanded manner to

identify the relevant elements of other disease and to monitor

mental status.

Our recent findings have implications for using SNS as venues

for monitoring moods and properties of a specific group such as

emotional laborers. Beyond understanding current status, methods

presented in this study can also used to monitor in real time

mood and predict future trends.

By using keywords for social phenomena rather, this approach

can be used to identify the public mood beyond the mood of a

particular group. SNS reflects the real-time opinions of the public

faster than any other media, so analyzing public mood using SNS

data and sentiment analysis can be the most useful source for

developing appropriate interventions and countermeasures. In

addition, this method is cheaper and faster in terms of cost and

speed compared to traditional methods using surveys. Ultimately,

this approach may help policy makers to develop appropriate
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interventions and preventive measures for to treat negative public

mood.

Although the analysis of SNS data makes it possible to find

tendency and association that are not feasible offline, there are

several potential limitations. First, since this study used

Instagram data, one of the SNS, so it is likely that biased

samples were collected. Instagram has a high percentage of users

in their 20s and 40s, which makes it hard to identify the

distribution of roles representatively [56]. Second, unlike the

national statistics, SNS has little data that are known to

influence emotional state including demographic factors and

occupational backgrounds. Therefore, there is a limit in

identifying factors that affect the emotional state. Third, in this

study, only Instagram was used among the many SNS media

outlets, so the regression analysis did not find many significant

factors because of the lack of data. Fourth, despite we've

eliminated as much noise as possible from the data selection

process, noise from irrelevant information still remained. Lastly,

due to the characteristics of Korean language, it is impossible to

have a clear analysis of irony, implications, or contextual

changes. The Korean emotional analysis dictionary is composed

based on the surface meaning of words, so it is difficult to

identify the accurate emotional state.
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4.2 Conclusion

As a result of analyzing hashtag emotional labor Instagram

posts, the characteristics of the role, season, time, image, and

emotional state were similar to previous studies. The use of

Instagram to examine emotional labor supports the existing

off-line results, increasing the value of the SNS approach. We

were able to figure out the realistic aspects of role, season, time,

and image in relation to emotional labor, and able to included

categories not included in the existing statistics. The results of

this study suggest that new data sources from SNS can be

valuable in identifying the characteristics of emotional labor. It is

evident that approaches using SNS data sources are more

immediate and efficient in terms of time and cost than traditional

approaches, although it is difficult to collect data. Looking ahead

to the future, online data can play a foundational role with

respect to information sources. We suggest that these data

sources offer opportunities for monitoring public health in general,

beyond the specific application to monitoring emotional labor.
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요약(국문초록)

소셜미디어 데이터를 활용한

감정노동 연구:

감정노동 해시태그가 있는 인스타그램 게시물

분석

박언주

보건학과 보건학전공

서울대학교 보건대학원

연구 목적: 국내 산업구조가 서비스 산업으로 재편됨에 따라 감정

노동자들이 급속하게 증가하였다. 국내 근로자들의 감정노동으로 인

한 피해 사례가 SNS(Social Network Service, 사회 관계망 서비스)

를 통해 빠르게 확산되어 사회적 쟁점이 되고 있다. 감정노동의 증

가는 개인의 전반적 정서 상태에 영향을 미쳐 우울증, 자살 충동,

적응 장애와 같은 정서 장애를 유발할 수 있다. 따라서 감정노동자

들의 정서 상태를 파악하고 관련 요인을 분석하는 것은 적절한 중

재 및 대응을 위한 기반이 될 수 있다. 디지털 시대 수용자들은
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SNS를 통해 의견을 표출하고 감정을 기록하며 정보를 공유하기에

SNS는 사용자의 감정 및 정서 상태를 파악할 수 있는 유용한 정보

의 원천이다. 본 연구는 감정노동과 관련된 SNS 데이터를 활용하여

감정노동과 관련이 있는 요인들을 파악하고 정서 상태를 도출하는

데 목적을 갖는다.

연구 방법: 본 연구는 2015년 3월부터 2019년 2월까지의 해시태그

감정노동이 포함된 인스타그램 데이터 중 모든 제외 기준을 통과한

3,332개의 게시물을 이용하였다. 감정노동과 관련된 요인들을 파악

하기 위하여 4년 동안 감정노동과 함께 자주 등장한 단어를 분석하

였다. 이를 위하여 관사, 전치사, 조사, 접속사 등의 불용어를 제거한

후 유의미한 단어들로 분석을 진행하였다. 인스타그램을 통해 추출

한 텍스트, 게시 시간, 이미지를 바탕으로 각 게시물을 역할, 계절,

시간, 이미지 특성으로 분류하여 빈도분석을 시행하였다. 역할 분류

시 같은 역할을 나타내는 단어는 동의어로 선정하여 대표 역할에

포함하였다. 가장 많이 등장하는 상위 10개의 역할을 선정하였으며

나머지 게시물 중 직장이 있는 것을 유추할 수 있는 게시물은 직장

인으로 포함했다. 계절 및 시간은 게시물이 게시된 시간을 기준으로

분류하였으며 계절은 봄, 여름, 가을, 겨울의 사계절로 구분하였고

시간은 하루 중 아침, 낮, 저녁, 밤 시간대로 구분하여 분류하였다.

이미지 특성을 분류하기 위해 500개의 게시물을 미리 분류해보았고,

빈도가 많은 상위 6개의 기준으로 전체 데이터의 이미지 분류를 시
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행하였다. 정서 상태를 도출하기 위하여 게시물의 텍스트를 활용하

여 감성 분석을 하였으며 각 분류별 평균 감성 점수를 살펴보았다.

게시물에서 도출한 역할, 계절, 시간, 이미지 특성과 감성 점수와의

연관성을 확인하기 위하여 회귀분석을 실시하였다.

연구 결과: 감정노동과 함께 자주 등장한 68,363개의 연관어 중 상

위 20개의 키워드를 분석한 결과 역할과 관련된 단어가 6개로 가장

많았고, 시간 관련 단어 및 감정 관련 단어가 각각 5개씩 나타났다.

주부의 비율이 가장 높았으며 사계절은 각각 비슷한 비율을 보였고

저녁 시간 때 게시된 게시물의 비율이 낮았다. 전체 게시물 중 부정

적 상태를 보이는 게시물이 61%로 반 이상을 차지했으며 감성 점수

의 평균은 –0.115로 나타났다. 역할 중 서비스직, 계절 중 가을, 시

간 중 밤 그리고 텍스트를 포함한 이미지 분류에 해당하는 게시물

이 유의미하게 긍정적인 감성 점수를 보였다.

결론: SNS 데이터를 활용하여 감정노동에 대해 분석한 결과는 기

존 연구 결과를 뒷받침하며, 동시에 국가 통계에 포함되지 않는 범

주 및 특성들에 대한 분석을 가능하게 함으로써 감정노동과 관련된

현실적이고 새로운 측면을 확인하였다. 아울러, 정서 상태의 수치화

를 통해 여러 특성과의 연관성을 분석하는 새로운 보건학적 접근법

을 제시했다. 이러한 방법론은 향후 다른 보건학적 주제에 대한 관

련 요소 및 특성을 파악하여 적절한 중재와 대응을 하는데 적용될

수 있을 것이다.
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