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ABSTRACT ARTICLE HISTORY
This paper proposes that high value on the work-life balance, Received 13 September 2021
compensation, career opportunity and fitness of culture and man- Accepted 26 September 2022

agement style would improve job satisfaction. A turnover risk pre- KEYWORDS

diction model based on the random forest is constructed to The turnover decision: job
understand the turnover risk feature and identify risk. Using a satisfaction: turnover risk
sample of 17,724 online reviews of employees from Glassdoor, the prediction; random forest;
positive effect of antecedents, the job satisfaction variable as a the Internet sector
mediator, and the unemployment rate variable as a moderator is

verified. Finally, job satisfaction is identified as the most important

feature for predicting turnover based on the random forest

algorithm.

1. Introduction

For companies, the cost of spending on employee turnover is considerably high, and this
cost is positively influenced by the working years or other characteristics of the actively
resigning employee. Some costs of turnover are direct and computable. For example, the
replacement cost, which contains recruiting, selecting and training new employees fees, is
astonishing (Stamolampros et al. 2019). According to Huning and Thomson (2011), this
expenditure is twice the annual salary of a departing employee, which is even as high as
$10,000 per hourly employee. In addition, some costs are indirect and imponderable. For
example, the costs caused by disruption of work, loss of organisational memory, pressure
on remaining staff and decreasing service quality are invisible and difficult to evaluate
(Allen, Bryant, and Vardaman 2010; Huning and Thomson 2011). For the Internet industry,
the turnover rate is high in the top internet countries, like America and China, due to the
rapid development and talent competition in the Internet industry. As to Internet com-
panies, Barslund and Busse (2016) pointed out that as of 2016, the Internet has main-
tained rapid talent growth, although the global economy is still in the process of recovery.
The rapid development of these companies needs support from talents and causes fierce
talent competition between Internet companies. Moreover, a talent report reveals that
Internet talent growth in Seattle and the Bay Area reached 26% and 21%, respectively

CONTACT Victor Chang @ ic.victor.chang@gmail.com @ Department of Operations and Information Management,
Aston Business School, Aston University, Birmingham, UK

© 2022 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/
licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.


http://orcid.org/0000-0002-8012-5852
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/17517575.2022.2130013&domain=pdf&date_stamp=2022-10-07

2 (&) V.CHANGETAL.

(Barslund and Busse, 2016). This positive external employment environment creates
opportunities for job-hopping for Internet employees. Thus, it is meaningful to under-
stand the determinants that drive individuals’ voluntary turnover decisions and know the
mechanism of turnover decision processes.

In current turnover studies, the relevant research areas have formed into a mature system
and scholars periodically compile meta-analyses to summarise this volume of research. March
and Simon (1958) inaugurated the first formal turnover theory and proposed that employees’
turnover intentions were influenced by their job (dis-)satisfaction. Via a meta-analysis study,
Griffeth, Hom, and Gaertner (2000) identified that personal characteristics, satisfaction with
the overall job and job facets, work experience, external environment factors, employees’
behaviour (e.g. lateness, absenteeism, performance) and cognitive factors (e.g. organisation
commitment, withdrawal cognitions) could predict employees intention to quit. In sum, many
researchers have focused on exposing the individual, organisation and social factors, such as
the growth opportunity of job resources, which will negatively affect the separation (Carlson
et al. 2017). But the main concern of these references is the tendency to leave a company
rather than the actual turnover state. Additionally, the majority of them focus on one kind of
factor without comparison. Moreover, most voluntary turnover research was testified by
subjective survey or experimental data, but few of them have obtained support from
objective data and real resignation cases. Furthermore, these research projects are more
concerned with industries in high contact with consumers, such as the medical industry.
However, for the Internet industry, there should be more attention. That is, the main purpose
of this paper is to take advantage of the data mining strategy from the perspective of big data
to explore and testify to the real predictors, mechanisms and conditional boundaries of the US
internet employees’ actual turnover.

In the field of turnover risk prediction, researchers mainly use supervised learning
methods, such as Naive Bayes, to build the best prediction models. But research on the
Internet sector is not common. The research questions of this paper will focus on four
aspects. First, what are the determinants of employees’ voluntary turnover? Second, will
job satisfaction have a mediating effect on the above predictive relationship? Third, is
there any moderating effect of macroeconomic factors? Finally, will the turnover risk
identification be resolved based on data mining technologies? In order to answer these
research questions, we carried out data mining based on the amount of objective data
from the perspective of big data. All data are collected from Glassdoor, the second-largest
workplace community for corporate reviews and job searches in US. Reviewers could post
their ratings and comments on the website for the current or former companies. This is an
objective data set to meet the 4 V features of big data, volume, variety, velocity and value.

From a theoretical point of view, this paper will discover all results based on the real
sample data with a great volume collected from the Internet sector. From a practice point
of view, the human resources managers, head hunters and job seekers will know what the
employees in top Internet companies are enjoying and what these employees are
unsatisfied with from this paper. Besides, it is worthy for recruiters in the Internet sector
to pay attention to the factors driving individuals’ turnover decisions and turnover risk for
stabilising the turnover rate. This would help supplement existing theories from an
industry-wide perspective. Besides, the outcome variable will be the real turnover deci-
sion rather than a turnover intention, and this would be better to reveal the factors that
influence employee turnover.
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2. Literature review
2.1 Social exchange theory

Behaviour in the workplace can be regarded as social exchange behaviour, and social
exchange theory is also applicable in the workplace. Social exchange behaviour refers to
the phenomenon that the exchanging act only occurs when someone responds in
a reciprocated reflection and the action stops when someone no longer responds with
the rewards (Bierstedt and Blau 1965; DeLamater and Ward 2013). Social exchange theory
holds that the expected return of individuals is the motivator for them to work voluntarily
and the return is actually obtained from others (Bierstedt and Blau 1965). It reveals that
the fundamental of human interaction is the exchange of social and material resources.
Not all human behaviour is guided by rewards precondition, and social exchange is only
part of human behaviour. Theory X believes that employees are lazy and their labour
efforts are passive in the work placement. The return that employees pursue is the core to
motivate the productivity of employees. Therefore, the relationship between employees
and the company is aligned with the conditions of social exchange theory. Besides, in the
workplace, the exchange behaviour is also a reciprocal interaction between individuals
and organisations or supervisors, which keeps balance by adjusting expected rewards and
employees’ performance of both parties. The interaction would be broken once one side
reduces in the long term (Bierstedt and Blau 1965; El Akremi, Vandenberghe, and
Camerman 2010). For example, the employment relation tends to be removed when
negative behaviours, like lack of career advancement opportunity, exist for a long time if
employees look forward to further development within the organisation (Biron and Boon
2013). In the study of Nayak, Jena, and Patnaik (2021), they consider personal beliefs
about reciprocal obligations between individuals and organisations as psychological
contracts and corporate governance mechanisms (monitoring and rewarding) as knowl-
edge contracts. They studied these two contracts using data from the IT sector in northern
India. The psychological contract has been found to mediate the relationship between the
knowledge contract and employee satisfaction and employee retention.

2.2 Turnover, job satisfaction and its antecedents

Staff turnover represents the break of a reciprocal relationship; at least, the relationship
will be inactive. Turnover refers to the departure act when employees leave the officially
participating company (Olubiyi et al.,, 2019). The antecedents of turnover are complex,
and there is a multi-factor process from negative factors to turnover decisions. On the one
hand, a certain number of researches focus on the impact of external environmental
factors on turnover. Like most of the traditional models proposed by researchers in the
early stage, an influential turnover model proposed by March and Simon is a participant
decision model and this took the macroeconomic environment into consideration (March
and Simon 1958). Similarly, recent research supports that the positive economic and
political factors from society attract them to resign (Ramlawati et al., 2021). The possibility
of getting an alternative external opportunity makes employees tend to leave their
organisation. This is an issue depending on external environmental factors, such as job
availability and the rate of unemployment (Abdullah Al Mamun 2017). On the other hand,
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job satisfaction is considered an intermediary variable between complex antecedents and
turnover intention or decision (Kim et al. 2017). Kabungaidze et al. (2013) applied
descriptive, inferential statistical analysis to turnover intention research and reported
a negative relationship between job satisfaction and turnover intention in the education
industry. Calecas (2019) employed multiple linear regression to study the relationship
between job satisfaction, employee engagement and turnover intention in US federal
employment using a secondary dataset (Federal Employee Viewpoint Survey), which
contains 598,003 samples, although in different sectors, they also found a significant
relationship between job satisfaction and turnover intention. Price confirmed that demo-
graphic factors are associated with turnover through job satisfaction and impact other
factors like organisational commitment. Price (2001) considered job satisfaction as the
mediating variable that negatively influences turnover and exists between exogenous
variables, like promotion opportunity and turnover. Stamolampros et al. (2019) focused
on both demographic and decomposed job satisfaction attributes based on ordered
logistic regression on 297,933 samples and the results show that cultural values and
leadership are the motivators of job satisfaction in this study. The behaviours of job
searching and the intention to leave are associated with job satisfaction, and there are
stages between dissatisfaction and turnover. In addition to the study of job satisfaction
and turnover, Hong and Xu (2021) also discovered that job satisfaction was positively
related to personal responsibility and both factors further positively influenced informa-
tion security policy compliance (ISPC). Job satisfaction is generally described as a kind of
feel or attitude towards employees’ current jobs and is divided into two aspects, job
satisfaction and job dissatisfaction. Its definition from different researchers is similar, and
there is no authoritative version. The former refers to a sense of accomplishment towards
their job (AZIRI, 2011), while dissatisfaction reflects the reverse attitude, which is unfa-
vourable (Spector et al., 2007). Furthermore, according to Castro and Martins (2010) and
Price (2001), job satisfaction is subjective and affectively oriented psychological percep-
tion influenced by the work environment and is measurable. Kim (2019) discovered from
the data of 1,646 workers employed in Korean workplaces that the use of SNS influences
job satisfaction and partially mediates the relationship between extraversion and neuroti-
cism in the Big Five personality and job satisfaction. The expectation for the job is
different for individuals, and the factors influencing their satisfaction and turnover deci-
sion are also multi-dimensional. The following presents the relevant research results in
recent years.

As for employees, LMX is part of the criteria to judge management style fitness within
an enterprise. LMX, leader-member exchange, refers to the quality of the relationship
between a manager and an employee (Gerstner and Day 1997; Liden and Maslyn 1998).
Drawing from social exchange theory, a series of favourable behaviours for the employees
to remain in offices, such as strong commitment, loyalty and trust, would be reciprocated
by managers when they are supported and trusted by managers (Blau, 1968). Hajizadeh,
Makvandi, and Amirnejad (2022) investigated effective coaching factors for business
managers in motivating human resources in Persian Gulf Petrochemical Company.
According to their study, managers’ competencies and skills as part of the coaching
strategy positively and significantly influence employee motivation, teamwork and job
satisfaction. However, the lack of certain features swaying employees’ management style
fitness, like respect and trust, would result in the low reciprocation of subordinates
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(Rurkkhum 2018). Any of these aversive work environments would lead to undesirable
employee behaviours, such as leaving. The latest research shows a negative relation
between LMX and turnover intention for front-line employees (Wang, Kim, and Milne
2017). The relation between leader emotional intelligence and employee turnover inten-
tion is mediated by leader-member exchange (Clarke and Mahadi 2017). Biron and Boon
(2013) proposed that the high quality of LMX enhances the negative relation between
performance and turnover intention. The relation between leader-member exchange
(leader trust) and job satisfaction (Zou, 2015)) believed that the degree of leader trust is
positively related to job satisfaction, strengthening the reciprocal relationship of social
exchange behaviour.

In terms of job demand, physical overexertion and fatigue, unfavourable work envir-
onment and work-life conflict has been quite often noted as sources of job demands
(Bakker and Demerouti 2007). In recent research, Carlson et al. (2017) verified the positive
effect of job overload on job tension, affecting job tension on job satisfaction and job
satisfaction negatively impacts turnover intention. Furthermore, Carlson et al. (2017) also
proved the mediating effect of job satisfaction on the relation between job overload and
turnover intention is true. Like imbalanced work and life, quantitative demands positively
affect turnover intention (Bon and Shire 2017). In terms of job resources, career opportu-
nities, including advancement opportunities and growth opportunities, like skills training
opportunities, are job resources when they are not locked in the workplace (Bon and Shire
2017). The results of the studies reported on the relationship between career opportu-
nities and turnover intention or decision is discrepant. Bin Mohd Rosli (2016) confirmed no
relation between career advancement opportunities and turnover intention. However,
Weer and Greenhaus (2017) revealed that as an antecedent of engaging in workplace
behaviours, growth opportunities have an effect on the decision to stay or resign. Zito
et al. (2018) verified that the relation between job resources (supervisors’ support) and
turnover is not significant, while job resources (job autonomy and emotional dissonance)
are positively and negatively influential on job satisfaction, respectively, their effect on the
turnover intention is inverse. Besides, the relation between job satisfaction and turnover
intention is also true in this model (Zito et al. 2018).

Distributive justice is one of the dimensions of organisational justice used to evaluate
the resources distribution within an organisation, and compensation distribution justice is
one of the determinants of turnover. According to organisational justice, the outcome,
like compensation, is compared with the input, like time, knowledge and employee efforts
in a workplace (Kim 2017). According to the social exchange theory, the balanced
relationship between employees and organisations is governed by the reciprocity law
(El Akremi, Vandenberghe, and Camerman 2010; Gouldner 1960). Unfair relationships
would break it from a fair organisational perspective. The perception of fairness influences
the social exchange relationship between employees and organisations or supervisors
(Rupp and Cropanzano 2002). A positive relation between distributive justice and job
satisfaction is identified in recent research (Haran and Niederman 2022; Kim 2017). The
imbalance of this process would make employees feel inequitable and result in input
reduction and even stoppage (Haran and Niederman 2022; Kim et al. 2017). For Millennial
public accountants, both poor distributive justice and procedural justice tend to lead to
a high turnover intention, controlling for gender and job tenure. When the strength of
procedural justice is stronger than distributive justice (George and Wallio 2017), Nadiri &
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Tanova (2010) verified the significant relation between distributive justice and job satis-
faction and even turnover intention based on hierarchical regression and correlation
analysis. In addition to research on organisational justice, Haran and Niederman (2022)
also studied another social context of turnover and found that the influence of peers and
family can also affect turnover intentions and actual turnover behaviour.

Organisational culture is a set of beliefs, shared values and norms that affect how
employees feel, think and behave in the workplace. It is fundamental to retain talent.
From recent research, the enterprise culture is one of the predictors of turnover (Zhang
2016). Ryu et al. (2020) also employed logistic regression to study the moderating effect of
organisational climate on the association between emotional labour and turnover inten-
tion and found a significant relationship among Korean firefighters. In the study of
Nguyen Ngoc et al. (2022), Vietnamese Generation Z was found to be more concerned
with the company’s office atmosphere or workplace ethics and was considered intangible
attributes rather than physical conditions.

There are also some researchprojects considering multiple antecedents of turnover
comprehensively in one research. The Stamolampros et al. (2019) investigated the service
and medical industry and focused on demographic and decomposed job attributes based
on ordered logistic regression and online data. The results show that compensation &
benefits and work-life balance are regarded as hygienic factors that adversely influence
job satisfaction when the ratings on these factors are low. However, a high rating for them
will not lead to high satisfaction. It also reveals that career opportunity is the most
influential factor that impacts employees’ decision to quit the tourism industry. In the
Internet industry, five dimensions, including workload, organisation, career opportunities,
colleagues, and compensation and benefits, are calculated into the turnover model in
research conducted by (Lei 2019). This confirmed that workload, colleagues, and com-
pensation and benefits are closely related to turnover.

2.3 Data mining and turnover risk prediction

Data mining is defined as a process of uncovering and identifying the latent but valid
pattern from a great volume of data stored in the data warehouse or other information
repositories based on machine learning technologies and advanced algorithms (Fayyad
1996). Data mining aims to identify the pattern from data and take advantage of the law
to realise the prediction function. It is one of the application subjects of machine learning
(ML). As a synthetic science that integrates computer science, mathematics and statistics,
machine learning can simulate and learn from human behaviour and then acquire new
knowledge and techniques in the process (Zhenyuan 2018).

Data mining has been applied in various fields, like medical science, biology,
finance, manufacturing and so on (Strohmeier and Piazza 2013; Zhao et al. 2019).
Taking the semiconductor industry in the manufacturing domain, Choudhary,
Harding, and Tiwari (2009) point out that classification algorithms improved the
yield by classifying the defects and identifying corresponding patterns significantly.
As for human resources, data mining science has been effective in different human
resources management activities, including selecting candidates, making decisions on
managerial promotion and forecasting functions, like turnover risk prediction and
employee performance evaluation (Strohmeier and Piazza 2013). The relevant
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technologies and algorithms have been developed to a practical stage, and the
existing relevant research is based on various employee features with sufficient
evaluation criteria (Strohmeier and Piazza 2013; Zhao et al. 2019). For example,
Lockamy and Service (2011) revealed and identified the top 5 significant determi-
nants of employee promotion based on the Bayesian network. Furthermore, based
on the general preference learning model, a support vector machine is proposed to
help employers select highly matched candidates (Aiolli, De Filippo, and Sperduti
2009). In particular, the major and meaningful data mining applications are predict-
ing turnover within an organisation and identifying the risk of employee turnover in
advance. Kang, Croft, and Bichelmeyer (2021) employed an ML algorithm,
Classification and Regression Tree (CART), to predict the turnover intention of US
federal employees and identify the most significant variables affecting turnover
intention. They analysed a public dataset of 598,003 samples from the Federal
Employee Viewpoint Survey. The results show that job satisfaction is the most
significant predictor of turnover intention and six at-risk subgroups. Based on an
employee turnover dataset from Kaggle, Chakraborty et al. (2021) trained several
classical ML algorithms to predict turnover and evaluated them through a confusion
matrix. The results show that Random Forest outperformed other algorithms and
identified job position, overtime and work level affected turnover most significantly.
Their dataset has only 1470 samples, which was considered a limitation by the
authors. Different from the above studies, Zhao et al. (2019) paid more attention
to the ML algorithms and data size for employee turnover prediction. Using the
sampling method, they employed two primary HR datasets with different sizes and
numbers of attributes and augmented these datasets to 10 sub-datasets. In this way,
they can evaluate the effectiveness of different ML algorithms on different datasets.
Their results indicated that small datasets are likely to contain great randomness and
variance, suggesting that users should pay more effort to assess the data quality and
choose the appropriate classifier in a heuristic way. On the other hand, a more
reliable model can be built on medium and large datasets as the data variance
decreases and requires less data preparation. The ensemble algorithms (XGB, GBT
and RF) showed better performance on the datasets they used.

Recent research outputs focusing on turnover risk identification are listed in Table 1.

3. Hypotheses development
3.1 Job satisfaction and turnover

The recent research listed above acquired turnover intention rather than actual turnover
decision or action as the dependent variables and verified the relationship between job
satisfaction and turnover intention. This paper will focus on the antecedents of turnover
decision (Kim et al. 2017; Kabungaidze et al., 2013; Zito et al. 2018) and therefore
hypothesis 1 is proposed:

H1: Job satisfaction will negatively influence turnover in the Internet sector in the US.
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3.2 Job satisfaction antecedents

The literature above verified the effect of LMX (Gill, 2008), job demand (Carlson et al. 2017; Bon
and Shire 2017), job resources (Bon and Shire 2017; Zito et al. 2018), distributive justice (Haran
and Niederman 2022; Kim 2017) and corporate culture (Zhang 2016) on job satisfaction and
turnover. This paper proposes five corresponding variables, including management style
fitness (Gerstner and Day 1997; Liden and Maslyn 1998), work-life balance (Bakker and
Demerouti 2007), career opportunity (Bon and Shire 2017), compensation & benefits (Kim
2017) and culture fitness, as the antecedents of satisfaction and focuses on how they are
relevant to job satisfaction in the Internet industry based on the online data. Among them,
career development includes promotion opportunities and growth opportunities. Five
hypotheses between antecedents and job satisfaction are proposed as follows:

H2: Work-life balance will positively influence job satisfaction.

H3: Culture fitness will positively influence job satisfaction.

H4: Career opportunities will positively influence job satisfaction.
H5: Compensation & benefit will positively influence job satisfaction.

H6: Management style fitness will positively influence job satisfaction.

3.3 Mediating effect of job satisfaction

Existing works have recognised the mediating effect of job satisfaction between certain
antecedents and job satisfaction separately (Price, 2001; Gill, 2008; Carlson et al. 2017; Nadiri
& Tanova, 2010; Zito et al. 2018). This paper focuses on how job satisfaction affects the
relationship between the five factors of this paper and turnover. The hypotheses are as follows:

H7: Job satisfaction will mediate the negative relation between Work-life balance and
turnover.

H8: Job satisfaction will mediate the negative relation between Culture fitness and
turnover.

H9: Job satisfaction will mediate the negative relation between Career opportunity and
turnover.

H10: Job satisfaction will mediate the negative relation between compensation & benefit
and turnover.

H11: Job satisfaction will mediate the negative relation between Management style fitness
and turnover.
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3.4 Moderating effect of macro factors

The psychology of dissatisfaction provokes the thinking of quitting employees, and the
evaluation of the career environment and self-working ability would be followed (Xie &
Wang, 1999; March and Simon 1958; Abdullah Al Mamun 2017; Lei, 2019). Verbruggen and
van Emmerik (2020) believe that employees who are thinking of leaving will weigh up whether
to stay or leave based on the external job opportunities available to them to make a decision
that they will regret less. As such, this part controls for the macro variables, including GDP or
unemployment rate factors and the moderating effect will be measured. The hypothesis:

H12: GDP will moderate the negative relationship between job satisfaction and turnover
decision.

H13: The unemployment rate will moderate the negative relationship between job
satisfaction and turnover decision.

4. Method
4.1 Methodology

This study employs a hybrid model that integrates statistical methods and a machine
learning algorithm. The methodology framework is shown in Figure 1. Firstly, the relation-
ship between the five independent variables and job satisfaction is tested by correlation
analysis and presented by the correlation matrix. Then, we employ regression analysis to
evaluate the mediating effect, moderating effect and relation between job satisfaction
and turnover decision. As the turnover decision is a binary variable, logistic regression is
adopted. The reasons are explained in section 4.1.2. In order to predict the turnover risk,
this study also employs one of the machine learning techniques, Random Forest, to learn
the relationship between the features and the turnover decision and conduct the classi-
fication task. To evaluate the classifier, we employed the confusion matrix, the area under
the receiver operating characteristic (ROC) curve (AUC-ROC) and the out-of-bag score
(oob_score). In addition, the trained classifier can also rank the importance of each
feature, thereby validating the results of regression analysis.

4.1.1 Correlation analysis

Correlation analysis is employed to answer hypotheses 2-6 and analyse the relationship
between the five independent variables and job satisfaction in this dataset (Taylor 1990).
Correlation coefficient r, in the range of [-1, +1], reflects the positive or negative relation
and the strength between them. In general, 0<|r|<0.3 represents the weak correlation,
0.3<|r|<0.5 represents the moderate correlation, 0.5<|r|<0.8 represents the significant
correlation, 0.8<|r|<1 represents the strong correlation (Geng 2014).

4.1.2 Regression analysis

Regression models are applied to test the mediating effect, moderating effect and relation
between job satisfaction and turnover decision in this paper. The data characteristic in
a data set and the research objective can influence the choice of regression and model.
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Figure 1. The framework of the hybrid model.

There are four available models for the data with the binary variable as the dependent
variable: discriminant analysis, probit regression, OLS and logistic regression. The latter
two models are the most popular methods applied to research work (Pohlmann & Leitner,
2003). Pohlmann & Leitner (2003) revealed that the significance test results of OLS are the
same as that of logistic regression on the categorical dataset. This proves that the two
models are not superior when the only relationship between the target variables is
focused - however, logistic regression performance is better than OLS when the accuracy
of the probability of classification is improved. Besides, to research the influence effect of
dependent variables on independent variables, it is more practicable and reasonable to
explain the logit model results than OLS. Thus, the logistic regression model is applied to
the models with turnover as the dependent variable. However, a transformation for
logistic regression is conducted in the following models to improve the accuracy of
results and avoid shortages resulting from a possible breakdown of logistics regression.

4.1.3 Data mining and random forest

A classification process could be structured as a tree is defined as a decision tree (Alao and
Adeyemo 2013). This is one of the supervisor algorithms with a serious rule based on the
logic of ‘if-then’ syntax in each node within a tree for classifying the data into each class.
The understandable principle, intuitive results, and the high tolerance for the missing
value of the dataset are the advantages of the decision tree. However, a moderate change
in the input dataset strongly affects the results. It would be easy to result in over-fitting
problems and reduce the generalisation ability of the model. A random forest algorithm is
a way to address this defect. A random forest is defined as an ensemble and classification
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algorithm combined with a group of decision trees (BREIMAN 2001; Zhao et al. 2019).
Ensemble means that the forest is randomly grouped by the decision trees based on the
bagging method, sampling with replacement and bootstrap aggregating. This mechan-
ism improves the generalisation ability and reduces the overfitting risk of random forest.
Besides, there are more reliable and less variable random forest classification results since
this algorithm computes the results of each decision tree based on voting to assign the
outcome classification to the random tree and all these trees are independent of one
another. This reveals the core concept of random forest, which combines weak learners
and decision trees into strong learners. Furthermore, the importance of each feature, such
as satisfaction, work-life balance, culture fitness, career opportunity, management fitness
and compensation, could be measured after the model is trained. This helps identify the
predictors that affect employee departures. However, one shortage for the random forest
is like a ‘black box’ since the decision trees combined into the random forest cannot be
visualised. This means that node selection details cannot be acquired, resulting in the
difficulty of parameter adjustment.

4.2 Data source and data cleaning

According to the existing theories and current research situation of employee turnover
and satisfaction, this paper collects the potential determinants of satisfaction and turn-
over from the aspects of subjective and objective, which contain cultural fitness and
manage style fitness as the subjective factors, and work-life balance, compensation and
career opportunity as objective factors. Besides, macroeconomic variables, GDP and the
unemployment rate of the corresponding region are employed as the indexes to repre-
sent the macro-career environment. Finally, six top companies, including Amazon, Apple,
Facebook, Google, Microsoft and Netflix, in the Internet industry are selected in the first
dataset since the targeted industry of this research is the Internet industry of the US.
These companies cover different segments of the Internet industry, such as mobile
internet, internet media, electronic commerce and so on.

Two data sources are employed in this paper to collect the above determinants. The
first source is a dataset containing employees’ career information collected from
Glassdoor, and the second source is based on the US workplace community for corporate
reviews and job searches (Glassdoor website 2019). Both data sources have been inte-
grated into a combined dataset for better data analysis. The interface for collecting
comments from employees on the website is shown in Figure A1 in Appendix
A. Reviewers could post their comments and rates about the companies they worked
for on this website. In terms of rate, reviewers could rate given aspects of the company,
like compensation, based on their work experience. The rating ranges from 1 to 5 and 0.5
as an interval. In terms of comments, all positive and negative experiences and sugges-
tions to managers could be reported by reviewers on the online questionnaire in text
form. Besides, reviewers are also required to fill in tenure information (current or former),
and this is the source of this paper to differentiate the former and current employees. 1 is
assigned to the former employees in the input dataset and 0 represents the current
employee group. Location, position and work year information are also required to fill in.
The second dataset records the macro-economic index, GDP' and unemployment rate,?
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Table 2. Data presentation.

Dimensions Data

Companies Amazon, Apple, Facebook, Google, Microsoft and Netflix

Satisfaction factors work-life balance, culture fitness, career opportunity, compensation & benefits
and management style fitness

Macro variables GDP, the unemployment rate

Years 2008-2018

Data volume 17,724

and these are collected from a world data website, KNOEMA, which is available for
downloading all the economic data (Knoema, 2019).

The first comment data source® covers the reviews and ratings from 2008 to 2018 and
67,516 individuals either posted a comment or rated in this dataset. The numbers of samples
from Amazon, Apple, Facebook, Google, Microsoft and Netflix are 26,422, 12,949, 1589, 7818,
17,928 and 810, respectively. In order to ensure the validity of the data used to analyse and
the accuracy of the results, the data cleaning process is necessary. Firstly, the null value, like
the reviews without ratings, is removed. Then, the reviews with the zero ‘helpful count’,
which is an index to calculate how many viewers agree with this review, are removed from
the dataset. This could improve the quality of every piece of valid data. Finally, there are
17,724 reviews left after cleaning, and 40% of them are former employees. The data situation
is listed in Table 2 and the questionnaire to collect judgement information is attached in
Appendix A. A summary of the variables studied in this research is presented in Appendix B.

4.3 Model

4.3.1 Model for hypotheses 2-6
Correlation analysis is conducted to identify the relevance between job satisfaction and
work-life balance, culture fitness, career opportunity, compensation & benefits, and man-
agement style fitness. In order to understand the factors that former or current employees
are most concerned about, the model based on correlation analysis is extended into three
forms as follows. This would mine the information about why individuals choose to leave
and what factors attract existing employees to stay from the perspective of numeric data.
This model is conducted by STATA and here, three models are conducted.

Model 1: former model with only former employees as the observations;

Model 2: current model with only current employees as the observations;

Model 3: full model with all employees as the observations.

4.3.2 Models for hypotheses 7-13

The relevance between the five antecedents and job satisfaction has been verified in the
previous part. The models in this part aim to find the mediating variables and moderating
variables influencing the turnover action of employees. They are conducted using SPSS to
verify the mediating effect and STATA for regression.
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Mediating test for job satisfaction

According to the models proposed by March and Simon and Price, job satisfaction is the
mediating variable between workplace experience factors, like work-life balance and
turnover action.

For testing the mediating effect, detecting the regression coefficient, in turn, is
a traditional method (Judd & Kenny, 1981; Baron & Kenny, 1986). For the model, which
is mixed with continuous and categorical variables, logistic regression should be
employed on the categorical outcome variable (lacobucci, 2012). Thus, model A and
model C should be computed based on logistic regression in this paper. The test for the
effect of job satisfaction is conducted, so that job satisfaction can be measured by the
overall rating of A, B and C in Figure 2.

Figure 2 shows the visualisation of the mediating effect test process. The [X] represents
a collection of determinants influencing turnover rate, including work-life balance, cul-
ture fitness, career opportunity, compensation and benefit and management style fitness.
All the effects among the five factors, job satisfaction and turnover, are measured
separately to investigate their relationship clearly.

(@) Models to test the moderating effect

According to Fang et al. (2019), the variables without mean centring have no impact on
the performance of moderating effect test, even though there would be bias in the
significance and coefficients of the main effects. Thus, any transformation of the data is
not conducted, and the model for the moderator test model is shown in Figure 3.

5. Results
5.1 Descriptive analysis

Descriptive analysis results are shown in Table 3 to better understand the distribution of
this dataset and the rating situation from employees of the Internet industry workplace
environment, represented by top US Internet companies.

Mean value and variance data in Table 3 illustrate that talent in the American Internet
sector is most satisfied with compensation & benefits and then culture fitness. However,
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Figure 3. Moderating effect test model.

Table 3. Descriptive analysis results.

Minimum Standard
Volume value Maximum value Mean value Variance deviation
Work-life balance 17,724 1 5 293 1.98 1.37
Culture fitness 17,724 1 5 335 2.18 1.41
Career opportunity 17,724 1 5 3.28 1.87 137
Compensation & 17,724 1 5 3.76 1.38 117
Benefit
Management style 17,724 0 5 291 2.04 1.43
fitness
Job satisfaction 17,724 1 5 3.36 1.86 1.37
Work-life  Culture Career Career Compensation Status
balance fitness opportunity opportunity & Benefit distribution
Amazon 2.5(1.4) 3.2(1.5) 3.0(1.2) 3.4(1.4) 2.7(1.4) 36%
Apple 2.9(1.4) 3.0(1.4) 3.7(1.1) 3.8(1.4) 3.0(1.3) 45%
Facebook 3.7(1.3) 4.2(1.2) 4.3(0.8) 4.5(1.2) 4.1(1.1) 21%
Google 3.8(1.3) 3.8(1.2) 4.1(1.0) 43(1.2) 3.6(1.2) 39%
Microsoft 3.2(1.3) 3.3(1.4) 3.1(1.0) 3.9(1.3) 2.6(1.2) 41%
Netflix 3.1(1.3) 3.0(1.6) 3.4(1.1) 4.2(1.5) 3.0(1.4) 52%
Average 3.2(1.3) 3.4(1.4) 3.6(1.0) 4.0(1.4) 3.17(1.3)

Average rating (Standard deviation of rating)

the variation of culture fitness is the highest among the five factors ratings. This means
that there is a certain-level gap in corporate culture fitness. Some employees cannot
match with corporate, but some others could adapt to it well. As for compensation,
employees are generally satisfied with the high mean value and low variance. The details
of ratings for each company are shown in the second tale, and the real workplace
environment of each enterprise could be exposed based on a big data perspective. In
the comparison between companies with a similar distribution of employee status, the
poor performance on the antecedents of satisfaction and turnover of Amazon is identi-
fied. Based on almost identical distributions of employees’ status, ratings for antecedents
of Amazon are below the industry average. At the same time, Google is rated above the
industry average and ahead of all companies except Facebook. Besides, all but very few
career opportunities rating for antecedents of Amazon is at the bottom of the sample.
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5.2 Turnover and satisfaction antecedents

Table 4 supports hypothesis 1 and reveals that the relationship between job satisfaction
and turnover decisions is significant. Furthermore, job satisfaction (—0.19, p < 0.001) leads
to a negative influence on turnover.

Correlation analysis results in Table 5, Table 6 and Table 7 proves a positive relationship
between all the antecedents and job satisfaction in the three models, and hypotheses from 2
to 6 are true. The three tables represent the results of the subsample with only former
employees, the subsample with only current employees, and the whole observations, respec-
tively. The correlation results in the three models are virtually the same. Similarly, the correla-
tion coefficient of culture fitness (range from 0.77 to 0.8, p < 0,001) is the highest in all three
models, and then management style (range from 0.73 to 0.77, p < 0,001) is the second
significant factor. However, the correlation coefficient of culture fitness (0.77, p < 0.001) is
smaller than 0.8 and reaches 0.8 in the other two models for the former employees.

5.3 Mediating effect of job satisfaction

The mediating variable should be significant when the five variables in the main effect are
controlled and these five variables should also be influential on the dependent variable
(Wen et al,, 2004). Table 8, Table 9 and Table 10 list the statistical results of each model.

In terms of coefficients [c] in model A, they are all significant and influential on turnover rate
(ranging from —0.18 to —0.09, p < 0.001). In terms of the coefficients [a], which represent the
relation between all the five antecedent factors and job satisfaction, where model B verifies
their significance (ranging from 0.62 to 0.74, p < 0.1). Thus, all five factors, Work-life balance,
value fitness, career opportunity, compensation and management style fitness, are the deter-
minants of satisfaction and turnover. The effect of turnover is negative and positive on job
satisfaction. Model C is the last part of the mediating variable, and the result is conducted
based on the PROCESS package in SPSS. Results in Table 10 support the hypotheses from 7 to
11. The statistically significant mediating effect of job satisfaction on the negative relation
between work-life balance and turnover (-0.0267 (—0.340, —0.0202)), culture fitness and
turnover (-0.625 (—0.0788, —0.0467)), career opportunity and turnover (—0.0438 (-0.1484,
—0.0809)), compensation and turnover (—0.0213 (—0.0275, —0.0158)) and management style
fitness —0.0366 (—0.0462, —0.0272) are verified. The mediating effect is also negative.

5.4 Moderating effect of macro factors

Figure 3 represents the process of the moderator test for GDP and unemployment rate.
Coefficients of job satisfaction and product between satisfaction and each macro factor
should be significant when the moderator effect hypothesis is true. Table 11 lists the test
results of hypothesis 12 and hypothesis 13 and the results reveal the moderator effect of
the unemployment rate is true. The interaction between the unemployment rate and job
satisfaction (—0.01, p < 0.01) has a negative effect on the turnover decision. Figure 4
presents the negative relationship between job satisfaction and the turnover decision
that changed lightly when unemployment increased from low to high. The slope change
is also slight from low moderator to high moderator under either low level of job
satisfaction or high level of satisfaction.
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Table 4. Relation between JS and turnover.

Turnover
Job satisfaction —0.19%**
+p < 0.1; *p < 0.05; **p < 0.01; ***p < 0.001
Table 5. Former employee model of correlation analysis.
Work-life  Culture Career Compensation Management Job
balance fitness  opportunity and Benefit style fitness  satisfaction
Work-life balance 1
Culture fitness 0.57%** 1
Career opportunity 0.43%** 0.57*** 1
Compensation and 0.471%%* 0.45%** 0.52%** 1
Benefit
Management style fitness ~ 0.56*** 0.72%** 0.60*** 0.45%** 1
Job satisfaction 0.62%** 0.77%** 0.67*** 0.53*** 0.73*** 1
Note: +p < 0.1; *p < 0.05; **p < 0.01; ***p < 0.001
Table 6. Current employee model of correlation analysis.
Work-life  Culture Career Compensation Management Job
balance fitness  opportunity and Benefit style fitness  satisfaction
Work-life balance 1
Culture fitness 0.60%** 1
Career opportunity 0.50%** 0.63*** 1
Compensation and 0.46%** 0.57%** 0.53%** 1
Benefit
Management style fitness ~ 0.60%** 0.74%** 0.67*** 0.52%** 1
Job satisfaction 0.64%** 0.80%** 0.73%** 0.59*** 0.77%** 1
Note: +p < 0.1; *p < 0.05; **p < 0.01; ***p < 0.001
Table 7. Full model of correlation analysis.
Work-life  Culture Career Compensation Management Job
balance fitness  opportunity and Benefit style fitness satisfaction
Work-life balance 1
Culture fitness 0.60%** 1
Career opportunity 0.48*** 0.62%** 1
Compensation and 0.44%** 0.49%** 0.53*** 1
Benefit
Management style fitness 0.60%*** 0.74%** 0.67%** 0.52%** 1
Job satisfaction 0.64%** 0.80*** 0.72%** 0.57%** 0.76*** 1

+p < 0.1; *p < 0.05; **p < 0.01; **p < 0.001

5.5 Turnover risk prediction model

5.5.1 Random forest algorithm implementation
0 represents employee status as current and 1 is former. In the results, the negative class
represents turnover = 0 and the positive class represents turnover = 1.

In this matrix, Coo, Co1, C10 and Cy; represent prediction results: true negative, false
positive, false negative and true positive, respectively. For example, true negative refers to
the observations, which are turnover = 0 and the predicted value is also 0, that is, the
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Table 8. Mediating results of model A.

Model 2, Turnover

Antecedents Coefficients(p-value)

Work-life —0.14%**
balance
Culture fitness —0.16%**
Career —0.17***
opportunity
Compensation —0.09%**
and Benefit
Management —0.18***
style fitness

Note: +p < 0.1; *p < 0.05; **p < 0.01; ***p < 0.001

Table 9. Mediating effect results of model B.

Model 2, Satisfaction
Antecedents Coefficients(p-value)

Work-life 0.62%**
balance
Culture fitness 0.74%*%*
Career 0.72%*
opportunity
Compensation 0.65***
and Benefit
Management 0.73%***
style fitness

+p < 0.1; *p < 0.05; **p < 0.01; ***p < 0.001

Table 10. Mediating test results of model C.

Model 3, Turnover

Effect (confidence interval)

Work-life —-0.0267
balance*satisfaction (—0.340,
—0.0202)
Culture fitness*satisfaction —-0.625
(—0.0788,
—0.0467)
Career —0.0438
opportunity*satisfaction (—0.1484,
—0.0809)
Compensation and —-0.0213
Benefit*satisfaction (-0.0275,
—0.0158)
Management style —0.0366
fitness*satisfaction (—0.0462,
-0.0272)

current employee. The status of 4,417 observations can be correctly identified based on
this random forecast model.

Confusion Matrix shows the classification results in an absolute value and some relative
indicators shown in Table 13 are developed based on these values as the second mea-
surement criteria. AUC is calculated from the receiver operating characteristic (ROC),
which plots the tradeoff between precision and recall, and AUC represents the area of
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Table 11. Moderating test result.

Model E, Turnover Model F, Turnover
Model D, Turnover GDP Unemployment Rate GDP Unemployment Rate
Job satisfaction —0.19*** —0.21%** —0.14%**
GDP 0.000002 —0.000003
Unemployment —-0.01 0.03**
Rate
Job 0.000005
satisfaction*GDP
Job satisfaction —0.01**
*Unemployment
Rate
+p < 0.1; *p < 0.05; **p < 0.01; ***p < 0.001
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Figure 4. Two-way interaction effects between job satisfaction and unemployment rate on turnover
decision.

the ROC curve. Based on ROC, AUC is compatible with the imbalanced dataset, which has
a gap in count between different categories (Olson 2015). ACC, accuracy, reflects the
percentage of correct classification observations among all test datasets. Based on the
random forecast, 63% of the observations’ status could be predicted correctly. What is
worth mentioning is that this value would be overestimated when the data set is
imbalanced and the probability of former employees is smaller than 50% (Sexton et al.
2005; Sikaroudi and EsmaieeliSikaroudi 2015; Zhao et al. 2019). Therefore, accuracy cannot
be considered the only index, and measuring the performance in a comprehensive view is
necessary. RCL, recall, is defined as the number of true positive classifications divided by
the sum of true positive and false negatives. This reflects how many positive classifications
(turnover = 1) are predicted correctly. Here, less than 30% of true former employees could
be predicted correctly. PRC, precise, refers to the percentage of true positive classification
for true positive and false positives. This reveals there above 55% of observations in
positive predictions are true positive. This index is also well balanced in test and training
sets. The performance of this model is well balanced even though their scores are not
greater than 0.8 and the performance of recall, 0.28 on the test dataset and 0.29 on the
training dataset, is not perfect.
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Feature importance measurement is one of the byproducts of a random forecast
algorithm or decision tree, which assigns a relative value about feature importance to
each feature (Liaw and Wiener 2002). Breiman and Cutler (2002) proposed four methods
to conduct feature importance measurement and one of them is employed in this paper.
It is calculated based on how much contribution to the impurity decreases the feature
made (scikit learn 2017). This is also called Gini importance (the higher, the more
important the feature) and Gini represents the impurity of each feature.

The importance of each feature employed in the best random forecast model is
reported in Figure 5 and Table 14. The most important predictor is job satisfaction,
contributing a score of 0.51 to reduce the purity of random forests. The three lowest
predictors are compensation, culture fitness and work-life balance.

5.5.2 Random forest algorithm evaluation

The first evaluation for the random forest is the measurement of the upper limit perfor-
mance of the algorithm. GridSearchCV is applied to find the hyper-parameter for the
algorithm model. It refers to a parameter optimisation algorithm that exhaustively
searches over specified parameter values for an estimator within the range of
a predefined parameter (Pedregosa et al. 2011). CV represents cross-validation which
detects the over-fitting problems and guarantees the generalisation ability of models. The
GridSearchCV package in Python is employed to search for the best parameters for all
models in this paper.

Then, the judgement of the bias caused by an imbalanced dataset is conducted
here. A dataset is judged as an imbalanced dataset if the probability of each category is
not approximately the same (Chawla et al. 2002). Table 15 shows the imbalanced
distribution of employees’ status in the training dataset and holdout dataset, respec-
tively. The probability distribution is a bias towards the output variable = 1, that is, the
probability of former employees in both train and test data sets. Random forest is
a cost-sensitive algorithm, and the imbalanced dataset would increase the bias of
classification results (Chawla et al. 2002; Zhao et al. 2019). Employing the ROC curve,
AUC and comprehensively measuring the performance is the practical solution to avoid
the measurement error even though the imbalanced problem is not solved (Chawla
et al. 2002). Apart from AUC and the comprehensive index, the confusion matrix
Table 12 is also used in this paper to evaluate the classification performance and
identify the error. Comparing the reasonable and regular value of PRC, the low value
of recall is caused by the huge number of observations in the false-negative group,
which should be a positive classification. However, PRC presents that the observations
in the false-positive group are less than in the false-negative group. This reveals that
random forecasts in this data set tend to predict a higher probability of negative
classification. More than half of the observations are negatively labelled in either
training or test datasets. This is why the random forest is a negatively biased algorithm
in this dataset.

Finally, generalisation ability is the most important aspect of evaluating the quality of
algorithm models. Besides, the over-fitting problem should also be eliminated from the
model to improve practicability. Breiman (1996), Tibshirani (1996) and Wolpert and
Macready (1996) verified that it is accurate to measure the generalisation error of models
based on out-of-bag data. Bagging data and its score are employed to evaluate the
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Table 12. Confusion matrix of random forest.

Test set 0 (Predict) 1(Predict)
0(Actual) 3615 651
1(Actual) 2022 802

Test set collect randomly 40% observations from the whole dataset and the volume of
holdout test data is 7090

Table 13. Secondary indicators based on a confusing matrix.
AUC ACC RCL PRC
Train Test Train Test Train Test Train Test

Random 0.66 0.65 0.63 0.63 0.29 0.28 0.56 0.55
forest
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Figure 5. Feature importance of visualisation.

Table 14. Provides details of feature importance.

Features Ranking Score

0: job 1 0.51
satisfaction

3: career 2 0.21
opportunity

5: management 3 0.14
style fitness

4: compensation 4 0.07

2: culture fitness 5 0.04

1: work-life 6 0.03

balance
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Table 15. Distribution of the dataset.

Train data Test data Sum
0 6,534 4,266 10,800
1 4,100 2,824 6,924
Sum 10,634 7,090 17,724

Table 16. Results of the out-of-bag
score.

Random forecast

oob_score 0.63

relevant performance. The dataset is divided into three parts: train data, test data and
validation data. Validation data is generated from the missing data, which is omitted
during the sampling with the replacement process. In bagging, predictors are constructed
using bootstrap samples from the training set and then aggregated to form a bagged
dataset. Thirty-seven per cent of the data are not included in the sample or not used to
grow the tree during this bagging process. They are treated as a validation dataset to
verify the generalisation capability of the model. The oob_score shown in Table 16
eliminates the appearance of overfitting the model since the score does not decrease
on the validation dataset, which did not participate in model training, hyper-parameter
finding and testing.

6. Discussion
6.1 Satisfaction and turnover antecedent analysis

The results of the assumptions are in line with expectations, and the main effect of each
antecedent is consistent with current works. In contrast, this paper compared the effects
of each antecedent and aimed to find the most important factor. Firstly, low job
satisfaction tends to result in employee turnover decisions. This is not discrepant with
Kabungaidze et al. (2013)’s research in the education industry and Calecas (2019)’s in
government, but this paper takes the real work status (being on the job or not) as the
dependent variable. Then, in terms of the antecedents influencing employees’ turnover
decisions, all of them positively affect job satisfaction and have a negative impact on
turnover. It is worth noting that our findings on the relationship between career
opportunities and turnover are consistent with Weer and Greenhaus (2017), while Bin
Mohd Rosli (2016) and Zito et al. (2018) indicated that the relationship is not significant.
However, our results agree with Zito et al. (2018)’s on the significant relation between
career opportunities and job satisfaction. By comparing their importance, employee
fitness of management styles is the most influential factor for Internet employees in the
US. However, for distributive justice, as the factor that American Internet employees are
most satisfied with (with the highest mean value of 3.76 in Table 3), compensation has
the most moderate effect on turnover. As for the job demand for work-life balance, job
resources of career development and corporate culture fitness, their impact on the
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turnover decision is scarcely less than that of management style fitness. Overall, the
three most related variables are job satisfaction, management style, fitness and career
opportunity. Their effects are balanced in terms of the determinants of job satisfaction.
Among the limited gaps, employees’ satisfaction is most influenced by their fitness in
corporate culture. From Table 3, the average rating for this factor, 3.35, is second only to
the rating of compensation, 3.76. However, the highest variance (2.18) shows that the
evaluation of this indicator from the employees in US Internet companies is mixed.
There are various factors impacting the fitness of culture. Racial discrimination and
sexism are the one phenomenon of unfair treatment which would estrange employees
from the workplace (Roscigno 2019). The data set for this paper comes from the
representative and multinational Internet corporations where all cultures are blended
here. The poor fusion of cultural differences and unequal attitudes negatively impacts
corporate culture, creating a sense of estrangement among employees, especially non-
local employees, and even making them feel disrespected. Regression results show that
corporate culture fitness can significantly influence job satisfaction and turnover deci-
sions. Thus, one suggestion for human resources managers is to strengthen the con-
struction of a non-discriminatory and equal corporate culture. This influence of culture
fitness is also in line with the correlation analysis results, which disclose that culture
fitness and job satisfaction have the highest correlation, especially for current employ-
ees. However, Boston Consulting (2016) pointed out that compensation and benefits,
work-life balance and corporate culture that respect personal development are the top
three factors American Internet employees are concerned about. This is somewhat
inconsistent with this paper, which verified compensation as the least influential factor
in the decision.

Our findings on the mediating effect of job satisfaction on the relationship
between each antecedent and turnover decision are the same as the previous
research (Price, 2001; Kim et al. 2017; Carlson et al. 2017; Zito et al. 2018). For all
antecedents this paper investigates, job satisfaction mediates the relation between
them and turnover decisions. For another effect that would moderate the turnover
model, macro-employment factors are also tested. The unemployment rate, more
correlated with the employment environment than GDP, is verified as the moderator
between job satisfaction and turnover, but GDP is not. The high level of unemploy-
ment rate would make turnover tend to be equal to 0O, that is, retention status, but
the effect is slight. This finding is consistent with Abdullah Al Mamun (2017) and
Verbruggen and van Emmerik (2020). In a situation of high unemployment and a lack
of externally available jobs, the choice made by employees to leave is highly likely to
leave them without a job for some time, prompting them to accept the current
situation and choose to stay so as not to regret leaving. The minor changes found
that under the low level of job satisfaction, the stabilisation of turnover resulting from
high unemployment is relatively more significant than under the high level of job
satisfaction.

6.2 Turnover risk prediction results analysis

According to Table 14, among all the features, job satisfaction, management style fitness
and career opportunity are the three most significant variables to predict turnover risk,
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which validates the results of the regression analysis. In addition, job satisfaction has the
greatest influence on turnover decision prediction.

A new criterion proposed in this paper is the recall value for the negative class, defined
as the number of true negative observations divided by true negative and false-positive
observations. This would reveal how many employees in the current group (negative
class) could be identified. Based on the number listed in Table 12, the value is equal to
0.85, which means that 85% of the current employees could be identified correctly in the
random forecast model. This stability of employees is an adverse aspect of understanding
the turnover risk of an organisation. The great classification performance demonstrates
that Random Forest can be employed to identify the current employees with high turn-
over risk not only in the banking industry (Zhao et al. 2019) but also in the Internet sector.
With more data samples collected in the future, the performance of the classifier can be
further improved.

7. Contribution and limitation
7.1 Contribution

The majority of research intends to drop the dependent variable rather than the actual
withdrawal decision since it is difficult to collect the judgement from the employees who
have resigned for the purpose of the research. Besides, the respondents tend to conceal
part of the true evaluation, which would negatively impact their careers when the
information was gathered by distributing questionnaires to businesses for data collection.
However, this research collects data from a public website where respondents can answer
anonymously. We employed a data mining algorithm, random forest, to make the analysis
easy and straightforward, utilising multiple data analysis methods applied to the online
review database. This helps researchers find the most significant contributing factor to job
satisfaction and turnover and eventually identify the turnover risk. Moreover, high turn-
over rates can have significant impacts on a business, not only in terms of increased hiring
and training costs but also in terms of productivity in the workplace and long-term
growth strategies. This research shows how human resource managers can use machine
learning methods to more effectively, efficiently and accurately predict turnover and
identify the most important factors affecting it. In this way, companies can take timely
action to retain employees or reduce losses.

7.2 Limitations and future work

The first limitation originates from the shortage of online reviews, in which the quality of
reviewers is difficult to control. For example, someone is not an employee of this company
but posts a review, which would influence data accuracy. However, this impact is
depressed by removing the reviews without any support or with a null value. Besides,
minimal mistakes have rarely been influenced by a great volume dataset. Thus, the bias
caused by the quality of the comments is reduced.

Besides, there is a lack of demographic data, like gender, which is one of the determi-
nants influencing job satisfaction and turnover action. Thus, the difference acquired from
gender, family status or other demographic factors cannot be distinguished. Besides, this
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lack of information also decreases the potential precision of data mining results since the
influential factor is not concluded in the trained model and the model cannot identify the
demographic influence on other datasets.

Finally, as to the model based on a random forest algorithm, 60% of the accuracy
conducted in this paper is not perfect. The- possible reason for limiting accuracy is the
volume of the dataset. However, the weak prediction power of the positive class is
another reason for this accuracy. Thus, the data size of former employees should be
enlarged in the future work to eliminate the imbalanced influence. Machine learning
could contribute to turnover risk identification if the text content in online reviews
could be recognised. One of the analysis values and features of online review from
Glassdoor is the textual judgement for companies from actual employees and an
impartial view.

8. Conclusion

This paper mainly employs notions from social exchange theory to generate hypotheses
about the antecedents of job satisfaction and turnover decision. The factors impacting
turnover are complicated and sometimes difficult to measure. However, this paper splits
the turnover process into multiple steps and compares the effect of each factor, respec-
tively. Besides, different data analysis methods are used in this real data set on factors of
employee satisfaction and turnover decisions. The results of data analysis can contribute
to both theory and practice.

The dataset is collected from the employees who worked in Internet companies and all
the ratings are based on their work experience. This is favourable for reflecting the actual
workplace environment of the Internet sector in the US, and the conclusion is from the
perspective of the whole industry rather than a specific company. Besides, the online
review is timely updated, and the latest employee evaluation trends in each industry are
available at any time. Individuals in both industries and companies can get the latest
employee reviews from such big data regarding human resources.

Furthermore, based on the two characteristics, volume and velocity of big data, the
data is more representative than the small dataset is the first advantage of big data.

Our contribution includes developing a data mining and random forest algorithm for
building the turnover risk-prediction model and multiple data analysis methods. Our
innovative method makes critical analysis, much easier. In this paper, for employees
who tend to remain in office, 85% of them can be identified even though the turnover
risk identification ability is mediocre. The design of the questionnaire by human resource
managers reveals that data privacy and confidentiality can be further enhanced for future
data analysis.

Notes

1. https://knoema.com/atlas/United-States-of-America/GDP.

2. https://knoema.com/gmrmcjc/us-unemployment-rate.

3. https://raw.githubusercontent.com/johnsyin/employee-review-sentiment-dashboard/mas
ter/data/employee_reviews.csv.


https://knoema.com/atlas/United-States-of-America/GDP
https://knoema.com/gmrmcjc/us-unemployment-rate
https://raw.githubusercontent.com/johnsyin/employee-review-sentiment-dashboard/master/data/employee_reviews.csv
https://raw.githubusercontent.com/johnsyin/employee-review-sentiment-dashboard/master/data/employee_reviews.csv
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Appendix A

. Company

Amazon
Overall Rating*

Are you a current or former employee?

Employment Status*

Full Time v
Your Job Title at Amazon*
Manager

Review Headline*

Pros* 5 word minimum

Figure A1. Data collection.
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Cons*

Advice to Management

Ratings (Optional)

Career Opportunities

Compensations & Benefits

Work/Life Balance

Senior Management

Culture & Values

Figure A1. (Continued).

Rate CEO Job Performance, Jeff Bezos

Recommend to a friend?

6 Month Business Outlook

About You

Job Function®
Select r
Length of Employment
Select v

Location

5 word minimum
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Appendix B.
Summary of variables.

Variable Description Variable Type

Job satisfaction  Employees’ overall appraisal of their jobs and Independent variable in H1, and H12, H13
companies. It is measured by the attribute (moderation analysis); Dependent variable in
‘overall ratings’ in datasets, ranging from 1-5 H2-H6; Mediating variable in H7-H11
with 0.5 as an interval, and a higher score (mediation analysis).
indicates greater satisfaction.

Turnover Actual turnover decision. If a participant chose  Dependent variable in H1, H7-H11 (mediation

the option ‘Former Employee’, 1 is assigned to analysis) and H12, H13 (moderation analysis).
the variable ‘Turnover’; if a participant chose
the option ‘Current Employee’, 0 is assigned to
the variable ‘Turnover'.
Work-life The extent to which an employee strikes Independent variable in H2-H6 and H7-H11
balance a balance between time spent at and outside (mediation analysis).
of work. It is measured by a scale rating from 1
to 5, with 0.5 as an interval, and a higher score
indicates greater balance.
Culture fitness  The extent to which an employee’s beliefs, Independent variable in H2-H6 and H7-H11
values and norms match those of his or her (mediation analysis).
company. It is measured by a scale rating from
1 to 5, with 0.5 as an interval, and a higher
score indicates greater fitness.
Career The availability of career opportunities, including Independent variable in H2-H6 and H7-H11
opportunity training opportunities and promotion (mediation analysis).
opportunities, if employees are looking to
develop further within the organisation. It is
measured by a scale rating from 1 to 5, with
0.5 as an interval, and a higher score indicates
more opportunities.
Compensation  The compensation/salary and other monetary Independent variable in H2-H6 and H7-H11
& benefits and non-monetary benefits passed on by (mediation analysis).
a firm to its employees. It is measured by
a scale rating from 1 to 5, with 0.5 as an
interval. Higher scores mean employees are
more satisfied with this condition of the

company.
Management The quality of the relationship between Independent variable in H2-H6 and H7-H11
style fitness amanager and an employee. It is measured by ~ (mediation analysis).

a scale rating from 1 to 5, with 0.5 as an
interval. A higher score means a relationship
with higher quality.
GDP A monetary measure of the market value of all Moderating variable in H12, H13 (moderation
the final goods and services produced in analysis).
a specific time period.
Unemployment The percentage of the total labour force that is Moderating variable in H12, H13 (moderation
rate unemployed but actively seeking employment  analysis).
and willing to work.
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