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ABSTRACT

Universities and educators need to stay abreast of the rapidly changing job market to prepare students to be market ready. There is
a growing disconnect between the education higher institutions offer and the skills employers seek. In this paper, through a content
analysis of job advertisements using data mining techniques, we identify patterns underlying technical competencies for business
jobs by discipline and location. We provide both a visualization as well as a descriptive analysis of our findings. Our findings
highlight sought after technical skills such as programming languages and data analytics tools, as well as the regional variation in
job availability. The findings underscore the importance of updating university curricula to align with market demands, providing
actionable insights for students, educators, employees, and policymakers.
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1. INTRODUCTION

As industries and technologies evolve, so do the nature of jobs
and the way they are performed; thus, the skills required for
those professions change. This necessitates re-evaluating the
base-level skill needs on a regular basis (Wierschem & Méndez
Mediavilla, 2018). Universities and educators need to stay
abreast of the rapidly changing job market to prepare students
to be market-ready (Aoun, 2017). There is a growing disconnect
between the education higher institutions are offering and the
skills employers are seeking (AACU, 2018; Behn et al., 2012;
Borner et al., 2018; Donovan et al., 2022; Nguyen et al., 2020;
Radovilsky & Hedge, 2022; Smith & Ali, 2014). Universities
must introduce rapidly growing and highly in demand
technologies to satisfy organizational demands and educate
their students for a world in which they efficiently integrate new
skills such as Aurtificial Intelligence (Al) with human
intelligence (Topi, 2019). This is often alluded to as the
“expectations” and “skills” gap referring to what are considered
important skills by industry and what is taught in the
curriculum. While this gap covers a diverse set of soft and hard
skills, however, nowhere is this gap more evident than as it
relates to technical competencies that are rapidly evolving
because of the digital revolution. For example, in addition to
identifying the critical skills required by the analytics job
market, various studies address the gaps between job market

requirements and capabilities taught in analytics programs and
courses (Nguyen et al., 2020; Radovilsky & Hegde, 2022).
Rapid advances in automation and Al, for example, are
redefining job responsibilities and the very nature of work. In
response to the growing technological advancement and
applications of AIl, numerous business schools have
incorporated Al topics into their curricula, primarily
considering Al as a natural progression of data analytics and
decision-making tools within their business analytics programs
(Davenport, 2018). For instance, some business schools have
integrated machine learning, neural networks, and automation
into several business courses such as accounting analytics,
marketing analytics, and financial technology (Chen, 2022).

In this paper, through a content analysis of job
advertisements using data mining techniques, we identify
patterns underlying technical competencies for business jobs by
discipline and location. While we concede that soft skills (e.g.,
communication, teamwork, professionalism) are as important
or even more important than hard skills in some contexts, in this
study we restrict our study to hard technical skills to provide for
a more focused examination and targeted recommendations.
Addressing gaps in soft skills development in curricula
generally requires program-level interventions, while technical
skill requirements can often be addressed at the course level.
Thus, a focused study on technical competencies, we believe,
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can lead to more direct actionable recommendations that can be
addressed more quickly and effectively.

While educators and university administrators use many
strategies such as alumni outreach, external relations, and
advisory boards to monitor changing job trends, analyzing job
advertisements represents a relatively simple yet effective
method to monitor the job skills and knowledge required in a
rapidly changing environment. Direct surveys, which use
available online or printed content, are also used by universities
to gather data for text mining analysis. The primary benefit of
this approach is that it allows researchers to concentrate on a
particular study area, systematically gather data, and apply
standardized methods for data quantification (Chen, 2022). Job
posts not only identify the skills that companies deem essential
for their current job position but may also include skills that
they believe will become relevant soon. As such they provide a
lens for emerging trends. Moreover, data mining techniques
allow us to identify and extract data clutter from the massive
amounts of data available as job searches and postings move
predominantly online. Users have an easier time navigating,
summarizing, and organizing the data to find “interesting”
relationships in the data (Alshameri & Green, 2020). Data
mining tools offer several computational strategies for swiftly
and successfully extracting new information from massive,
frequently semi-formatted databases. Clustering algorithms
divide the data into groups that display the qualities of the data
and the relationships between the groups. The analysis and
extraction procedures are consequently improved and provide
new insights by identifying the most crucial elements of the
textual datasets. One crucial method for gathering related data
items is data clustering. People can examine the data from a
“bird’s eye” perspective by grouping huge amounts of data into
informative clusters. We leverage these data mining techniques
in our study to uncover important patterns related to technical
competencies in job advertisements clustered by discipline and
location. We seek to identify the type of jobs available in
organizations and the technical skills needed for each job
position.

For the purpose of the study, we collected 10,000 job posts.
Utilizing this dataset, we conducted a deep analysis using text
mining techniques to uncover job trends by business discipline
and geographical location. We provide both a visualization as
well as a descriptive analysis of our findings.

Our findings should be of interest to several important
stakeholders. First, students benefit by being aware of the
technical competencies demanded by employers for jobs in
different business disciplines. As a result, they can select
courses that emphasize these competencies or acquire desired
technical skills through certifications/badges offered by
universities and professional organizations. Second, for
individuals already in the workforce seeking to transition to a
new job or career path, the results of our study should be useful
in providing them with important information on the additional
technical competencies they may currently lack in making them
competitive in the marketplace. Additionally, our findings also
provide locational biases for the availability of jobs by business
discipline. Third, educators and universities can use the
findings of our study to modify and update their curricula to
align with the changing technical skills demanded by the
marketplace. This may involve incorporating new technical
skills in the current courses or making them available to
students through extracurricular offerings. Fourth, our study

provides important information for companies to calibrate their
job postings more carefully as they compete for qualified
candidates in a highly competitive job market. Job postings
with detailed skill requirements can help companies attract and
recruit the right type of personnel (Cao et al., 2023). Lastly, our
study also has public policy implications as governments
increasingly intervene in labor markets and invest in
training/re-skilling programs as we transition to a knowledge
economy.

We organize the rest of the paper as follows. In the next
section, we provide a brief literature review. In Section 3, we
discuss the data source for the study and a description of the
research methodology including the data mining tools we used.
In Section 4, we present and discuss our results. Finally, in
Section 5, we conclude, discuss the limitations of our study, and
recommend future research extensions.

2. LITERATURE REVIEW

There has been a wide range of studies on the identification of
important skill requirements incorporated in job postings. Many
of these studies have focused on jobs in one discipline (e.g.,
information systems, accounting, or marketing) or a specific job
type such as business analytics. Smith and Ali (2014) use data
mining techniques to analyze job advertisements in the
programming field to identify job trends in information
technology. Wierschem and Méndez Mediavilla (2018)
undertake a comprehensive examination of how employers
evaluate different methods for acquiring technology skills
among job candidates by identifying and analyzing three key
sources of advanced skill categories: academic degrees
(qualifications awarded by accredited institutions, typically
linked to both two-year and four-year public and private
colleges and universities), professional certifications (are
granted by non-accredited organizations that recognize an
individua’’s attainment of a defined level of proficiency in a
particular skill or task, as established by the relevant certifying
authority), and relevant work experience (experience
encompasses various methods of acquiring a specific skill
through active participation and observation of related
activities).

Gardiner et al. (2018) use content analysis of job
requirements to identify skills and competencies required for
positions in big data and business analytics. Examining a
sample of job qualifications required for analytics positions,
Verma et al. (2019), identify skills most in demand for various
analytics positions such as Business Analyst, Business
Intelligence Analyst, Data Analyst, and Data Scientist. Bowers
et al. (2018) develop 16 topics related to analytics job postings
and subsequently analyze these topics against the skills
produced by graduate analytics programs. Their findings reveal
that the leading four skills identified from the job postings were
communication and interpersonal skills (61%), managerial
skills (33%), database skills (33%), and business domain
knowledge (29%). From a study of text mining analysis of large
pools of business data analytics and data science job markets,
different skills are extracted and classified into four domains,
technical, analytical, business, and communication (Radovilsky
& Hegde, 2022). Similarly, Dong and Triche (2020) use a text-
mining approach to examine job advertisements for entry-level
data positions and identify technical competencies sought in
practice. Topi (2019) advocates systematic collaboration with
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other computing disciplines in information systems curriculum
development to keep up with the newest technological and
business trends. Al curricula at business schools must strike the
right mix between business and technological skills (Chen,
2022).

Considering the recent surge in public awareness regarding
cybersecurity threats, particularly due to significant
ransomware attacks, the field of cybersecurity is rapidly
emerging as one of the fastest-growing career sectors in the
United States. According to the U.S. Bureau of Labor Statistics,
the anticipated job growth rate for information security analysts
is 31% from 2019 to 2029. Research on cybersecurity job
descriptions indicates that these roles typically require a range
of qualifications, including formal education, technical
expertise, relevant work experience, and industry-recognized
certifications (Ramezan, 2023).

While most text analyses of skill requirements studies have
been in information-related fields, such studies have also been
performed in other business disciplines. Leveraging content and
cluster analysis of job ads, Dunbar et al. (2016) and
Uwizeyemungu et al. (2020) identify technical competency
requirements for accounting positions. In the field of marketing,
Schlee and Harich (2010) use content analysis to examine 500
marketing job requirements ranging from entry-level to senior-
level positions. Poba-Nzaou et al. (2020) use content analysis
to study skills and competencies required for positions for
human resource managers.

In contrast to the above studies that focus on examining
skill requirements for a specific job position or business
discipline, we take a more holistic and broader approach and
focus on examining technical skills demanded for business jobs.
The results of our study provide useful information for broad
curriculum revision (e.g., undergraduate business curriculum or
MBA curriculum revision) as well as for targeted curriculum
revision for a major or specialization or a specialized program.

Lastly, like some of the above studies, we leverage data
mining techniques that enable us to examine many job postings
across the USA allowing us not only to draw robust inferences
on technical skill requirements demanded for jobs in different
business sub-disciplines but also identify location biases for
these jobs.

3. RESEARCH METHODOLOGY

3.1 Data Source and Description

The raw dataset for this study is purchased from a job
advertisement monitoring website, https://www.jobspikr.com/.
The dataset contains 10,000 job advertisements that are posted
from 01/01/2020 to 05/31/2020 in the United States. Of the
10,000 job advertisements, 899 are accounting jobs, 1,239 are
cybersecurity jobs, 616 are data science jobs, 900 are finance
jobs, 900 are healthcare jobs, 900 are human resources jobs,
2,146 are IT jobs, 1,200 are management jobs, and 1,200 are
marketing jobs. As such, we have a broad sample that includes
jobs in various Dbusiness sub-disciplines. Each job
advertisement in this raw dataset contains text information on
the following features: job title, category, company name, city,
state, country, job type, salary, and job description. Some
metadata columns such as job title, job type (full time, part

time), and salary contain a significantly large percentage of
missing data. Because we are concerned more about the
technical skills in the job postings, a data preprocessing (i.c.,
data reduction), is done before we used the dataset to handle the
missing data and to remove the irrelevant attributes like
company name, job title, country (all jobs in US), and salary.
The remaining attributes like state, city, category, and job
description are used in the analysis.

This study acknowledges several limitations. Firstly, it is
based on a relatively small sample of 10,000 job advertisements
that were posted from January 1, 2020, to May 31, 2020. The
dataset is available for the public to access only by the end of
the year 2020. As the demand for technical skill competencies
can change swiftly, our research may not encompass the latest
technical skills that are currently in demand in certain fields,
especially considering the unique context of the COVID-19
period.

3.2 Training Data
We are interested in isolating technical skills in demand in all
the nine business sub-disciplines that we capture in this study.
We created a training dataset from the 616 Data Science job
advertisements. We wused a subscription-based online
annotation tool, https://ubiai.tools, to create a training dataset of
150 samples. To annotate, we used the Inside-Outside-
Beginning (IOB) tagging format (Chauhan et al., 2020;
Nasiboglu & Gencer, 2021). This helps to train the model to
decide the boundaries of target phrases more accurately.
Annotation focuses on mostly specific technical skills such
as “Python” and “R” and occasionally marks high-level
technical skills such as “Machine Learning” and “Relational
Databases.” However, we do not annotate generic technical
skills such as “full life cycle of hypothesis” or “model
validation.” Before the manual annotation, we also retrieved a
dictionary from https:/github.com/mikeasilva/data-scientist-

skills.git. This dictionary contains some common technical
skills, and we used this dictionary as a lookup list that UBIAI
can use for automatic pre-annotation. Figure 1 provides an
annotation example of Job Post No. 106.

We used 125 training samples from the annotated dataset
and 25 samples for validation. We used the bidirectional
encoder representations from transformers (BERT) for the
spacy3 Transformer-NER library (Jwa et al., 2019). A
transformer model is a novel, attention-based deep learning
architecture that is regarded as the replacement of recurrent
neural networks (RNN) such as long-short-term-memory
(LSTM) for sequential data processing in natural language
processing (NLP). The advantage of this architecture is that it
allows pre-trained systems such as the spacy3 Transformer-
NER to be fine-tuned for more specific tasks such as the
training process we used in this project to make the model
recognize technical terms based upon our own definition.
Figure 2 summarizes the research methodology framework.
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Urgent need for Data Science Technical Lead / Architect with our company at Columbus, OH. We are looking for a seasoned hand - on data science leader to join ou|
data science team. In this role, you will lead a team of data science engineers to build several cutting edge solutions on AWS TECH_SKILL . Minimum 5 years of
experience working on Data Science projects using R TECH_SKILL , PythonTECH_SKILL , Analytical Libraries TECH_SKILL , Should have hands on experience
with AWSTECH_SKILL | SageMaker TECH_SKILL for developing predictive models. Strong experience in feature engineering for model development. Strong
experience of the process involving in conditioning and data preparation for data science activities. Need strong knowledge of Machine Learning Libraries TECH_SKIL
like Meural Networks TECH_SKILL , Support Vector Machine TECH_SKILL , Random Forrest TECH_SKILL . Strong knowledge of Deep Learning Tools TECH_SKILL ,
TensorflowTECH_SKILL , Caffe TECH_SKILL , Torch TECH_SKILL , Theano TECH_SKILL , and Keras TECH_SKILL , etc. Must have experience with Big Data Tools likg
Apache TECH_SKILL , Hadoop TECH_SKILL, Spark TECH_SKILL , Hive TECH_SKILL , etc. Strong SQL TECH_SKILL , NoSQL TECH_SKILL SparkSQL TECH_SKILL
and ANSI SQL TECH_SKILL query language skills, providing recommendations on storage performance tuning like partitions, indexes, etc. Experience with Ingestion
technologies like Kinesis TECH_SKILL  MSK (Kafka) TECH_SKILL SQS TECH_SKILL | Glue TECH_SKILL | etc. is desirable. Experience with processing multiple
patterns of data primarily processing real-time, batch and MQ messages type of data inputs. Programming experience in Pig TECH_SKILL , Java TECH_SKILL and
Linux shell TECH_SKILL scripting. Job Responsibility: Working with the clients to understand the requirements. Perform feature engineering, collaborate with the
customer to select the right variables/features for model development. Design and develop of predictive and prescriptive models. Benefits: Company's standard

benefits, medical insurance, vision insurance, dental insurance and 401K

Figure 1. Annotation Example of Job Post

Step 1. Data Acquisition
10000 Job Posting

¥

Step 2. Separate Dataset by Industry
9 Sectors

h 4

Step 3b. Automatic pre-annotation
Data Science Sector

Step 3a. Manual I0B Annotation
Data Science Sector

Step 3c. Data from Unannotated
Data Science Other Sectors

Step 4. Bert NER Model Training

Step 5. Technical Key Phrases Retrieval

Figure 2. Research Methodology Framework

4. DATA ANALYSIS AND RESULTS technical skills are specific to a particular discipline area. For

example, CRM, Salesforce, SEO, Marketo, SEM, Mailchimp,

4.1 Evaluation of Technical Skills Categories

Table 1 shows the technical skills needed in the 10,000 job
postings. These technical skills are classified into nine different
categories. For each category, we listed the most popular
software skills mentioned in the job postings that distinguish
each category. Most job postings require technical skills from
more than one category. Table 2 shows the distribution of
technical skills according to business sub-discipline. While
there are some general technical skills such as Microsoft Office,
data visualization such as Tableau, and business intelligence
that are common across several business sub-disciplines, other

and Google Analytics are all software extensively used in
digital marketing. Similarly, systems such as SPHR, HRIS,
PHR, and Ceridian are specific to human resources practices
and are highlighted in HR job postings. The results of Tables 1
and 2 show that employers demand both general technical and
discipline-specific skills. The technical skills listed were
presented based on the frequency of appearance in job
advertisements.
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Categories Technical Skills

Programming Language Python, C++, C, Java, JavaScript, Visual Basic, PHP, Jupyter Notebook, HTML.

Data Analysis Business Intelligence, Tableau, Microsoft Power BI, Data Visualization, MATLAB, Splunk,
(Visualization and BI) Hyperion, Cognos, OLAP, Computer-Aided Design (CAD).

Data Modeling (Statistical
and Machine Learning)

R, SPSS, STATA, SAS, Statistical/Predictive Modeling, Pivot Table, Artificial Intelligence,
TensorFlow, Pandas, Text Mining, Decision Tree, Neural Network, Random Forest, Simulation
Modeling, Data Warehouse, Snowflake.

Enterprise System

SAP, Azure, Hadoop, Google Analytics, Salesforce, Amazon Web Services (AWS), SSH File
Transfer Protocol (SFTP), IBM Watson, Kafka.

Database System

MySQL, MS ACCESS, ORACLE, NoSQL, Relational Database, XML.

Operating System

Unix, Linux, Cisco, Docker, VMware, Kubernetes.

Project Management

Six Sigma, Jira, Agile, Crystal, Scrum, Google Suit, System Development Life Cycle (SDLC),
GitLab, GitHub, DevOps.

General Computer Skills

Microsoft Office Suite, Skype, Zoom, Photoshop, Kronos, SharePoint.

Testing

Application Programming Interface (API), Postman, Selenium, Automated Testing.

Table 1. Technical Skills Categories (Technical skills were presented based on the frequency of appearance in job

advertisements)

Subject Technical Skills

Accounting Microsoft Office Suite, ERP, SAP, CRM, MySQL, Hyperion, Tableau, Crystal, SAS, SPSS, Power BI,
Business Intelligence, General Ledger, Quickbooks.

Cybersecurity Python, Azure, Linux, Powershell, MySQL, Unix, C, C++, PERL, AWS, Java, SIEM, CISA, DLP, Splunk,

VMware, ORACLE, Power BI, TCP/IP, Kubernetes, GDPR, Intrusion Prevention System (IPS), SOX, Bash,
Cyberark.

Data Science

Microsoft Office Suite, ERP, SAP, MySQL, ORACLE, R, SPSS, SAS, Crysla, Business Intelligence,
Tableau, Power BI, Data Mining, Machine Learning, Python, Pivot Table, Predictive Modeling, Data
Warehouse, Azure, Relational Database, Data Visualization, AXIOM.

Finance Microsoft Office Suite, ERP, SAP, CRM, MySQL, Python, Hyperion, Tableau, Salesforce, SAS, SPSS,
Power BI, Business Intelligence, Financial Modeling, Quickbooks, Essbase, Six Sigma, iGrafx.

Healthcare Microsoft Office Suite, MySQL, SAS, Scrum, Business Intelligence, Tableau, Python, SDLC, Rest API,
VISIO, Jira, Machine Learning, OLAP, Docker.

Human Microsoft Office Suite, SPHR, SAP, HRIS, Kronos, Data Visualization, Power BI, ORACLE, PHR, Ceridian.

Resources

IT Microsoft Office Suite, MySQL, ORACLE, Python, Linux, Unix, C++, C, Java, Javascript, XML, HTML,
PHP, Cisco, AWS, VMware, Azure, VISIO, SAP, Tableau, Outlook, Powershell, Relational Database, Data
Warehouse, Data Mining.

Management Microsoft Office Suite, Data Management, MySQL, Business Intelligence, ORACLE, SAP, SharePoint, Data
Analysis, Python, ERP, Machine Learning, Tableau, AWS, Salesforce, Six Sigma, SDLC, Scrum, CAD,
Splunk.

Marketing Microsoft Office Suite, CRM, Illustrator, Salesforce, Tableau, SEO, Marketo, Machine Learning, SEM,

Mailchimp, Data Visualization, Google Analytics, Instagram, Slack.

Table 2. Distribution Skills per Subject (Technical skills were presented based on the frequency of appearance in job

advertisements)

Table 3 shows the technical skills categories percentages
according to sub-discipline area. For example, in the accounting
postings, the highest categories are general computer skills and
enterprise systems. 33.47% of technical skills are general
computer skills (e.g., Microsoft Suite, and SharePoint), and
28.66% are enterprise system skills (ERP, SAP, CRM are the
highest skills). 67.13% of the accounting postings require
accounting software skills like Hyperion, QuickBooks, and
General Ledger. On the other hand, in the cybersecurity job
postings, 65.78% of the technical skills require programming
languages (e.g., Python, C++, C, Java, and PHP), while 30.05%
of the cybersecurity job postings require database skills (e.g.,
MySQL, Oracle, Hadoop, and XML). Our results are consistent

with Ramezan (2023), who highly recommends that students
interested in cybersecurity careers have some programming
experience with Python, Java, or MySQL, particularly if they
are interested in architecture, penetration testing, information
security, or data analysis jobs. Table 3 shows that 60.04% of the
job postings for an IT position mentioned the need for skills in
enterprise systems. On the other hand, 22.63% of the
advertisements for a marketing position required skills in
programming languages, and we believe this is because of the
increasing move to digital marketing in the discipline. Figure 3
provides the same information in Table 3 in graphical form, the
figure shows the distribution of technical skills categories per
subject.
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Subject Programming | Data Data Enterprise | Database | Operating | Project General Testing
Language Analysis | Modeling | System System System Management | Computer
Skills
Accounting 0.00% 2.61% 321% 28.66% 7.82% 0.80% 0.40% 33.47% 0.00%
Finance 1.80% 12.63% 17.23% 42.08% 31.66% 0.00% 2.20% 88.58% 2.81%
Healthcare 15.92% 10.83% 22.29% 42.04% 48.09% 0.64% 18.15% 78.98% 4.78%
Human 0.00% 4.82% 0.00% 9.32% 6.75% 0.00% 0.00% 42.12% 0.00%
Resources
Management 19.17% 14.80% 25.81% 33.97% 40.42% 6.26% 6.07% 88.43% 9.87%
Marketing 22.63% 16.97% 13.14% 50.92% 15.47% 0.33% 2.33% 87.52% 2.66%
Data Science 1.54% 16.78% 11.64% 39.21% 27.91% 0.00% 1.88% 76.88% 1.03%
1T 41.41% 10.84% 8.52% 60.04% 44.98% 23.14% 14.85% 57.35% 8.95%
Cybersecurity | 65.78% 3.02% 16.71% 70.65% 30.05% 22.16% 2.78% 27.03% 4.64%
Table 3. Technical Skills Categories Percentages per Subject
Technical Skills in the Accounting Technical Skills in the Finance
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4.2 Locational Analysis
Table 4 reports the distribution of job postings by US States.
The table shows that California has the highest number of job
postings (1,446), followed by Texas (741), and Virginia (686)
job postings respectively. On the other hand, Vermont (6) and
Wyoming (5) have the lowest numbers of job postings. Table 4
also indicates that not all job postings mentioned technical
skills, only 5,569 of the 10,000 job postings included technical
skills. For example, job postings in California, out of the 1,446
job postings, 854 (59%) postings specify the technical skills
required for the job listed.

Considering that the top three states in Table 4 are also the
ones with the highest populations, it is not very surprising that

they have the highest job listings. To control for the population
effect, we standardized the job metric by dividing the total
number of job postings by the number of businesses within that
state (Dong & Triche, 2020). Using the North American
Industry Classification System (NAICS) Association website
(NAICS Association, 2022), we collected the number of
businesses in each state. The top states with the standardized
job postings, in order, were the District of Columbia, Virginia,
Massachusetts, Maryland, Delaware, and California. Figure 4
illustrates a heatmap for the number of standardized posting
jobs.

States accounting cybersecurity data_science Finance healthcare human_resources IT management marketing Total
Alabama 10(4) 28(15) 3(3) 9(2) 3(1) 15(2) 18(11) 12(3) 10(3) 108(44)
Alaska 5(4) 1(0) 0(0) 0(0) 2(2) 6(3) 0(0) 1(0) 1(1) 16(10)
Arizona 38(21) 5(4) 4(3) 11(9) 30(12) 14(8) 39(21) 24(10) 21(9) 186(97)
Arkansas 10(3) 0(0) 1(1) 3(0) 5(0) 7(2) 5(4) 6(3) 4(1) 41(14)
California 161(90) 95(71) 136(126) 122(85) 129(48) 137(44) 276(200) 152(58) 238(132) 1446(854)
Colorado 35(23) 52(40) 4(4) 19(15) 22(13) 17(5) 49(30) 21(8) 26(16) 245(154)
Connecticut 11(5) 9(8) 3(8) 10(5) 14(3) 10(2) 19(8) 15(7) 18(8) 114(54)
Delaware 3(2) 4(2) 1(1) 6(4) 0(0) 7(0) 15(9) 5(3) 3(1) 44(22)
District of Columbia 3(5) 100(60) 23(23) 20(16) 6(6) 16(3) 59(34) 70(37) 3(5) 310(189)
Florida 56(36) 33(21) 25(23) 38(25) 65(22) 47(22) 148(91) 63(22) 64(26) 539(288)
Georgia 33(18) 55(33) 13(11) 29(13) 17(8) 34(18) 43(32) 35(16) 32(15) 296(164)
Hawaii 2(2) 4(2) 0(0) 1(0) 5(1) 6(0) 14(10) 4(1) 1(1) 37(17)
Idaho 5(3) 1(1) 0(0) 4(1) 1(0) 6(2) 5(2) 4(2) 3(2) 29(13)
Illinois 22(15) 16(13) 38(38) 42(21) 31(7) 40(16) 56(45) 38(14) 30(16) 313(185)
Indiana 28(19) 4(4) 2(2) 18(8) 10(2) 26(5) 37(15) 19(5) 15(9) 159(69)
Towa 16(6) 3(2) 1(1) 17(6) 5(1) 4(1) 24(17) 7(4) 15(7) 92(45)
Kansas 6(3) 5(5) 3(3) 3(0) 4(3) 6(1) 19(15) 6(3) 3(0) 55(33)
Kentucky 11(7) 5(4) 5(4) 5(3) 10(0) 6(2) 25(18) 11(4) 6(3) 84(45)
Louisiana 11(4) 2(0) 0(0) 4(4) 3(6) 12(3) 18(11) 7(3) 4(1) 66(32)
Maine 1(0) 1(1) 0(0) 2(0) 3(1) 1(0) 3(3) 2(2) 1(1) 14(8)
Maryland 23(14) 79(49) 28(24) 22(14) 18(4) 16(4) 59(34) 57(25) 25(11) 327(179)
Massachusetts 22(14) 28(20) 44(43) 45(28) 29(11) 34(5) 90(62) 41(19) 50(29) 383(231)
Michigan 25(10) 16(14) (7) 21(4) 25(9) 14(3) 49(32) 18(8) 24(12) 199(99)
Minnesota 17(6) 0(0) 5(5) 21(10) 21(10) 22(8) 43(33) 17(7) 33(17) 184(96)
Mississippi 0(0) 5(4) 0(0) 0(0) 1(0) 9(2) 8(6) 1(0) 3(1) 27(13)
Missouri 14(9) 8(1) 8(8) 6(4) 11(2) 27(14) 39(19) 24(10) 15(10) 152(77)
Montana 2(1) 0(0) 0(0) 1(0) 5(2) 2(0) 4(3) 3(1) 2(0) 19(7)
Nebraska 2(2) 11(5) 2(2) 5(3) 4(3) 112) 15(9) 2(0) 3(1) 55(27)
Nevada 3(2) 1(1) 1(1) 5(3) 14(7) 12(6) 12(5) 2(1) 11(8) 61(34)
New Hampshire 2(1) 5(3) 1(1) 4(1) 2(1) 1(0) 11(9) 4(0) 5(4) 35(20)
New Jersey 22(11) 20(15) 30(30) 23(16) 26(8) 24(10) 60(41) 60(34) 54(34) 319(199)
New Mexico 1(0) 7(5) 5(5) 2(2) 2(2) 1(0) 12(10) 4(4) 0(0) 34(28)
New York 45(26) 46(40) 31(29) 56(27) 41(17) 36(11) 76(46) 59(36) 104(45) 494(277)
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North Carolina 21(7) 38(27) 2121) 35(23) 40(13) 26(12) 98(63) 25(16) 24(10) 328(192)
North Dakota 2(1) 0(0) 0(0) 0(0) 2(0) 2(1) 9(4) 1(1) 0(0) 16(7)
Ohio 903) 58(38) 7(6) 31(13) 36(8) 31(15) 62(35) 28(15) 38(17) 300(150)
Oklahoma 10(6) 43) 1(1) 5(1) A1) 5(0) 10(6) 2(0) 14(6) 55(24)
Oregon 22(12) 3(1) 6(6) 12(4) 12(1) 303) 113) 10(4) 103) 94(37)
Pennsylvania 29(18) 36(22) 26(26) 62(39) 44(13) 40(15) 100(59) 57(24) 43(26) 437(242)
Rhode Island 6(2) 22) 0(0) 41 22) 2(1) 6(2) 153) 2(1) 39(14)
South Carolina 8(5) 36(24) 1(1) 6(3) 24(17) 72) 25(19) 8(4) 13(4) 128(79)
South Dakota 0(0) T0) 0(0) 1(0) 1(0) (1) 3(0) 0(0) 3(0) 13Q2)
Tennessee 16(5) 9(7) 2(1) 20(12) 26(6) 14(4) 47(28) 135) 16(8) 163(76)
Texas 49(28) 130(84) 41(39) 69(33) 63(16) 59(19) 134(89) 101(37) 90(48) 741(393)
Utah 12(4) 17(13) 33) 73) 75) 11(5) 129) 6(2) 10(4) 85(48)
Vermont 1(1) 0(0) 0(0) 3(0) 0(0) 1(0) 0(0) 0(0) 1(0) 6(1)
Virginia 27(16) 223(173) 55(50) 28(16) 2009) 28(10) 159(97) 102(53) 41(18) 683(442)
Washington 17(12) 20(16) 2121) 28(16) 20(8) 22(12) 63(46) 23(10) 38(18) 252(159)
West Virginia 0(0) 53) T0) 4(4) 1(0) 0(0) 3(0) 1(0) 1(0) 16(8)
Wisconsin 20(13) 75) 202) 10(1) 24(3) 14(7) 43(28) 143) 22(6) 156(68)
Wyoming 0(0) 1(0) 0(0) 1(1) 0(0) 0(0) 1(1) 0(0) 21 53)
Total 899(499) 1239(862) 616(584) 900(499) | 900(314) 900(311) 2146(1374) | 1200(527) 1200(599) | 10000(556
9)

Table 4. Distribution of Job Postings and Technical Skills in All Job Postings by US States (The numbers in parentheses represent the number
of ads specifying technical skills while the numbers without parentheses represent the total number of ads)
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Figure 4. Heatmap for the Number of Standardized Job Postings by State (For improved visualization, the U.S. states have
been categorized into four distinct groups, as indicated on the map. Additionally, all values have been scaled by a factor of

10,000)
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To analyze demand for sub-discipline jobs by state, we used
the following formula to determine the top states in each
subject: (number of subject’s job postings in state/total number
of subject’s job postings) * (number of subject’s job postings in
state/total number of job postings in the state). Tables 5a and 5b
show the industry clusters per subject. The top states in the
accounting and finance industry are California, New York,
Pennsylvania, Texas, and Florida. On the other hand, the DMV
states (DC, MD, and VA) added to CA and TX are the top five
states in cybersecurity and data science job postings. The results
show that 27.38% (508 out of 1855) of cybersecurity and data
science job postings are in the DMV area.

Figure 5a shows the heatmap for cybersecurity job postings.
There are 1,239 cybersecurity job postings. 32.4% (402 out of
1,239) of the cybersecurity job postings are in the greater
Washington DC metropolitan area: 223 job postings in
Virginia, 100 in District of Columbia, and 79 in Maryland. This
is not surprising as the presence of the Federal Government and
the security agencies has made this area a hub for the fast-
expanding cybersecurity industry. Figure 5b derived from the
data reported in Table 3, shows that programming skills such as
Python, C++, and Java are in high demand for these jobs
including specialized cybersecurity software such as Intrusion
Prevention System, Cyberark, and Kubernetes. The figure
shows that 746 of the cybersecurity positions require
cybersecurity software skills. Similarly, in the appendix, we
provide heat maps for job postings in the other sub-disciplines
along with a figure showing the most important technical skills
demanded in the sub-discipline.

Percentage of Cybersecurity Jobs In Each State

Subject States

Accounting CA, AZ,FL, OR, CO, IN, NY,
GA, TX, MI

Finance CA, PA, TX, NY, IL, MA, NC,
OH, IA, WA

Healthcare CA, FL, TX, NC, AZ, SC, PA, OH,
TN, WI

Management CA, DC, VA, TX, NJ, MD, PA,
FL, NY, RI

Marketing CA,NY, TX, NJ, FL, MA, MN,

WA, OH, PA

Human Resources

CA,IL, MO, TX, IN, FL, GA, PA,
OH, MA

1T

CA, FL, VA, NC, TX, PA, MA,
WA, TN, OH

Data Science

CA, MA, IL, VA, NJ, MD, TX,
NY, WA, DC

Cybersecurity

VA, DC, TX, MD, OH, CO, GA,
SC, AL, CA

Table Sa. Industry Clusters per Subject

Subject

States

Accounting_Finance

CA, NY, PA, TX, FL, IN, IL, GA,
AZ, OR

Cybersecurity_Data
Science

VA, DC, TX, CA, MD, GA, OH,
MA, CO, NY

Management Market
ing

CA, NY, TX, NJ, VA, FL, PA,
MA, MD, DC

Table Sb. Industry Clusters Combining Two Subjects

Total Number: 1239

ur ND

ut

150

Figure 5a. Heatmap for Cybersecurity Job Postings by State
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Figure 5b. Technical Skills in Cybersecurity Positions

5. CONCLUSION

Using a dataset of 10,000 job posts, we conducted a deep
analysis using text mining techniques to uncover job trends by
business discipline and geographical location. We provide both
a visualization as well as a descriptive analysis of our findings.
We identify the most important technical skills demanded by
employers in different business sub-disciplines as reflected in
job postings and isolate the states in which these jobs are
clustered.

This information should be helpful to multiple
stakeholders. As job-seeking stakeholders (students, parents,
alumni) focus increasingly on student outcomes and job
placement, this paper helps identify the gap between the
education that universities provide, and the skills employers are
seeking. This helps universities address the gap through
curriculum redesign and relevant extracurricular activities,
ensuring that students are market-ready when they graduate. On
a more strategic level, it can help universities better formulate
their mission statements in line with the changing needs of the
marketplace. Because unlike past studies, we adopt a broad lens
and examine business jobs that encompass several sub-
disciplines, our study provides useful information for broad
curriculum revision as well as targeted curriculum revision for
different sub-disciplines captured in our study. Students can
leverage the findings of our study by adjusting their course map
and learning to ensure they acquire the technical skill sets
demanded by the market in the business sub-discipline that they
are targeting. Employers and companies can use the
information to calibrate their job postings to attract the most
skilled talent in an ever-increasing competitive job market.
Lastly, policymakers can use the information to make important
resource allocation decisions regarding retraining and reskilling
programs as they prepare the labor force for a knowledge
economy.

Our research suffers from some limitations. First, we draw
on a limited sample of 10,000 job advertisements that are posted
from 1/1/2020 to 5/31/2020. To the extent that technical skill
competencies demanded by the market may evolve rapidly, our
study may not capture some of the most current technical skills
required in some areas. Moreover, our study captures job
announcements at the start of the COVID-19 period and data
may have shifted following the pandemic. The study could be
replicated periodically to update the evolving nature of job
competencies. Second, as discussed earlier, we focus on
technical skills and do not consider soft skills which may be as
or even more important than technical skills in some contexts.
We acknowledge the importance of soft skills in today’s job
market and recommend this for future research. Lastly, our data
mining techniques may introduce some bias, however, this is a
limitation common to all data mining studies. On the other
hand, our methodology can be used in other fields beyond
business and information systems to identify skills gaps in the
respective fields and help the development of relevant curricula.
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APPENDIX

Heat Maps for Job Postings and Figures for Important Technical Skills in Other Sub-Disciplines

Figure 6a shows a heatmap for IT jobs posting. The data shows that there are 2,146 IT jobs posting. The highest three states in IT
job postings are California (276), Virginia (159), and Florida (148). No IT job postings in Alaska and Vermont. 1,374 out of IT job
postings mentioned the technical skills required for the positions. Figure 6b shows coding skills like Python, C++, and Java adding
to data visualization, database, and data mining techniques are needed in IT job postings.

Percentage of IT Jobs In Each State
Total Number: 2146
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Figure 6a. Heatmap for IT Job Postings by State
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Figure 6b. Technical Skills in IT Positions
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Figure 7a shows a heatmap for marketing job postings. The data shows that there are 1,200 marketing job postings. The highest
three states in marketing job postings are California (238), New York (104), and Texas (90). No marketing job postings in New
Mexico and North Dakota. On the other hand, out of the 1,200 marketing job postings, there are only 599 mentioned with the
technical skills required for the positions. Figure 7b shows the technical skills required in the marketing jobs listed. Software like
CRM, salesforce, Marketo, Mailchimp, data visualization, and machine learning skills are needed in marketing job postings.
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Figure 7a. Heatmap for Marketing Job Postings by State
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Figure 7b. Technical Skills in Marketing Job Postings
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