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Abstract— This innovate practice research is a work in
Progress. Curriculum for technology programs must remain
current with the recent developments and present needs of
industry to ensure their continued success. Identifying and
incorporating the newer developments requires a knowledge of
those things that are important to the commercial users of
technology. We have proposed and are testing a methodology that
can easily allow educational programs to remain current using
natural language processing followed up with confirmatory
surveys. Our research used employment postings and website
descriptions of ongoing research/ product development from
technology companies to identify current interests. This data
provided a window into where companies have invested their
resources for future growth, which we used to understand where
their technology needs were. The findings will then be used to
determine what changes a program should make in their
curriculum to address these needs.
The information from these different sources was collected
from the websites of selected technology companies as well as from
technology related job listings. We then programmatically
determined the ten most frequent words found in each subsection
of the job listings search parameters. A correlation analysis for
each word was obtained to give a context to the words in the
resulting corpora. Our next step in developing this process was to
extract more focused topics in our data from the correlations using
focus topics extracted from the information available in the
technology companies’ sites.
The process used to focus the topics in our data was started by
capturing research and services related to health informatics and
bioscience informatics. These research and services were obtained
from a sample of 34 local and 39 national companies. The
University of Massachusetts’ (Amherst) free and open source
machine learning toolkit, MALLET, was used to discover the
topics present in the datasets via Latent Dirichlet Allocation
(LDA) and then compare and interpret each topic present in the
job posting frequent word correlations. This allowed us to
determine more specific informatic subjects of interest along with
the importance of these subjects to industry.
Immediately following the analysis, we will incorporate our
results into a survey, which will be sent to the companies that we
identified in our data search. This will be used to validate our
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findings as well as obtain more specific information on their needs
related to the curriculum. This second component will allow us to
obtain more actionable information for making and incorporating
new information and materials into the curriculum.
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I. INTRODUCTION
Informatics and technical innovation have rapidly
developed in biotechnology and healthcare technology
industries in the United States over the last two decades [1, 2,
3]. A problematic gap in the ability to use these innovations
that originated in academic and industry settings, including
smaller startup biotechnology companies and large
pharmaceutical companies, has led to a need for increased
collaboration. [4 - 9]. Globally, biotech and pharmaceutical
industries are seeking to collaborate with academic
researchers to acquire the necessary information and expertise
to fully utilize these innovations using curriculum and
collaborations that address these needs. [5, 6, 9, 10].
However, published research pertaining to the transfer of
innovation from academia to industry knowledge over the last
five to ten years specific to the United States was not found.
We put forth that bridging this gap can be partly addressed by
a better understanding the needs of industry when designing
curriculum in computer science, informatics and engineering
courses.
There is an obvious concern that academic institutions
should not become “trade schools” for industry and thus lose
their mission of exploring and expanding the body of
knowledge in each respective area. This research is premised
on the belief that situating academic learning and research in
actual problems, especially in the STEM disciplines, provides
a good learning environment while simultaneously allowing for
theoretical development of new knowledge. This will motivate
students to perform at higher levels due to the future
possibilities after graduation while also increasing the

opportunities for translational research based on theoretical
development.
A. Background
Our research originated when the Department of Bio-Health
Informatics (DBHI) at the Indiana University School of
Informatics and Computing, Indianapolis was approached by
local biotech companies to develop course offerings
specifically to address this lack of knowledge. However,
because of the financial and time constraints of enrollment for
advanced degrees, an appropriate short-term solution to bridge
this knowledge gap was to create course offerings that provide
specialized training for employees. The subject matter
curriculum for these course offerings needed to be pertinent to
the local biotechnology and healthcare technology industry.
However, as we began this research, we determined that the
model we were developing would have application to all
technology education. Therefore, we are presenting our model
to help other institutions develop curriculum that is relevant and
meaningful to the industries that will seek their graduates.
Our working model to develop the curriculum for these
course offerings involved multiple stages. First, a panel of
subject matter experts were assembled to understand the
broader needs of the bio health technology industry. The next
stage in the process provided a way to assess the presence of
the reported biotechnological demands using Natural Language
Processing (NLP) on state and national job listings and
biopharmaceutical as wells as healthcare technology research
and services. It is those results that are presented in this article.
Our final stage in determining the curriculum offerings will use
a questionnaire that will be administered to local biotechnology
and healthcare technology businesses to further refine and
validate our findings and conclusions from the NLP analysis for
actual curriculum development.
B. Implementation of Natural Language Processing
Natural Language Processing has been used for multiple
applications in the research setting that can translate to
curriculum development. Words and phrases are identified in
large bodies of literature to reveal trends or changes in content
and even concepts [13-16]. These techniques have previously
been employed in the development and evaluation of medical
education curriculum [13]. Using these capabilities, the
informatics and technology training needs of local industry by
observing what they were actively seeking for their commercial
success. Initially, we utilized the information extraction
capability of NLP to obtain the most frequent words found in
job listings that pertained to informatics-based skills
communicated by healthcare analytic and biopharmaceutical
/biotechnology businesses. We then examined these words using
correlational analysis to understand the context of the
technological demands of industry. Because this context was
broad, more focused topics in the Bio-Health technology
sectors’ research and services were obtained to interpret and
focus the demands. These findings will then be confirmed by
asking the local business leaders how well our model has
captured their needs by using a survey methodology.

II. METHODS
The process in understanding the healthcare technology and
biotechnology demands for targeted curriculum development
involved a multistep process An advisory board of subject
matter experts (SMEs) from the biotechnology and healthcare
technology industry provided us with a direction and a
description of potential needs that these business sectors had
identified.
Using these findings, we developed our methodology then
applied it to the state level for further refinement and validation.
Our location in Indiana guided this part of our development
cycle. We then applied it to the national level in the United
States. The resulting model was based in the needs of
biotechnology and healthcare technology at both the state and
national levels (Figure 1).
To investigate the informatics demands within the state as
well as national healthcare technology and biopharmaceutical
companies, data describing the needs of these companies were
obtained via job postings. These job postings were scraped from
Indeed.com, a national job posting website that provides listings
with a high specificity to these companies. Search parameters
that returned job postings requesting talent to have or perform
informatics-based tasks were also optimized. The resulting
search parameters used on Indeed.com included full, part-time,
or internship jobs in the state of Indiana and the United States
pertaining to biotechnology, research scientist, scientist,
healthcare analytics, and healthcare information technology.
The returned jobs were scraped, downloaded, and analyzed. The
Google Chrome extension Web Scraper API extracted the job
data from each search and exported these as a CSV file.
Subsequently, the downloaded data were divided into two
categories using the original search descriptors. Biotechnology,
research scientist, and scientist were grouped into
biopharmaceutical jobs, and healthcare analytics and healthcare
information technology were grouped into healthcare
technology jobs. The data collection was conducted from
November 2019 through February 2020. The biopharmaceutical
jobs totaled 348 at the state level and 452 at the national level.
The national healthcare technology jobs obtained totaled 246
and the state jobs totaled 201. These data were analyzed and
interpreted according to their respective regional categories.
A. Data Processing
Each category of data was formed into a corpus with Ingo
Feinerer’s “tm” package for R’s “Corpus” function. The
corpora for the job listings were transformed in six steps.
Whitespace was stripped, letters were converted to lowercase,
and all numbers and punctuation as well as common words in
the English language were removed [17]. Subsequently, words
that were not pertinent to the companies’ informatics needs such
as retirement benefits, were also removed. The processed corpus
was transformed into a term document matrix with the “tm”
package previously referenced. These data were sorted by word
frequency and the transformed corpus visualized with a word
cloud.
After obtaining the ten most frequent words for each listed
category, words correlated with these words in the data were
obtained to determine the relevant contexts from which the
words were used in the job postings. The word correlations with

local and national level, focused informatics topics were used to
determine potential curricula.
III. RESULTS
A. State level biopharmaceutical and healthcare jobs analysis

a Pearson correlation value of 0.4 or greater as determined by
“findAssoc” method in the previously referenced “tm” package
for R were examined for relevance to the informatic or analytical
aspect of a business’s needs through visual inspection.
Correlations that described a company’s adherence to state and
federal laws, employee benefits, or contractual agreements
required for the hiring process were disregarded.
To further understand the applicability of the frequent words
and their correlations, a comparison was made to topics
extracted from biopharmaceutical and healthcare technology
companies’ research and services descriptions. 34 companies’
descriptions were obtained from the top 100 life science
companies (by employment) in the state of Indiana as reported
by BioCrossroads® [12] that offered a description of their
current research or services for agricultural development, drugs
and pharmaceuticals, health information technology, or
research, testing, and medical laboratories available on the
company websites. Implementing the same process at the
national level, 39 high-grossing biopharmaceutical and
healthcare research/technology companies’ available research
and services were obtained. The health information technology
companies
were
analyzed
separately
from
the
biopharmaceutical companies to maintain an understanding of
the research and services that are specific to each field.

Table 1 Indiana biopharmaceutical and Healthcare job listings 12
most frequent words

The analysis of the biopharmaceutical and healthcare
technology job listings for the state of Indiana showed frequent
words that pertain to data management and analytics such as
data, technology analytics, and technical (Table 1, Fig. 2 & 3).
Next, the correlated words to the most frequent words were
examined.
From this we determined the state level biopharmaceutical
companies’ drive for software development in data acquisition
and analysis to optimize product pipelines (Fig. 2). Word
correlations such as architecture, applications models, and
software to the frequent word experience along with innovation
to the frequent word technical revealed this demand.
Additionally, correlations such as metrics and query to the

A Latent Dirichlet Allocation (LDA) method utilized by the
tool MALLET extracted 20 topics per state and national
company research category. These topics were compared to the
corresponding category of national and state job listing word
correlations to refine an understanding of the informatics needs
present in the listings. After the topics were refined with the
domains found at the local and national level, obtained
informatics topics were used to determine the curriculum
development of potential course offerings
B. Topic Discovery
The University of Massachusetts’ (Amherst) free and open
source machine learning toolkit, MALLET, was used to
discover the topics present in the datasets via Latent Dirichlet
Allocation (LDA). 20 topics per state and national company
research category were obtained. These topics were compared
to the corresponding category of word correlations to refine an
understanding of the informatics needs present in the listings.
After the correlations were refined with the topics found at the

Fig. 2 Indiana biopharmaceutical job listings most frequent words

healthcare technology category job postings, data, business,
clinical, analytical, and information were among the most
frequent words (Table 2, Fig 5). Examining the words
correlated to these frequent words showed the
biopharmaceutical postings focus on analyzing and
implementing information gathered through research (Appendix
C). Additionally, healthcare companies’ concentration on
storing data and making data driven business decisions were also
found through these correlations (Appen. D).

Fig. 3 Indiana healthcare technology job listings most frequent words

frequent word data and evaluation to the frequent word technical
showed the industries reliance on data analytics to optimize
product development.
The correlations to the healthcare technology job listings
were found to focus on data security, storage, and access
(Appen. B). Frequent words correlated with words in the
listings such as security, cryptography, and security operations
center revealed a drive for security while demand for data
storage and access were understood with correlated words such
as centralization, Healthcare Information Management Systems
Society (HIMSS) as well as Databricks and NoSQL.
B. National biopharmaceutical and healthcare jobs analysis
A comparison of the job postings of national
biopharmaceutical companies to those pertaining to national
healthcare technology revealed differing informatic-based
demands in these two industries. Among the top ten-word
frequencies in the national biopharmaceutical companies’ job
postings experience, research, development, and data were the
first three most frequent words (Table 2, Fig 4). From the

The correlations to the job postings’ frequent words for the
associated biopharmaceutical companies gave insight into the
data demands for analytical pipeline development (Append C).
Words such as analytical and validation that are correlated to
development as well as designing, engineering, develop,
implement, scale, and robust correlated to the frequent word cell
demonstrate aspects of this pipeline development. Other
correlations to frequent words also demonstrate current research
interests of the companies posting the jobs. For example,
microbioreactors, transfection (CRISPR system), and clonal/
antibody assay all pertain to frequent knowledge domains in the
gathered postings.

Similarly, correlations in the national healthcare job postings
reveal a reliance on stored and processed data to drive business
decisions (Appen. D). For example, the word correlation
between data to SQL, query, analysis, visualization, and tableau
along with correlations between medical to database, coordinate,
assessments, and screenings show the demand for data access
and visualization to drive business decisions. The correlations to
the word analytical for national healthcare companies add to the
evidence for the demand for analytic processes with words such
as AAAI (Association for the Advancement of Artificial
Intelligence) and high dimensional.
C. LDA to model topics in research and services
In the next phase of our curriculum development, the general
topics discovered in the frequent word correlations for state and
national categories of job listings were compared to 20 topics
extracted by the tool MALLET via LDA from each category of
companies’ research and services. These topics were used to
focus the business demands described by the word correlations
in order to determine possible subjects for future curricula
development. A complete list of topics extracted for each
category of research and services obtained is available in
Appendices E – H.
At the state level, the biopharmaceutical companies most
frequent topics pertained to protein functional and structural
studies such as biomarker screening, monoclonal antibody
studies, and cytokine release assays (Appendix E). Studies
implementing genetic manipulation and observation were
prevalent at the state level as well with topics covering interferon
beta expression for tumor suppression, high throughput
platforms, CRISPR, and gene therapy. When these topics were
applied to the frequent word correlations revealing the drive for
software development to acquire and analyze data along with
optimizing product development, the useful topics for possible
curriculum were determined to be protein identification of
structure and function optimization with machine learning as
well as machine learning applications to gene sequence and
function identification.
When Indiana healthcare technology research and service
topics were examined (Appen. F), topics specific to data access,
analytics and security were identified. These topics were present
in the correlations from the job listings at the state level
indicating a strong demand in this sector for these topics.
Specifically, topics such as electronic medical systems
enrollment, optimizing healthcare testing, and analysis of stroke
research, data integrity in clinical trial management, and
managing patient data in analysis pipelines were drawn out from
the body of research and services data. These specific topics
were used to interpret the demand for data access and security
found in the frequent word correlations. The topics for the
development of a curriculum specific to Indiana institutions
interpreted from these data were cyber security in electronic
health applications and database applications with the
development of a centralized platform for research analysis.
The national research and services for biopharmaceutical
companies’ topics returned topics that focused on therapies at
the cellular level such as stem cell therapies, anticoagulant
bleeding treatment studies, and immunogenicity tolerability
(Appendix G). Topics particular to disease research such as

multiple sclerosis, Alzheimer’s, HIV, and HCV were also
described by the topic extraction. Interpretation of the frequent
word correlation with these specific topics yield curriculum
recommendations presenting techniques in machine learning to
optimize product/drug pipeline development as well as to
providing robust research data analytics to those institutions
who recruit students nationally.
Topic categories pertaining to disease were found in the
national healthcare technology research and services data as
well (Appendix H). Topics pertaining to cancer studies such as
prostate cancer, adenomas, immunotherapy for tumor treatment,
sequencing cancer cells, and leukemia. Diseases and pathogen
topics returned were coronavirus, cardiovascular disease, and
brain disorders. Additionally, optimization using technology in
data collection and patient experience during treatment were
returned as topics found in healthcare research. Data analytics
and visualizations applied to electronic health records and
research data from the previously listed diseases were the
interpreted areas for curriculum relevant for academic
institutions who have a primarily national recruiting goal.
a.

IV. DISCUSSION
From our analysis, it was observed that the correlating words
described a context more specific to research areas in the
national subset of the job listings as compared to the state level.
A possible explanation for this finding lies with the number of
unique job listings’ available in the national subsets. There were
104 more biopharmaceutical jobs and 45 more jobs for
healthcare technology nationally compared to the state jobs that
were acquired for our analysis. The smaller job availability at
the state level can be addressed by scraping state jobs every 30
days until the amount of the unique national job listings are
reached. The larger number of unique job listings would provide
more correlations and context to the frequent words obtained for
each category.
Although the Mallet topics extracted from the research and
services available on companies’ websites enabled a more focus
understanding of the word correlations drawn from job listings,
these data were drawn from only published material or links
made available on the websites of the companies investigated.
Because this body of data is a subset of research and services, it
does not represent the complete body of research each industry
was actively performing. A possible solution to the gaps in this
data would be found in acquiring patent submissions or grant
offerings from industry. Topics extracted from these data would
then give more complete and current interpretations to the job
listings’ informatics demands found in the word correlations.
A. The next stage of research methodology
Our research to date provides a very good idea of the areas
for curriculum development but lacks granularity in the specific
course content that could be developed. The balance between
providing a complete education while addressing issues relevant
to industrial needs, especially in innovative areas, is imperative
to achieving the needs and goals of the academic and the
business communities. The initial stage of our research goes a
long way to identify the balance, but curriculum development
requires more.

We identified that the best way to accomplish this joint goal
was to conduct further research with industry. We determined
that a survey methodology would provide us with the means to
validate our previous findings while further refining our
information for the curriculum development.
We are in the process of developing a short survey
instrument to collect additional information from the companies
that we included in the initial stages. This survey instrument will
be designed to collect multiple data points that are relevant to
curriculum development. In particular, we will measure two
elements that have a direct value in curriculum development, the
need for specific topics to be included in the curriculum and the
relative perceived value of each topic to the business. We will
use a gap analysis methodology to determine the first and a value
allocation methodology for the second.
The gap analysis model measures the difference between
importance and satisfaction with the current educational
opportunities in specific informatics skills. We will use the NLP
results, correlation findings and the LDA results to develop a set
of offerings, which we will incorporate these into our survey
instrument. Example survey questions for collecting this
information are provided in Appendix I. These would be
modified to be culturally and institutionally relevant for each
setting.
Value allocation is a methodology that determines the
relative importance of each offering based on the business’s
willingness to pay for the offering. It grounds the data collection
in an actual cost exercise, which brings an element of realism
that is absent in other survey questions. We will use a two-step
process. The first is to ask if the respondent would purchase the
offering. The second then takes positive selections and asks
them to allocate a budget across all of those they selected.
Example survey questions for collecting this information are
provided in Appendix J. These would be modified to be
culturally and institutionally relevant for each setting.
We analyze the resulting data to find the aggregate
likelihood of purchasing these educational offerings and the
relative value of each. These results can then be used to develop
a plan for curriculum development that more directly targets the
needs of the biotechnology and healthcare technology
industries, thus improving the currency and desirability of our
curricula for our students and for producing translational
research based on academic findings.
V. CONCLUSIONS
The apparent technological knowledge gaps that existed
between academia and industry led to the work-in-progress
multi-stage curriculum development model to bridge those gaps.
We are developing a model that incorporated data analytics with
primary research to identify topic areas for curriculum
refinement and development. The initial data analytics stages
have been productive in elucidating topical needs of industry
that can form the milieu for an academic education in
informatics, a STEM discipline. Our primary research stage will
provide the granularity needed to begin the process of ensuring
that our courses meet the needs of multiple stakeholders for our

institution. Once validated, this model can be used at all levels
in STEM education to ensure the continuing success of our
organizations.
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APPENDIX A:

APPENDIX B:

APPENDIX C:

Table C: Frequent word correlations to national biopharma job demands

APPENDIX: D

Table D: Frequent word correlations to national healthcare job demands

Appendix E:

APPENDIX F:

APPENDIX G:

APPENDIX H:

APPENDIX I:
Example Survey Items for conducting Gap Analysis

1. How important is it to you that your employees have the ability to…

Informatics Skill 1
Informatics Skill 2
Informatics Skill N

Not at all
important
1




2




3




4




5




6




Extremely
Important
7




2. Now, how satisfied are you with the educational opportunities available for Indiana professionals in…

Informatics Skill 1
Informatics Skill 2
Informatics Skill N

Not at all
Satisfied
1




2
 
 
 

3




4




5




6




Extremely
Satisfied
7




APPENDIX J:
Example Survey Items for conducting Value Allocation

1. BHI is thinking of developing the following educational modules in informatics for the local community in
the health/bioscience industries. Please read and think about this these proposed offerings and let us
know the following…
Would you
engage with
DBHI to
purchase this
training?
NEW TRAINING PROGRAMS
a. Informatics Offering 1
b. Informatics Offering 2
c. Informatics Offering N

YES  NO
YES  NO
YES  NO

2. Now let’s revisit the offerings that you said you would purchase from DBHI. Assume that your
educational budget was $100. How would you allocate your budget across these programs based on
how valuable it would be to your business or organization?
How much would you spend out of $100
Informatics Offering 1
Informatics Offering 2
Informatics Offering N

Dollars

