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Abstract: This paper predicts offered wage rates and job requirements in the logistics
industry by utilizing data from online job postings collected through two methods: search
tools and web scraping. We apply conventional estimation techniques, such as ordinary
least squares and kernel density estimation, to analyze the collected data. Additionally,
for the first time, we employ nowcasting methods (linear regression, decision tree, and
K-nearest neighbor methods) in this context to generate robust results. Our main findings
are as follows: First, the average real wage derived from online job postings aligns with
officially published GDP per capita data for the studied countries and regions. Second,
we identify significantly positive causal effects of work experience on real wages in the
logistics industry. Third, skill requirements exhibit year-over-year variations. Finally, the
decision tree method generates the closest nowcasted results in line with the actual web
scraped data. The proposed methodologies and their findings establish a reliable approach
using search tools and web scraping to define and predict labor demand for stakeholders
in this sector as well as others.

Keywords: logistics labor demand; wage rate; job requirements; logistics sector; demand
forecasting; online job postings; unprecedented shocks

1. Introduction

The demand for labor is the derived demand which means the labor demand depends
on labor productivity, the price of goods, and the business output of a particular industry [1].
The labor demand can be affected by economic changes that shift the curve, such as a rise in
output that would result in a shift in labor demand [2]. Hamermesh concluded employment
is unchanged in response to minor demand shocks but moves instantaneously to a new
long-run equilibrium if the shocks are enormous [3]. Earlier empirical research also showed
that labor-demand elasticities depend on product-market conditions. According to Drazen,
labor-demand elasticities alter with product-market demand while Lawrence et al. stated
employees in manufacturing industries (the steel manufacturing industry in the US in
the 1970s) saw the demand curve for their labor shifting adversely and becoming less
elastic [4,5]. They responded by imposing a relative wage increase and making it stick.
Hence, to predict the demand for labor one may look at how well the firms perform in the
industry and how well the industry grows.
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In this study for labor demand prediction, we focus on the logistics industry because
logistics is a key factor in economic development and spatial and market integration [6].
The logistics sector also significantly created jobs and is expected to raise the employment
rate by 7% from 2016 to 2026 [7,8]. However, some unprecedented events including the
COVID-19 pandemic, conflict between Russia and Ukraine, and the energy crisis have
significantly reduced global economic activities, threatening the global labor market [9].
Thus, this also influences the logistics sector. Consequently, the number of people employed
in the logistics sector in 2020 decreased by 2.5% compared to 2019 [10]. As the pandemic is
starting to wane and the global markets are starting to recover, employment in the logistics
industry is increasing again and remains intensively high [11]. This situation raises the
need for analyzing and predicting labor demand, particularly in the vulnerable industry as
logistics, to inform policymakers to mitigate the adverse effects of economic shocks such as
pandemics and war on employment [12].

Traditional data on the labor market used in analysis and forecast is often extracted
from national labor force survey data, firm-level survey data, or household survey data
which is time consuming and hard to access [13]. In contrast, online job postings offer a fast,
reliable, and accessible alternative to traditional wage data sources, providing real-time
insights into labor demand and wage. The availability of internet tools for job postings
searches, applicant searches, and matching has revolutionized job postings searches [14].
The utilization of new sources of data and analytical approaches for studying the labor
market is becoming more popular as labor economists are utilizing non-traditional sources
like the internet and online job portals to collect web vacancies for job demand and supply
matching [15-17]. Considering the number of job postings, routines, and details would
give further insights into the labor demand and labor trends or labor shifts [18].

In this paper, we are trying to exploit the online job postings in the logistics sector to
forecast the labor demand for the sector from 2019-2023 when the sector and economies ex-
perienced unprecedented uncertainties. This research analyzes the labor demand prediction
including the prediction for wages and required skills, working experience, and education
backgrounds from online job postings worldwide. The research combines traditional statis-
tics and parametric and non-parametric estimation methods to exploit untraditional data.
We applied Houthakker (1973)’s theorem of revealed demand preference that online job
postings are the revealed demand preference for a particular job position. We also utilize the
model of Heckscher-Ohlin to assume there is no labor mobility among countries which fits
with the situation of an unprecedented crisis such as the COVID-19 pandemic. This builds
a solid background for further analysis in demand prediction. Practically, this research
could guide students to learn how to exploit conventional data to analyze the labor market
and better prepare for future jobs when understanding firms’ annual trends in recruitment
for a particular job position. Secondly, employers can exploit free information from online
job postings to offer a reasonable wage based on referencing job postings and utilize the
effectiveness of online postings to attract suitable candidates. Lastly, policymakers and
researchers can urgently observe this market’s trend with nowcasting results from online
job postings, especially in the unprecedented shocks, and stakeholders could exploit the
online information without location borders.

The research focuses on labor demand prediction in the logistics industry in several se-
lected regions of Vietnam, mainland China, Hong Kong (China), Taiwan (China), Thailand,
Singapore, Germany, France, Australia, the UK, and the US. We collect data in 2019, 2022,
and 2023 by search tools and compare them to the data collected by web scraping. Using
these datasets, we sketch out the kernel estimated density to investigate the difference
between wages offered to workers with distinct levels of education and working experience
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in the logistics market. Furthermore, we take a closer look at logistics” job requirements in
Vietnam and compare to other selected countries.

Based on the objectives, this study focuses on answering the following questions.
First, we attempt to find evidence from the online job postings to observe whether the
labor demand for logistic jobs changed due to the unprecedented crisis. Second, more
particularly, we analyze the change in wages and job requirements before and after the
crisis. Last, we investigate if working experience affects the wage for logistics jobs.

2. Literature Review

Efforts to estimate labor demand worldwide have long been a concern, with Sargent
researching the dynamic demand schedule for labor [19]. Some empirical research has
looked at the response of wages to labor productivity and economic shocks. Bewley in
1999 and Kaur in 2019 have looked at the nominal wage rigidities illustrated to hinder
labor markets from clearing after unprecedented economic events, which leads to excess
unemployment rates [20,21]. Prasad and Keane examined the effect of oil price change on
labor demand, which found that oil price increases would increase labor demand, given
that the labor and energy were gross substitutes [22]. They also indicated that a rise in
the price of oil does not have an adverse effect on aggregate employment in the long run.
The oil price increase substantially reduces wages while workers continue to supply as
much or more labor. A study in India found that over 50% of workers have reduced wages,
with young ophthalmologists being the most affected and women and young professionals
experiencing the most reductions [23]. Marinescu et al., however, stated that the number of
applications per job on average increased substantially during the COVID-19 crisis [24].
In addition, the job market values various competencies differently, and these benefits
have changed over time. Daniya et al. recognized the urgent need to address the specific
demands of different labor markets and developed a methodology for predicting the
necessary skill sets based on key indicators [25]. In the US and Sweden, social and non-
cognitive abilities are becoming more critical [26,27], while manual skills are becoming less
critical [28]. These changes are related to shifts in job requirements [29,30]. Hershbein and
Kahn found that, when unemployment rose in local areas, employers became more selective
in their job postings, demanding higher levels of education and more work experience
from candidates [31]. This trend was especially noticeable for jobs involving routine or
repetitive tasks. Thus, predicting demand for labor is essential in analyzing the changes
in labor wage and job requirements (working experience and education) when economic
shocks happen.

Online job postings have become a familiar and effective means of job searching,
particularly for job seekers. Kuhn and Skuterud have found that online job searching was
used by about one-quarter of unemployed job seekers in 2000 [32]. They stated that the use
and the effectiveness of online job searching have changed significantly since the turn of
the twenty-first century as, during the 2008-2009 recession, three times more unemployed
people were using online job searches than ten years earlier. Their research from 2011
confirms their findings about the high usage and effectiveness of online job searches. Kuhn
and Mansour’s research showed that the unemployed from 2008-2009 were three times
more likely to use online job searches than about ten years earlier [33]. They also found
that job searchers who utilized the web to seek employment had shorter unemployment
spells and spent less time unemployed than non-internet users. However, when observable
qualities remained consistent, the unemployment differential between internet and non-
internet users was eliminated and, in some cases, even reversed. Job postings also play
a crucial role for firms worldwide as they utilize multiple channels to attract potential
applicants, benefiting from technology and the internet’s broader reach [34].
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Data on the labor market, analysis, and forecasts are often extracted from the na-
tional labor force, firm-level, or household survey data [12]. Besides these traditional
data sources, labor economists currently pay more attention to other novel sources for the
analysis and prediction of the labor market, for example, data collected from newspaper
job advertisements or data retrieved from the internet or web-portal data for labor market
analysis [35-37]. Web scraping is a technique that transforms disorganized data found
on websites into a structured format suitable for analysis and storage in databases or
spreadsheets. This method has emerged as one of the most widely adopted and efficient ap-
proaches for gathering data from web portals, enabling organizations to systematically col-
lect and utilize information from online sources [38]. Several studies have utilized firm-level
and household survey data to examine the topic, including Konings and Vanormelingen’s
research using firm-level data, Topalova’s analysis of the Indian national household survey,
and McCaig and Pavcnik use of the Vietnam household living standard survey [39-41].

Rea and Maloney conducted a study that utilized higher-frequency administrative
data to estimate the overall unemployment rate, employing a nowcasting approach through
the UR-NOW model [42]. The UR-NOW model differs from previously conducted research
in that it uses administrative data from the Monthly Employment Index on the number of
current income-tested main benefits and filled positions (MEI). The model is also in use,
and a routine nowcast happens once a month. The model’s three distinct stages involved
evaluating the predictability of various models and factors, refining chosen models with
different variables and lag structures, and comparing the performance of various model
groups utilizing out-of-sample forecast errors generated by a roll-forward methodology
to construct the model. The UR-NOW model’s accuracy was ensured by utilizing only
available data during the forecast period and by predicting the monthly unemployment
rate with improved precision, outperforming the simple AR (1) benchmark. Although there
is a slight deviation from the standard, it only becomes statistically significant in the last
quarter of the month with a confidence interval of 95% at +/— 0.54%. The UR-NOW model
uses data from individuals receiving any income-tested main benefit instead of those on
the Jobseeker Support-Work Ready benefit. In conclusion, they discovered that there is
also a statistical association between the unemployment rate and the percentage of the
population who get income-tested significant benefits, offering a simple, “rough and ready”
relationship between the two indicators.

Vietnam’s job market has seen declines in demand for purchasing, materials, and
logistics roles in early 2023 compared to pre-pandemic levels in 2019. Specifically, recruiting
demand for purchasing, materials, and supply chain positions decreased by 25% in the
first four months of 2023 relative to the same stable period before COVID-19 [43]. This
drop comes on the heels of a slight 3% decline in the first part of 2022 compared to pre-
pandemic norms. The recent decrease aligns with broader economic downturns and market
fluctuations globally and in Vietnam. Slowdowns in hiring demand for procurement
and supply chain talent could relate to specific impacts on manufacturing and exporting
industries central to Vietnam’s economy. However, the data signals employers remain
cautious about expanding purchasing and logistics personnel [44].

3. Methodology and Data Description
3.1. Methodology

Our analysis framework follows Houthakker’s theorem of revealed demand pref-
erence, i.e., revealed demand for jobs from online advertisements, to exploit online job
postings data to predict wages and relevant job requirements. The theorem suggests the
assumption that, if the demand functions of a customer meet the strong axiom of revealed
preference and specific continuity criteria, then in any market situation, the buyers will
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choose among available commodity vectors as if the buyers were maximizing a continuous,
strongly quasi-concave utility function constrained by their budget. For two-dimensional
commodity vectors, this theorem, with the strong axiom replaced by the weak axiom, is
due to P. Samuelson, who originated the theory of revealed preference [45].

In this study, the decision of wage payment in the economy is assumed to follow the
Heckscher—Ohlin model [46]. The theorem states that nations sell things that utilize easily
accessible and inexpensive factors of production and import those that require relatively
few forces of production. There is no labor mobility among countries.

We apply three statistical methods in the study: ordinary least squares, kernel density
estimation, and nowcasting. This study updates the conventional statistical method for
predicting wage from web advertisements, that of Nguyen et al. (2024) [47].

3.1.1. Ordinary Least Squares (Baseline Estimation)

Our baseline estimation for analyzing logistics labor wage is based on the Mincer
earnings function that explains wage as a function of schooling and experience [48]:

Log(Rwage) = a+pB1Edu + B2Exp + € 1)

where:

Log(Rwage): monthly real wage in log value.

Edu: dummy variable, Edu = 1 if the job requires the candidate to have a master’s degree
and Edu = 0 if the job requires the candidate to have a bachelor’s degree.

Exp: years of working in the logistics industry.

€: statistical residual.

Due to data limitations from search tools and web scraping, our analysis focuses on
two key variables: education (Edu) and experience (Exp). While economic models often
incorporate a more comprehensive range of factors, we were constrained by the available
information. Despite the simplified approach, our analysis provides valuable insights into
the relationship between education, experience, and wages within the logistics industry.

3.1.2. Kernel Density Estimation

We apply kernel density estimation to observe the difference between working ex-
perience and wage because the model is a common non-parametric approach; they are
unsupervised techniques to detect outliers that utilize kernel functions [49]. The kernel
density estimator has several benefits over the widely used histogram [50]. Kernel density
estimation (KDE) is expressed by the following formula. For x € R the following equations
determine the kernel density, computed from observations X1,.. ., Xt:

fo) = mE K (5. @

where:

h > 0: the bandwidth, which controls the smoothing of the KDE.
K: the kernel estimation.

3.1.3. Nowcasting Estimation

Nowcasting is a vital technique in economics, providing forecasts of an economic
indicator’s status in the recent past, present, and near future. Bok et al. demonstrated its sig-
nificance by using nowcasting to predict actual GDP growth rates in the United States [51].
Their study leveraged high-frequency data, such as retail sales and manufacturing output,
to update real-time GDP forecasts. Their research concluded that nowcasting improved
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the accuracy of GDP predictions, enabling policymakers to make more informed decisions
during periods of economic uncertainty. Aastveit et al. took the concept of nowcasting
further by combining various short-term models to enhance accuracy [52]. They applied
this approach to predict unemployment rates across European countries. Their research
showed that integrating diverse models, including autoregressive and Bayesian approaches,
significantly improved the precision of short-term unemployment forecasts.

Linear regression serves as a core statistical approach that examines how one variable
responds to changes in other variables. This technique creates a linear mathematical model
that establishes relationships between a response variable (the outcome being studied) and
one or more explanatory variables (the factors that may influence that outcome). By fitting
a straight-line equation to the available data, linear regression enables analysts to both
understand variable relationships and generate predictions based on those patterns. Linear
regression is a statistical technique grounded in the principles of ordinary least squares
(OLS) regression [53]. OLS aims to identify the line (or hyperplane in multidimensional
scenarios) that minimizes the sum of squared discrepancies between predicted values based
on the regression equation and actual observed values. This minimization process deter-
mines optimal coefficients to align the model with the data best. The adoption of the linear
regression formula in research stems from its inherent simplicity and interpretability. This
method offers a transparent and comprehensible means of quantifying the relationships
between variables. Moreover, it excels in cases characterized by linear or nearly linear
associations between the examined variables [54].

Wage = constant + B x Date, 3

where:

Wage: nominal wage collected from the job postings.
Date: the date when job was posted.
(3: slope.

Decision trees are significant in machine learning as robust tools for classification and
regression tasks [55]. These algorithms recursively partition data into subsets based on
distinctive attribute values, primarily creating segments that exhibit high homogeneity
concerning the target variable [56]. The process involves selecting an attribute and splitting
the data into subsets corresponding to unique attribute values. This recursive procedure
continues until specific stopping criteria are met, including a specified tree depth or a
certain level of impurity reduction. The terminal nodes, called leaf nodes, represent
the final predictions or classifications [57]. One of the notable benefits of this technique
is interpretability, often facilitated through visualization, which makes it invaluable for
comprehending intricate data relationships.

K-Nearest Neighbor (KNN) is an extensively utilized machine learning algorithm
with pivotal roles in classification and regression tasks [58]. Rooted in the foundational
principle that data points sharing similar attributes tend to exhibit common characteristics,
KNN proves invaluable across various research applications [59]. Notably, it refrains
from making assumptions about the underlying data distribution, rendering it particularly
suitable for scenarios characterized by intricate or undefined data patterns. A defining
parameter, “K”, governs KNN'’s behavior, determining the number of neighboring data
points to consider during analysis. Achieving an optimal balance with this parameter is
crucial; a small K may yield noisy results, while an extensive K can lead to over-smoothed
outcomes [60].



Eng. Proc. 2025, 97, 32

7 of 26

3.2. Data Description
3.2.1. Web Search Data

Information of the aggregate registered online job vacancies, job applications, em-
ployment, and unemployment statistics in the logistics industry can be known using the
web search data of advertisements for a particular country or across countries, including
Vietnam, mainland China, Hong Kong, Taiwan, Thailand, Singapore, Germany, France,
Australia, the UK, and the US. Economic hubs in Vietnam, including Hanoi, Ho Chi Minh
City, and Danang, are also selected for the analysis [61]. Information by country and region
is possibly obtained using a web search and was made available for analysis:

(1) Basic details about the job opening (job position name and categorized workplace,
type of contract).

(2) Criteria for the applicant (level of required education, years of working experience,
required skills and categorized).

(3) Details about the business (location, quantity of employees, business area).

(4) Data on skill requirements employers put on employees when filling open vacancies.

For more details on advertisement and web search data applied in economic research,
see Dorfler and Van de Werfhorst’s and Benjamin'’s studies [35] (several tools may be used
to extract data from different websites. See also: Stefanik [62]).

3.2.2. Web Scraped Data

Web scraping is an automated technique for collecting data from web browsers, allow-
ing for cost-effective extraction of vast amount of data continuously generated online [63].

This approach utilized APIs to collect job posting data from platforms like Glassdoor,
Google Job Recommendations, Glints, and Seek, enabling creation of datasets with quantifi-
able requirements, including average wages. This method reduces data latency, allowing
researchers to analyze emerging trends before traditional datasets become available.

Following Krotov and Tennyson, we conducted five steps in crawling data from
websites using Python version 3.9 [64]. In the first step, the desired website with the
necessary information must be reached using HTTP protocol—an internet standard for
sending and receiving requests. In the process, Cloudflare requests users to do some
verification to avoid traffic, so we undetected Chrome to bypass. During this stage, the
captcha may appear again as several requests in the Chrome driver, so we close Chrome
after crawling the data from one URL and then open it again for the following URL.

The next step is checking data and required elements and filtering the requirements.
It must be ensured that each online job posting includes the required elements (job titles,
education, skills, and working experience). Assessing the website reveals that the wage
is included within a div class named “jobsearch-JobMetadataHeader-ite”. Concurrently,
finding the tag that stores all these items is necessary for the minimum requirements since
they are included within a lengthy phrase. All of the data and required elements are then
filtered into keywords based on academic degree and skills needed: bachelor’s, master’s,
BC, skills, knowledge, abilities, experience, ability, proficiency, etc. Subsequently, we crawl
the data by finding which tag stores the job title and the wage. For each website, we get
about 200 URLs for the logistics job, then look for some required information, including
wage, skills, academic degree, etc., using the above tag. We take extra steps to calculate and
convert wages into the same range because some postings have different wage information
(per year, month, or hour) and do not reveal it. The relevant data available may be organized
into a structured format for display or storage.

Appart from using the traditional data collection method such as web search data,
we used web scraping as a more efficient solution for multiple data sources. Web scrap-
ing involves developing software to automatically collect the information displayed in
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a web browser. Specifically, in this study, we scrape prestigious job-searching websites
to construct datasets of online job postings, including average wages, with measurable
and comparable requirements. As a lot of websites and web apps are publicly accessible,
datasets can be generated without involving data providers. Although web-scraped data
may initially appear similar to other naturally collected datasets addressing comparable
research questions, using automated web scraping methods for educational purposes intro-
duces distinct and potentially problematic validation challenges. One significant concern
is that web scraping may fail to adequately capture important contextual information,
particularly in dynamic environments where websites frequently update their data collec-
tion and presentation methods. The use of web scraping can lead to the failure to capture
contextual information in a rapidly changing environment (e.g., updates to the website’s
data-generating process). By using this method, only a one-shot capturing the labor market
at a specific time is still relevant. Second, web scraping can fail to retain raw website or API
data necessary for construct validation, sampling, and analysis. However, the increasing
usage of web scraping shows that it is an efficient data collection solution despite some
limitations. First, the interval between market phenomena and data availability for aca-
demic study is frequently shortened by collecting data through web scraping or APIs. For
scholars, the inherent timeliness of web data remains crucial for advancing understand-
ing of cutting-edge, important subjects like the sharing economy (Airbnb), access-based
business models (Spotify), and fake online content [63,65,66]. More generally, online data
allows academics to comment on current topics before “traditional” datasets are accessible.
This is relevant to our research objective to forecast the labor demand and average wage
for logistics work. Second, collecting data independently allows researchers to maintain
scientific objectivity and prioritize research integrity. Since data collection does not require
direct involvement from companies or data providers, researchers can pursue important
societal questions without being constrained by corporate interests or preferences (e.g.,
firms might be unwilling to share data about the tracking tools they use on websites) [67].
Furthermore, this approach ensures that research findings can be published regardless of
whether they reflect favorably on the organizations being studied, thereby maintaining
academic independence and transparency. As we have limited access to the actual job
poster, this advantage outweighs the limitation of the web scraping method.

4. Research Results
4.1. Descriptive Statistics

Based on the analysis of survey data comprising 2961 validated responses (in
2019 and in 2022), the findings revealed modest upward trends in mean values across
most regions. However, several countries—Australia, France, Thailand, Malaysia, and
Indonesia—deviated from this pattern. The stability of mean values between these two
years suggests reliability in the data, as the absence of dramatic fluctuations indicates con-
sistent measurement. Furthermore, the research established a correlation between regional
mean values and their respective GDP per capita, highlighting the relationship between
economic performance and survey outcomes. Regarding the number of observations, in
2022, all regions included 150 observations, while there was a significant gap between
regions, from 16 to 149 vacancies, in 2019, indicating considerable differences in standard
deviation. To evaluate the expectations of employers for skills, we categorized skills (2019
and 2022) into professional and soft skills and found a difference in skill requirements
between high-income and middle-income countries.

According to Table 1, it is evident that the number of observations decreases sig-
nificantly after applying the filtering process since certain data points did not meet the
specified criteria or were deemed irrelevant for the analysis.
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Table 1. Descriptive statistics—Quarter 1,/2023.
Average Standard Number of Num!aer of Max Min
Country Code Mean of Deviati . Observations After
eviation Observations SO Value Value
Sample Filtering
Australia 0.61 1.41 180 41 1237  —4.782
China 0.152 0.859 190 84 1.314 —1.824
Danang, Cantho, and Haiphong 0.619 0.762 108 34 1.179 —2.843
France 0.259 0.494 180 21 1.063 —0.505
Hanoi —0.041 1.631 178 26 1.189 —2.843
Ho Chi Minh City 0.382 1.161 180 27 1.219 —2.843
Hong Kong and Taiwan 0.326 0.551 270 19 1.185 —0.649
Singapore 0.107 0.661 270 152 1.22 —2.531
Thailand, Malaysia, and Indonesia 0.462 1.147 270 115 1.312 —-3.11
The UK 0.382 0.393 180 107 1.111 —1.189
The US 0.095 1.478 206 157 1227  —4.809

Source: Authors’ calculation using data collected from online job postings collected in May of 2023.

Upon examining the data, it becomes apparent that there are variations in the average
mean values across different country codes. Among the provided data, Danang, Cantho,
and Haiphong has the highest average mean value, reaching 0.619.

The standard deviation is a crucial statistical measure that quantifies the amount of
variability or dispersion within a dataset. Hanoi has the highest standard deviation of
1.631, indicating a wide spread of data points. Conversely, the UK has the lowest standard
deviation, standing at 0.393, implying a relatively smaller variability within its dataset.

Table 2 illustrates that success in the logistics sector within middle-income countries
depends on a combination of professional and soft skills. Professional skills involve
industry experience, technical knowledge, and proficiency with standard applications.
Additionally, soft skills like leadership, effective communication, presentation abilities,
negotiation, and language proficiency play a crucial role. Also, the globalization of the
logistics industry requires effective communication with clients and suppliers. The analysis
of the skills required for jobs in the logistics industry in middle-income countries in 2019
and 2022 reveals several key points. Noticeably, there was a decrease in the demand
for analytical competencies by 2%, hands-on experience in the related field by 6%, and
knowledge in the field by 3%. This suggests a shift in the industry’s focus and reliance on
these skills.

Communication skills saw a notable increase in importance (from 14.53% to 21.5%),
highlighting the growing need for effective coordination and collaboration within the in-
dustry. English proficiency saw a significant rise in 2019 (20.1%) and 2022 (25.1%), reflecting
the global nature of the logistics industry and the need for effective communication with
international stakeholders.

Table 3 shows that the logistics industry is demanding updated and advanced skills.
High-income countries demand a broader set of skills, including SQL, UI/UX, and more.
They also adhere to a greater number of standards and principles compared to middle-
income nations, which elevates the importance of communication skills beyond just verbal
and written abilities. In contrast, middle-income countries primarily focus on verbal
and written communication (Table 3). There is a growing emphasis across high-income
countries from 2019 to 2022 on analytical competencies and hands-on experience, indicating
the importance of data-driven decision making and practical knowledge in managing
logistics operations effectively. Leadership skills have maintained a stable demand, and
effective communication, both verbal and written, has become increasingly crucial. A
well-rounded working attitude (between 12.06% and 14.37%), including qualities like
punctuality, responsibility, and flexibility, has gained prominence. English proficiency
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remains a significant requirement, highlighting the need for effective communication and
collaboration skills in the logistics industry.

Table 2. Percentage of skills in middle-income countries extracted from online job postings between
2019 and 2022.

. 2019 2022
Skills 0 % n %
Professional Skills
Analytical competencies 129 4.76 235 22
Hands-on experience in related field 358 13.21 606 7.5
Knowledge in related field 236 8.71 302 5.7
Computer, especially Microsoft Office Suites 493 18.19 377 14.1
Soft Skills
Communication skills 394 14.53 424 21.5
Workig tude purcally ool wokvg sy s
English 545 20.1 567 25.1
Second foreign language, usually Chinese, Japanese, Korean. 92 3.39 58 4.6

Source: Authors collected and calculated data from online job postings in 2019 and 2022.

Table 3. Percentage of skills in high-income countries extracted from online job postings between
2019 and 2022.

. 2019 2022
Skills 0 % n %
Professional Skills
Analytical competencies 235 6.33 213 4.5
Hands-on experience in related field 606 16.33 403 8.51
UI/UX design 0 0 403 8.51
Coding/Programming (Python, HTML, JavaScript, Shell, etc.) 0 0 110 2.32
SQL 0 0 115 243
Knowledge in related field 302 8.14 377 7.97
Computer, especially Microsoft Office Suites 377 10.16 249 5.26
Multitasking 385 10.38 364 7.69
Standards and principles understanding (KISS and SOLID principles, 0 0 381 3.05
EHSMS, 3GPP))

Soft Skills

Leadership 281 7.57 380 8.03
Verbal and written communication, presentation, and negotiation 424 11.43 568 12
Working attitude: punctuality, responsibility, working under pressure, 533 14.37 571 12.06

honesty, carefulness, flexibility, proactiveness.
English 567 15.28 599 12.66

Source: Authors collected and calculated data from online job postings in 2019 and 2022.
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4.2. Ordinary Least Squares (OLS) Regression
4.2.1. Variable Construction

Prior research has extensively documented the relationship between human capital
investments and wages. According to human capital theory, first formalized by Becker,
investments in productive skills and knowledge, whether through formal education or
work experience, increase individuals’ cognitive and technical capabilities, making them
more valuable and productive workers [68]. This greater productivity then enables higher
earning power in the labor market. Decades of empirical analysis have borne out this
theory, finding evidence that additional years of schooling and experience contribute to
higher wages, even when accounting for other influences [69]. Given the well-established
links between education, experience, and wages, including reliable measures of worker
skills and qualifications is vital for understanding labor market dynamics. Controlling
human capital allows isolation of other factors’ effects, assessment of returns to schooling
and tenure, and deeper investigation of relative supply and demand across demographic
segments. Omitting critical proxies for productivity like education level and years of prior
experience risks confounding estimates for variables of interest like gender or industry.
Furthermore, comparing gaps across education brackets and career stages informs policy
targeting and organizational strategy geared toward addressing labor force needs. Thus,
per the cumulative weight of prior literature and for a sound analytical approach, our wage
regression models incorporate years of education and experience as crucial explanatory
factors driving wage outcomes (Table 4).

Table 4. Summary statistics.

Variable Observations Mean StaleaErd Min Max Explanation
Deviation
Log(real wage) 2961 2.809 1.133 ~5373  5.354 Real wage = Nominal wige
Master’s = 1
Edu 1704 0.075 0.263 0 1 Bachelor’s < 0
Exp 2961 0.482 0.5 0 1 Senior = 1
Junior =0

Source: Authors’ calculation using data collected from the online job postings, 2019 and 2023. Nominal wage
is collected from online job postings. CPI data collected from OECD [70]. Notes: Education levels are defined
based on the holder’s degree while working experience is determined based on the duration they worked in the
logistics industry. Working experience of less than 3 years is classified as junior level, while experience of 3 years
or more is considered senior level.

The basic trends in wage differences based on age and education have been acknowl-
edged since at least the early 1950s [69]. A simple static model based on Becker’s study can
clarify many conceptual issues involved in interpreting recent research on the returns to
education. This model suggests that each individual faces a market opportunity curve that
shows the earnings associated with different schooling choices. The static model focuses on
the relationship between completed education and average wages, ignoring the dynamic
nature of education and earnings. This focus is appropriate if individuals complete their
formal education before entering the workforce (except for casual or part-time work) and if,
as assumed in the traditional human capital earnings model, the effect of education on log
wages is separate from the effect of experience. Young people often switch between full-
or part-time schooling and employment, making the school-to-work transition complex.
However, most individuals have completed their formal education by their mid-20s.
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4.2.2. Baseline Results

Table 5 shows that on average the real wage in the logistics industry in 2022 increased
by 0.453% compared to 2019. Seniors were paid 0.662% more than juniors in the research
countries and regions, but who got Master degree were paid lower in 0.185%. The employ-
ees who were senior and obtained a Master degree earned more than their counterparts
who were junior and had no Master degree in the 4-year period. Table 5 also shows a
massive gap in the wage level between developing countries” logistic labor (excluding
China, the biggest developing country in this research) and developed countries.

Table 5. Baseline result for the causal effects of education and experience on real wage.

Log Real Wage

Year 2022 compared to 2019 0.453 *** (0.046)
China (CHN) —0.693 *** (0.044)
Danang, Cantho, Haiphong (DAN) —2.364 *** (0.049)
France (FRA) —0.268 *** (0.042)
Hanoi (HAN) —2.22D #** (0.046)
Ho Chi Minh City (HCM) —2.254 *** (0.061)
Hong Kong, Taiwan (HK) —1.155 *** (0.147)
Other cities of Vietnam (OTHER) —2.385 *** (0.064)
Singapore (SGN) —0.4071 *** (0.037)
Thailand, Malaysia, Indonesia (THAI) —1.379 *** (0.073)
The UK (UK) —0.621 *** (0.151)
The US (US) 0.161 *** (0.035)
Master’s degree =1 —0.185 ** (0.064)
Senior staff =1 0.662 *** (0.039)
Master’s # Senior 0.237 * (0.119)
Constant 3.205 *** (0.051)
Observations 1704

Adjusted R? 0.765

F-test 586.448

Source: Authors collected online job postings in 2019 and 2022. Notes: We control for year and country-fixed
effects. Senior has working experience of more than three years. The predicted value for log(real wage) = 2.79.
Robust standard errors in parentheses. * p < 0.05, ** p < 0.01, ** p < 0.001.

Table 6 examines the gap between developing countries” wage levels and those of
developed countries. It looks at the impacts of the business cycle, regional /country-level
policy variation, and the combination of education level and working experience on real
wages. It also shows that those with a master’s in the logistics industry were paid a lower
wage than those with a bachelor’s, while seniors earned a higher wage than juniors, which
is consistent with the results from Table 5. However, the coefficient of education and
log real wage is not significant enough to validate it. This leads to the conclusion that
educational level is not the essential factor influencing the real wage but experience in the
logistics industry. Other surveyed countries, except for the US, possess lower wage rates
than Australia.

The results in Table 6 also confirms the result of Table 5 that seniors were paid more
than the real wage of juniors. Obtaining Master degree does not ensure the higher income.
Insignificant resuls are shown for seniors who got Master degree. The average predicted
real wage of our researched regions and countries is USD 1628 per month (predicted value
for log real wage equals 2.79).
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Table 6. Further estimation results for the causal effects of education and experience on real wage.

Log Real Wage

Master’s degree =1 —0.037 (0.059)
Senior staff = 1 0.665 *** (0.038)
Master’s # Senior —0.018 (0.114)
China (CHN) —1.196 *** (0.079)
Danang, Cantho, Haiphong (DAN) —2.943 *** (0.097)
France (FRA) —0.381 *** (0.081)
Hanoi (HAN) —2.932 (0.082)
Ho Chi Minh City (HCM) —2.774 *** (0.105)
Hong Kong, Taiwan (HK) —1.784 *** (0.252)
Other cities of Vietnam (OTHER) —2.844 *** (0.089)
Singapore (SGN) —0.792 *** (0.089)
Thailand, Malaysia, Indonesia (THAI) —0.860 *** (0.149)
The UK (UK) —1.146 *** (0.120)
The US (US) —0.122* (0.062)
Year 2022 compared to 2019 0.090 (0.069)
CHN # year 2022 0.647 *** (0.092)
DAN # year 2022 0.809 *** (0.107)
FRA # year 2022 0.012 (0.088)
HAN # year 2022 0.960 *** (0.094)
HCM # year 2022 0.757 *** (0.124)
HK # year 2022 1.075 *** (0.263)
OTHER # year 2022 0.860 *** (0.117)
SGN # year 2022 0.474 *** (0.097)
THALI # year 2022 —0.925 *** (0.155)
UK # year 2022 1.262 *** (0.167)
US # year 2022 0.323 *** (0.074)
Constant 3.512 *** (0.066)
Observations 1704

Adjusted R? 0.819

F-test 433.807

Source: Authors’ compilation from collected online job postings in 2019 and 2022. Note: We control for year and
country-fixed effects as well as their interaction for the business cycle and country-specific policies variation from
2019-2022. Senior has working experience of more than three years. The predicted value for log(real wage) = 2.79.
Robust standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001.

4.3. Kernel Density Estimation Using Data from Search Tools

Kernel density estimation shows a more accurate distribution of the real wages be-
tween the year 2019 and the year 2022. Figure 1 shows how the wage range contributes to
how much the average real wage of logistics jobs in Asian countries changes yearly (data
in 2019, 2022).

In Hong Kong, Taiwan, and Singapore, the cost of labor in logistics jobs has moved
to the central point, which indicates the consistent labor force cost for logistics jobs. It is
more likely for an employee working in this field to be paid in the average wage range
than they used to be in the past. It could result from higher-level logistic jobs offered due
to Singapore’s globalization or some regulations that raise Singapore’s income. China’s
density and natural wage curve of logistics jobs moves to the right while keeping the same
shape from 2019. Thailand, Malaysia, and the Philippines show the opposite trend, with the
probability of earning a lower income than the average level becoming as high as achieving
a high income in 2021.

Figure 2 illustrates that the most prominent wage distribution trends during the period
were slight wage amount and density increases, except in France. Germany’s real wage
increased from 3.1 log values to 4.75 log values and the UK’s real wage increased from 2.75
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to 3.8 log values, while that of the US remained nearly the same. France’s data generated a
new curve, showing a different picture of the industry.
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Figure 1. Kernel Density Estimation of Asia Pacific in 2019 and 2022. Source: Authors’ calculation
using data collected from online job postings.
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Figure 2. Kernel Density Estimation of European countries, UK, and US in 2019 and 2022. Source:
Authors’ calculation using data collected from online job postings.
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According to Figure 3, the logistic wage range in Vietnam has seen significant changes
in the past few years, particularly in port-owning and developing cities such as Danang,
Cantho, Haiphong, Hanoi, and Ho Chi Minh City. This is a good sign of a developing
country and the industry, as the wage paid at the density of around 1.5 points increased
from 0.8 to 1.5 log values in Danang, Cantho, and Haiphong, from 1 to 1.75 log values
in Hanoi, and from 1 to 1.5 log values in other cities of Vietnam. Ho Chi Minh City data
showed a different trend, with more employees being paid at 1.4-1.5 log values in 2022
than in 2019.

Danang, Cantho and Haiphong Hanoi
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2019 2022 2019 2022

Figure 3. Kernel Density Estimation of Vietnam in 2019 and 2022. Source: Authors’ calculation using

data collected from online job postings.

According to Figure 4, the wage differences between bachelor’s and master’s degree
holders in high-income countries are minor. In 2019, bachelor’s earnings were not inferior
to master’s wages, and there are even many bachelor’s degree holders with wages above
USD 5000. In 2022, more job postings demand a bachelor’s degree, which offers a higher
income than a master’s degree requirement. In other words, there is barely any earnings
distinction among bachelor’s and master’s graduates in high-income nations. Moreover,
data from Figure 4 shows that there is a significant gap between bachelor’s and master’s
incomes in middle-income nations, with bachelor’s wages primarily in the USD 2000 range
and master’s wages ranging from USD 3000 to USD 5000. This suggests that a master’s
degree holder will earn a better wage than a bachelor’s degree holder.

Figure 5 indicates a significant wage disparity between juniors and seniors. This gap
will continue to grow as more junior-demanding positions are available. We conclude that
there is a significant difference, and the wage disparity will continue to rise in the future.
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Figure 4. Kernel Density Estimation by education levels in 2019 and 2022. Source: Authors’ calculation

using data collected from online job postings.
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Figure 5. Kernel Density Estimation by working experience in 2019 and 2022. Source: Authors’

calculation using data collected from online job postings.

4.4. Kernel Density Estimation Using Data from Web Scraping

Figure 6 clearly illustrates distinct trends in the log real wage of the countries under

investigation. Notably, China, Hong Kong, Taiwan, and Southeast Asian countries demon-

strated the most significant changes. It is important to note that, while the logistic labor cost

in China remained relatively stable compared to 2019, Hong Kong and Taiwan experienced
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a sudden and alarming increase in labor costs. Conversely, labor costs in Southeast Asian
countries decreased significantly when compared to 2019, and the highest density of the
decrease was observed in the 1-3 log value range.

Australia China Hong Kong and Taiwan
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Figure 6. Kernel Density Estimation of Asia Pacific in 2019 and Quarter 1/2023. Source: Authors’
calculation using data scraped from online job postings.

As illustrated in Figure 7, a similar trend occurred in the US and European countries,
where the average logistic wage level in France became lower than it was in 2019. The UK
saw a similar trend to Hong Kong and Taiwan, with a small increase in the average wage
rate but a peak in labor costs over a 3 log scale. The US labor force appears to be highly
segmented, with two different central points for the real wage at different levels.
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Figure 7. Kernel Density Estimation of European countries, UK, and US in 2019 and Quarter 1/2023.
Source: Authors’ calculation using data scraped from online job postings.
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According to Figure 8, the wage rates in Vietnam are increasing, particularly in Hanoi
and Danang, where the highest concentration of real wages rose from 1 to 2 and 1.5,
respectively. In comparison, Ho Chi Minh City has two distinct central points for real
wages at different levels. Still, they are much lower than the wage rates in the US.

Danang, Cantho and Haiphong Hanoi
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Figure 8. Kernel Density Estimation of Vietham in 2019 and Quarter 1/2023. Source: Authors’
calculation using data scraped from online job postings.

Figure 9 shows the effect of level of education on the actual real wage paid to the
employees in logistic jobs. It clearly appears that the level of income in middle-income
countries was not strongly affected by education level, while it did have certain effects on
the wage in high-income countries (double in absolute value with high density).
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Figure 9. Kernel Density Estimation by education levels in Quarter 1/2023. Source: Authors’

calculation using data scraped from online job postings.
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Figure 10 shows that both junior and senior workers’ real wages are significantly
influenced by their work experience. When compared to statistics from 2022, in the first
quarter of 2023 the real wage gap between junior and senior workers is significantly
higher. In particular, the average senior worker’s wage ranges from USD 2000 to 5000
(0.15 to 0.17 density), whereas junior worker wages vary from USD 5000 to 25,000 (0.2 to
0.25 density).

Quarter 1/2023

Density
0.01 0.015 0.02 0.025
1 1 1 1

0.005
1

0

T T
0 50 100 150
Real wage

Junior (experience<=3) Senior (experience>3)

Figure 10. Kernel Density Estimation by working experience in Quarter 1/2023. Source: Authors’
calculation using data scraped from online job postings in May of 2023.

4.5. Nowcasted Results (Linear Regression, Decision Tree, KNN)

This part compares the real wages predicted from nowcasting methods (Linear re-
gression, Decision tree, KNN) and the real wages calculated from the actual web scraped
data. According to Figure 11, nowcasted real wage from web scraped data shows a sim-
ilarity to the actual web scraped real wage. While real wages in Thailand, Singapore,
China, and Australia followed rising patterns from January to June 2023, the real wage
in Hong Kong did not. Particularly, real wages in Thailand consistently increased from
USD 1000 to USD 1500, driven by market demand, economic conditions, and the evolving
logistics landscape. China witnessed a consistent upward trend, with wages climbing
from USD 2000 to approximately USD 2200, peaking at USD 9100. Australia displayed a
gradual increase from USD 6800 to USD 7000, with wage variations between USD 3000 and
USD 11,666.67. In contrast, Hong Kong saw a gradual decline in wages from USD 3500 to
USD 2800.

These trends both reflect the diverse dynamics of the logistics industry across the Asia
Pacific region. Thailand, Singapore, and China experienced overall positive wage growth,
highlighting the significance of logistics professionals in their economies. In contrast, Hong
Kong faced challenges in its logistics sector, leading to a decrease in wages.

As shown in Figure 12, from January to June 2023, France’s logistics job real wages
slightly increased, which is relevant to wages analyzed in linear regression, ranging from
USD 2200 to USD 2300. Similarly, the actual and nowcasted real wages of the UK expe-
rienced an increasing trend of USD 2500 to USD 3500. This indicates the same pattern
between nowcasted real wages and actual web scraped logistics wages.
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Figure 11. Wage growth and its nowcasts in Asia Pacific (Quarter 1/2023). Source: Authors’ calcula-
tion using data scraped from online job postings collected in May of 2023.
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Figure 12. Wage growth and its nowcasts in European countries, the UK, and the US (Quarter 1/2023).
Source: Authors’ calculation using data scraped from online job postings collected in May of 2023.

The logistics job market in European countries including the UK exhibits similarity in
real wages vs. nowcasted wage, but the US does not, indicating that market conditions,
economic fluctuations, and industry dynamics play a significant role in labor demand
prediction. Stakeholders and industry participants should consider these factors when
analyzing and forecasting wage trends in the logistics sector.

When comparing real wages to the specified wage linear regression in Danang, Viet-
nam, we observe deviations from the upward trend (Figure 13). The wages fluctuate,
deviating from the projected regression. The lowest recorded wage is USD 297.99, signif-
icantly lower than expected, while the peak wage reaches USD 3192.75, surpassing the
projected range. These variations indicate that factors beyond the linear regression model
influence logistics job wages in Danang.



Eng. Proc. 2025, 97, 32

21 of 26

DAN - Nowcasted vs. Actual HCM - Nowcasted vs. Actual

3000 3000

2500 2500

2000 2000
1500 1500
1000 1000

500 500

03-Jan 04-Apr 03-Jan 06-Jun

HAN - Nowcasted vs. Actual

3000 —— Linear Regression
eeeeeeeeeeeee
2500
2000
1500

1000

500

10-Jan 05-Jun

Figure 13. Wage growth and its nowcasts in Vietnam (Quarter 1/2023). Source: Authors’ calculation
using data scraped from online job postings collected in May of 2023.

In Hanoi, the real wages of logistics jobs gradually increased from USD 600 to over
USD 700, but there was a significant wage jump towards the end of the period, exceeding
USD 800. The lowest recorded wage is USD 212.85, which is lower than the expected trend.
On the other hand, the peak wage reaches USD 1489.95, which is higher than expected.
In Ho Chi Minh City, the real wages of logistics jobs experience a similar trend to that
of Hanoi.

In short, Figures 11-13 show that the decision tree nowcasted results are closest to the
actual web scraped values.

5. Research Conclusions and Recommendations

The results presented above clearly show that the logistics sector exhibits a high
potential for growth in various countries, namely Singapore, Australia, the US, the UK,
France, and Germany. It is worth noting that, in these countries, wages in the logistics
industry are relatively high. However, the COVID-19 pandemic imposed a dramatic effect
on wages in the logistics sector, leading to an increase in some countries, while others
experienced a decrease in real wages across all participating regions.

It is of importance to acknowledge that various factors such as the inflation rate,
government policy, and trade agreements, have a significant impact on global logistics
trends. To effectively analyze and predict logistic labor wages in Vietnam and other markets,
data from online job postings using kernel density estimation can be utilized. This data
is highly relevant to Vietnam’s GDP per capita and quarterly GDP growth rate analysis
(Appendix A). By studying such data, we can identify trends and potential growth areas,
which can inform businesses and policymakers looking to invest in the logistics sector.

In addition, we should note that pay dispersion between high- and middle-income na-
tions varies based on education level. Therefore, we recommend that businesses in Vietham
focus on developing better logistics and transportation systems to increase profitability.
This could include investing in new technologies and infrastructure, as well as developing
more efficient supply chain management systems.

Furthermore, potential employees should be offered adequate compensation, educa-
tion, and technical skills. Candidates with a master’s degree or extensive job experience
can expect to be paid generously, and this is something that businesses should consider
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when designing their compensation packages. Employers should develop benefit packages
based on not only educational level but also working experience and proficiency in logistics
tools based on corporates’ needs. Therefore, designing well-established requirements with
thorough considerations from direct managers and experts will help both candidates and
the talent acquisition team to truly understand job scopes and necessary technical skills
customized by each vacancy.

Lastly, it is worth noting that students looking to enter the logistics industry should
broaden their talents, particularly in technical skills. Expanding one’s skill set can greatly
help in securing a job in the logistics industry, as businesses are increasingly looking for
employees with a diverse range of skills and expertise. Thus, by developing a compre-
hensive understanding of the industry and its various subfields, as well as staying up to
date with new technologies and trends, students can position themselves for success in the
logistics sector. As job seekers in logistics, students should carefully research the market
and gain a considerable understanding of wage levels to avoid underpayment.

This research involved collecting data through web scraping, which was conducted
with careful consideration. We only scraped publicly available data and adhered to the
terms of service of all websites accessed. Therefore, we implemented an acceptable scrap-
ing rate, avoiding placing a burden on website servers. Also, the private identifiable
information was removed from job postings to protect data privacy.
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Figure A1l. GRDP of Vietnam in Quarter 1, 2023. Source: Authors’ visualization using data from
General Statistics Office of Vietnam—GSO [71].

Appendix A shows the quarterly GDP growth rate of Vietnam’s provinces in Quarter 1,
2023, from which the time-series data collected from online job postings and analyzed
by kernel density estimation shall show a correct and relevant prediction for the logistics
market for the near future. Danang, Can Tho, Haiphong, Hanoi, and other cities in Vietnam
saw an increasing density of higher wage levels from the fourth quarter of 2022 to the first
quarter of 2023. Ho Chi Minh City’s lower logistics wage in the first quarter of 2023 had a
GDP growth rate of just 0.7.
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