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ABSTRACT 
Aim/Purpose This study aims to identify the influential factors in the application of Ap-

plied Data Science in healthcare. 

Background The research examines the historical adoption and use of Applied Data Sci-
ence in the healthcare industry, addressing the specific question: What are 
the factors that influence the use of Applied Data Science in healthcare 
throughout the history of information technology? 

Methodology The study was conducted using a systematic literature review methodology 
following Kitchenham and Charters’ (2007) protocol, which includes plan-
ning, conducting, and reporting the review. 

Contribution The study contributes to understanding key factors that shape the adoption 
and application of data science technologies in healthcare. 

Findings The study used thematic analysis and identified six factors that influenced the 
application of Applied Data Science in healthcare: deep learning, data organi-
zation, medical or healthcare applications, techniques used, data and compu-
ting infrastructure, and language systems. 

Recommendation  
for Practitioners 

The study recommends that the application of data science should adapt in 
response to advancements in technologies and computing infrastructure. It 
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further suggests that recent developments in these areas may drive a signifi-
cant transformation in the field. 

Recommendation  
for Researchers  

The study recommends further examination of the evolution of applied data 
science in healthcare, especially from 1975 to 1990, when limited primary 
studies were available.   

Impact on Society The results highlight the importance of technological infrastructure, 
advanced learning models, organized datasets, and ethical considerations for 
effective data science integration in healthcare. 

Future Research Future studies should explore the timeline more, particularly in the time 
frame of 1975 to 1990, when a gap in the literature was found. Studies could 
also investigate regional differences, especially focusing on how differences 
in incomes and GDP affect healthcare data. Additionally, further research 
should expand beyond the ACM Digital Library to create a more compre-
hensive view of the field.  

Keywords applied computing, life and medical sciences, health informatics 

INTRODUCTION 
The use of the term “data science” dates back to 1962, as stated by Tukey (1992) and Peter Naur 
(1992). Naur (1992, p. 21) defined it as the “science of dealing with data, once they have been estab-
lished, while the relation of the data to what they represent is delegated to other fields and sciences.”  
Over the years, the definition of data science has evolved. Kotu and Deshpande (2018, p. 1) define 
data science as the “collection of techniques used to extract value from data … finding useful pat-
terns, connections, and relationships within data.” Data Science is increasingly recognized as a critical 
component of healthcare, enabling insights from large-scale data sources to inform decision-making 
and improve patient outcomes, as conveyed by Copenhaver et al. (2019).  

Applied data science is a subset of data science that falls under the umbrella of information technol-
ogy (IT). Spruit and Lytras (2018) mention applied data science, stating that its primary aim is to im-
prove the world around us by reaching maximum social impact. This aligns with the framework of 
the IT discipline, as mentioned in “A Framework for the Discipline of Information Technology” by 
Said et al. (2021). As compared to general data science, applied data science research is primarily fo-
cused on applying machine learning techniques for solving challenging problems in the day-to-day 
practices of domain experts by developing advanced software systems that can provide an effective 
and efficient end-user interface to incorporate machine learning or statistical techniques into. In ap-
plied data science, it is not necessarily a primary objective to create new statistical and machine learn-
ing techniques for doing data science more effectively (Spruit & Lytras, 2018). 

Rapid digitization and initiatives such as the Health Information Technology for Economic and Clin-
ical Health Act have driven unprecedented data growth from electronic medical records, imaging, 
and other sources. A greater wealth of data not only serves to improve patient care but furthers med-
ical research. Copenhaver et al. (2019) noted that the potential of data science in health is developing 
and optimizing clinical care and therapeutics to improve operations management and resource alloca-
tion. Such data can be mined, processed, and analyzed to uncover specific human traits, biological 
dynamics, and social interactions. However, it was also a driver behind the health sector that adopted 
data science and analytics to match the increasing costs, quality, and safety challenges.  

Many barriers, such as poor quality, scarce resources, and high patient confidentiality needs, impede 
the translation of research in data science into tangible patient care. To this end, as expressed in Co-
hen and Kovacheva (2023), several researchers have discussed various approaches that could make 
the architecture of such a collaborative healthcare platform both scalable and resource-efficient. Data 
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science applications in medicine and healthcare empower the industry to enhance patient data access, 
analysis, and treatment outcomes. Cohen and Kovacheva (2023) introduced the MERLIN platform, 
which is scalable and collaborative to accelerate the development of AI models in health care. The 
platform automated data acquisition from Electronic Health Records, which can speed up the high-
volume processing of multimodal datasets. This system enables the researcher to conduct real-time 
cohort generation and dataset analysis, accelerating the development of clinical AI models and im-
proving healthcare delivery. Data science is thereby proving crucial for reducing resource-intensive 
bottlenecks in AI research.  

The extraction of insights that may be transformed into actionable information in large sets of 
healthcare data is emphasized as one of the significant tools in enhancing decision-making, patient 
care, and operational efficiency. AI-driven data analytics seeks patterns to enhance diagnosis, treat-
ment planning, and resource allocation to drive improved patient outcomes. AI and data science are 
now related, so considerable contributions to medicine are happening in every aspect, including diag-
nosis, patient monitoring, and predictive analytics. Kavitha et al. (2023) give a bibliometric analysis 
regarding large language models, such as ChatGPT, and their growth in importance in healthcare. 
Applications of LLMs include clinical decision-making, interaction with patients, and analysis of 
medical literature. Such models have proven especially effective in enhancing healthcare information 
retrieval, diagnosis assistance, and patient communication. However, bias and ethical considerations 
remain some of the challenges with using this technology. Data science will continue to leverage the 
important roles of LLM capabilities toward better healthcare systems by processing extensive data 
and creating insights from it in real-time.  

Wieben et al. (2023) conducted a review of data science applications in nursing practice, focusing on 
trends in 2021. The review emphasizes how data science-driven tools are used to address nursing-
sensitive indicators and improve healthcare outcomes. Predictive modeling and machine learning al-
gorithms enable healthcare professionals to anticipate patient needs, optimize care protocols, and im-
prove operational efficiency. The integration of data science in nursing has shown significant poten-
tial to improve patient care and streamline clinical decision-making, thereby enhancing patient out-
comes. 

Kushwah et al. (2024) analyzed the progress of data science in healthcare, education, and urban plan-
ning, underscoring its ability to extract meaningful insights from complex data. In healthcare, this 
translates to using big data analytics and machine learning to revolutionize medical diagnostics, treat-
ment planning, and patient management. Consequently, healthcare providers can make more in-
formed, personalized treatment decisions, which directly improve patient outcomes and streamline 
the overall delivery of care. 

Katsoulakis et al. (2024) provided an overview of the applications of digital twins (DTs) in 
healthcare, which represents a cutting-edge use of data science. In this work, they explain that digital 
twins simulate patient conditions and medical procedures, offering predictive tools that enhance 
treatment outcomes. Data science plays a pivotal role in their work, refining DT models through the 
integration of big data and AI, which helps optimize treatment protocols and supports real-time 
decision-making in healthcare settings. Inam et al. (2024) explore the potential of health data science 
to address the rising burden of cardiovascular diseases (CVD) in Africa. Data science facilitates the 
collection, analysis, and interpretation of large datasets to identify health trends and improve 
healthcare outcomes. By leveraging AI and machine learning, health data science helps policymakers 
and healthcare providers in Africa make informed decisions about CVD prevention and treatment. 
The application of data science in this context is crucial for addressing the unique healthcare 
challenges faced by low-income and middle-income countries (Inam et al., 2024). 

Causio et al. (2024) discussed the potential of AI and data science to revolutionize healthcare in Italy, 
focusing on insights from the Italian Society for Artificial Intelligence in Medicine. AI applications 
such as remote patient monitoring, machine learning algorithms for diagnostics, and large language 
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models for medical communication are explored as key innovations. Data science is fundamental to 
the success of these technologies, helping to streamline healthcare processes, improve patient care, 
and support evidence-based decision-making in the Italian healthcare system. 

The paper by Subrahmanya et al. (2021) explored the transformative impact of data science on the 
healthcare sector. The paper highlights how big data analytics, machine learning, and data mining 
have revolutionized healthcare by improving decision-making, patient care, and operational effi-
ciency. The authors discuss how Electronic Health Records and data collected from IoT devices can 
be analyzed to predict disease patterns, optimize treatment plans, and improve patient outcomes. In-
tegrating data science into healthcare enables early detection and personalized treatments, enhancing 
delivery and reducing costs. Xu et al. (2022) discuss the application of data science in healthcare, with 
a focus on transparency, explainability, and human-centered artificial intelligence (AI). The emphasis 
on explainability and ethical AI ensures that healthcare providers can trust and effectively use these 
technologies to enhance patient care and outcomes. Xu et al. (2022) also highlight interdisciplinary 
collaboration between academia, industry, and regulatory bodies to foster innovation in healthcare 
through data science. 

The research on applied data science in healthcare so far underlines that making proper use of the 
huge volume of healthcare data, which is generated through electronic health records, IoT devices, 
and wearable technologies, is very important, as mentioned by Abedjan et al. (2019). Although ex-
perts recognize applied data science as a potential field in healthcare services, there is a possible gap 
in understanding why its application is necessary for addressing certain critical challenges in 
healthcare services. The reviewed literature identified the research gaps mentioned above, and based 
on those, the following research questions have been identified. 

RQ1: How has the adoption of applied data science in healthcare changed over time? 

RQ2: What key factors have driven the adoption of applied data science in healthcare? 

METHODOLOGY 
The study uses a systematic literature review methodology following Kitchenham and Charters’ 
(2007) protocol, which is structured into three phases: planning, conducting, and reporting the re-
view. This method was chosen due to its clear stages and use of clearly defined inclusion and exclu-
sion criteria. 

SEARCH PROCESS 
The study used the ACM Digital Library as the data source due to its focus on technology and the 
fact that it contains 760,190 full-text articles and 24,445,802 citations in the database as of October 
12, 2024, as found on the Association for Computing Machinery (n.d.) digital library’s About ACM 
DL page. Papers from the database were searched using the following query:  

“query”: {AllField:(applications of data science in healthcare) AND All-
Field:(history of applied data science) AND Title:(medicine) AND All-
Field:(healthcare)} “filter”: {ACM Content: DL} 

The search was conducted on Saturday, October 12, 2024, by accessing the ACM digital library via 
the University of Cincinnati Libraries. The initial search returned 507 articles. These articles were 
saved within the ACM digital library account, and a bibliography was exported. The bibliography was 
uploaded to Rayyan for sorting and review. Rayyan is a software for organizing systematic literature 
reviews that was developed by the Qatar Computing Research Institute (QCRI). It is available in free 
and paid modes, depending on the researcher’s needs. This review utilized the paid student tier to or-
ganize the articles. 

Once the bibliography was loaded into Rayyan, the duplicate article’s function was used to identify 
articles it found that appeared to be duplicated. The system looks at the title and abstract to make 
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this determination and brings any articles showing 90% or greater similarity to the researcher. Rayyan 
found 13 articles that met these criteria. Upon review, seven of these articles were found to be dupli-
cates, and one copy was deleted. The remaining copy was retained in the system. 

The articles were then screened for applicability to the research question. The researchers developed 
a list of inclusion and exclusion criteria (Table 1). These criteria were chosen to focus on the factors 
involved in the adoption and history of using applied data science in healthcare. The screening pro-
cess was completed using Rayyan’s “screening” function, which allows researchers to include or ex-
clude articles or mark them as “maybe” for further review. One researcher read the article titles and 
abstracts in the software and assigned a status of yes, no, or maybe. This researcher could also add 
comments explaining why the article fell into its respective category. After the first reading of the ti-
tles and abstracts, the second researcher performed the same steps using Rayyan. Rayyan software 
allows each researcher to screen articles in a “blind” mode, where each review is completed without 
revealing the other screening results. After screening, the two researchers matched 95% of the arti-
cles. The 25 articles where there was disagreement were then reviewed and all were found to have 
been rated as maybe or to be excluded by each of the reviewers. The decision was made to remove 
these articles because neither reviewer had marked them for inclusion. Using the criteria shown in 
Table 1, 213 articles met the criteria, and 19 did not. There were 59 articles placed into the “maybe” 
category, which were then removed after reviewing the abstracts a second time for applicability to the 
research question.  

Table 1. Inclusion and exclusion criteria 

Inclusion criteria Exclusion criteria 

Articles available in full text. Articles focused on data science as a the-
ory and not as applied to healthcare. 

Articles are written in English. Articles only incorporate applied data sci-
ence with no historical information. 

Articles discuss the history of applied data 
science in healthcare. 

Documents that contain only opinions.  

Articles are taken from peer-reviewed 
publications. 

 

Article is a full study, a meta-analysis, or a 
structured literature review. 

   

QUALITY ASSESSMENT 
The researchers then scored the remaining 213 articles as Slightly Focused, Semi-Focused, and Fully 
Focused. The researchers read the title and abstract of each article again to ascertain how well the ar-
ticle answered the question shown in Table 2. Completing this review allowed the researchers to 
measure the relevance and applicability of the topic of exploring the history of applied data science 
within the healthcare industry. Once the scores of both researchers were compared, a final score was 
tabulated. The majority (61%) of the articles were found to be fully focused on the topic, while 
21.6% were semi-focused, and 17.4% were only slightly focused. No articles were found to be unfo-
cused due to the prior screening of the search results.  

Table 2. Quality assessment of the included articles 

Question Slightly focused Semi-focused Fully focused 
To what degree does the article discuss 
the use of applied data science in 
healthcare?  

37 (17.4%) 46 (21.6%) 130 (61%) 
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THEMATIC ANALYSIS 
In preparation for thematic analysis, the 213 remaining articles were downloaded as full-text PDFs 
from the ACM Digital Library. The ACM uses policies that forbid automated or scripted download-
ing, so the articles were downloaded individually by using the article’s DOI included in the bibliog-
raphy downloaded previously. A list of these articles are included in Appendix A1.  These full-text 
PDFs were then loaded into a Python environment within Google Colab (https://colab.re-
search.google.com/). Google Colab offers a cloud-based solution, providing a Jupyter notebook en-
vironment with access to graphics processing units and tensor processing units that exceed the 
speeds of either researcher’s computers, allowing for faster processing of the documents.  

Once the files were loaded, a script was written to search the PDF text for words having three or 
more letters per word. This script is shown in Appendix A2. These criteria were chosen to capture as 
many words as possible while eliminating two-letter words that often do not contain useful infor-
mation. This list contained 82,491 words. After this list was created, the text preprocessing tech-
niques explained by Dudhabaware and Madankar (2014) were applied to the list of repeated phrases. 
Some steps from their process were omitted, and the steps did not apply to the research of this arti-
cle. Sentiment Analysis was the first step omitted because there was no need to measure the senti-
ment to construct a timeline.  

Named Entity Recognition (NER) was then applied to the list of repeated phrases in accordance with 
Dudhabaware and Madankar’s (2014) protocol.  This was completed using the spaCy.io model via 
the script shown in Appendix A3. The NER model within spaCy looks for numbers without text, 
named organizations or people, and numeric dates. This created a column in the data to be used after 
other steps took place.  

The next technique applied to the spreadsheet was lemmatization, shown in Appendix A4. Lemmati-
zation is a method to reduce words to their root form to identify similar terms. This process occurs 
using a dictionary and morphological analysis to determine different inflections or tenses of words 
(Manning et al., 2009). This technique was used instead of stemming, as Dudhabaware and Madankar 
(2014) called for because it better identifies the root word. Stemming is more likely to delete letters at 
the end of the word, with no context to the root word, and can misidentify tenses. After lemmatiz-
ing, the terms that were duplicated in their new form were combined into one row in the spreadsheet 
using the script in Appendix A5. After downloading this combined document, the first researcher 
looked through any words that only appeared once and deleted any unrelated to applied data science. 
The words that were tagged with Named Entity Recognition were also checked, and all were deleted 
due to none being related terms.  

The researchers used the list of lemmatized words to find words and phrases that were repeated to 
find similar terms. This list contained 147 terms which can be found in Appendix A13. The research-
ers defined these terms using context or definitions found within the articles. After compiling this 
list, terms that were about the same subject were combined along with their count, leaving 48 terms. 
These terms were then grouped by the researchers’ themes. These themes are shown in Table 3.  

Table 3. Themes in the articles found 

Theme Percentage of articles that included the theme 
Deep learning 31.91% 
Data organization 27.44% 
Medical or healthcare applications 12.31% 
Techniques used 11.76% 
Data and computing infrastructure 11.21% 
Language systems  5.38% 

https://colab.research.google.com/
https://colab.research.google.com/
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RESULTS 
The terms were then grouped based on their relationship, resulting in the six themes. The list in Ap-
pendix A6 shows which terms were shown in which primary sources. Within each theme, the word 
frequency was measured by theme and how prevalent the terms were in the 213 articles. These terms 
and the percentage of articles that included these terms are shown in Appendices A7-A12. 

After the themes were extracted, a Python script was created in Google Colab to find which primary 
studies contained which words. It was chosen due to the features it offers to integrate with Google 
Drive cloud storage, where all the full-text articles were stored. This created a CSV that was then ana-
lyzed to see which year each word was first seen in the documents and when it was last seen. 

The data in Figure 1 describes the themes generated by papers from the 1970s to 2025. The colors 
represent each theme, and the size of the bubble represents the frequency of the terms mentioned 
under those themes. The interactive chart was created with Flourish (2016). This is an interactive 
chart, and an active link is included in Appendix A14. 

 
Figure 1. Timeline of terms and the first mention in the literature found  

DISCUSSION 
This study aimed to identify factors in applying Applied Data Science to healthcare, as shown in the 
research questions. The results found six factors that impacted the development of data science and 
its applications in healthcare. The six major factors are data and computing infrastructure, data or-
ganization, deep learning, language systems, techniques used, and medical or healthcare applications 
cut across the results and indicate key enablers for Applied Data Science in healthcare. By categoriz-
ing these themes, the study makes it clear that for Applied Data Science applications to meet the op-
erational demands of healthcare, the infrastructure, advanced models of learning, and organized da-
tasets are paramount.  

The themes that emerged from the 213 primary articles underscore the diverse factors influencing 
data science applications in healthcare. Deep Learning was the most prominent theme, appearing in 
31.91% of the articles, underpinning how core data science is in developing better operational effi-
ciency and patient outcomes. Terms like ‘data organization,’ ‘medical or clinical applications,’ and 
‘techniques used’ frequently appeared, demonstrating the increasing use of data-driven techniques to 
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improve diagnostics and resource allocation in clinical settings. This agrees with previous literature 
stating that data science is helpful in optimizing care pathways and predictive analytics, as shown by 
Copenhaver et al. (2019). Each theme’s prevalence across the studied articles demonstrates the 
breadth and complexity of Applied Data Science applications in healthcare. 

The emerging theme of Deep Learning was found in 31.91% of the articles and underlined a great 
interest in powerful learning models such as neural networks or deep convolutional networks, open-
ing new horizons toward healthcare predictive analytics. The terms ‘DeepMind’ and ‘neural model’ 
have appeared frequently since the 1970s, indicating a long-standing interest in deep learning for di-
agnostics and personalized care. This is probably due to the increasing demand for handling large 
volumes of data and extracting useful conclusions from them, which suggests that deep learning-
based approaches have played a foundational role in promoting Applied Data Science applications in 
the health sector.  

Data Organization, as covered by 27.44% of the total papers, came second. High-frequency terms 
like ‘data collection,’ ‘database,’ and ‘healthcare data’ highlight the importance of structuring and 
curating data for efficient access and availability. Since most healthcare data is housed in piecemeal 
systems, it is of prime importance that such data be organized so that Applied Data Science can apply 
itself most effectively. The use of data augmentation and labeling for specific applications – for ex-
ample, cancer datasets – very well depicts how organized data serves to enhance the ability of Ap-
plied Data Science to improve outcomes by way of model training and analytics. 

The theme of Medical or Healthcare Applications, which accounted for 12.31% of the articles, em-
phasizes the role of Applied Data Science in supporting clinical workflows. Terms such as ‘electronic 
health record’ and ‘patient data’ illustrate how applications of data science impinge directly on pa-
tients. This theme supports the research question even more by showing exactly how Applied Data 
Science is threaded through various healthcare operations in support of broader adoption. 

The Techniques Used theme has been identified in 11.76% of the articles, referring to various meth-
ods enabling Applied Data Science. These techniques will convert raw data into actionable insights 
through methods such as ‘neural machine translation’ and ‘virtual digital assistant,’ thus reinforcing 
the application of Applied Data Science in real-time within a clinical setting. The focus on different 
techniques underlines the flexibility of Applied Data Science methodologies in meeting a variety of 
needs in health care, further confirming its flexibility and value for use in industry.  

The Data and Computing Infrastructure theme, which appeared in 11.21% of the articles, highlights 
the importance of technological advancements such as ‘applied intelligence,’ ‘federated machine 
learning,’ and ‘biotechnology’ in driving the adoption of Applied Data Science. The reason is that 
healthcare environments need strong systems for data storage, security, and processing. It is such an 
infrastructure that aids in real-time data analysis, which plays a vital role in the decision-making and 
operational aspects pertaining to healthcare environments. Therefore, it acts as a critical determinant 
that affects the level and efficiency of Applied Data Science utilization in the healthcare domain.  

Finally, Language Systems are featured in 5.38% of the articles. This is perhaps symptomatic of an 
interest in using the tools of Applied Data Science in a transparent and nondiscriminatory way in 
health. The terms “accountability” and “transparency” point to the ethical dimensions of the use of 
Applied Data Science. Ethical applications of Applied Data Science approaches are expected to be 
obvious and thus adopted with more integration into patient care. However, ethical issues, as identi-
fied in the Language Systems theme, highlight the importance of transparency and accountability 
with a view to addressing concerns on bias and patient confidentiality.  

The healthcare tale of Applied Data Science has gradually progressed over five decades. The tale 
started in the 1970s with rudimentary neural networks and basic patient data gathering while the dis-
cipline made huge leaps in progress. In the 1990s, when electronic health records and healthcare da-
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tabases began to be established, digital foundations began to be built. The 2000s were more con-
cerned with engineering and methodologies involved in data gathering, while responsibility, account-
ability, and later transparency found their way into ethics. The 2010s gave the world a revolutionary 
century with deep learning models, bioscience use cases, and artificial intelligence being used for 
healthcare issues. By the 2020s, we will be standing in a dense ecosystem of technologies that are in-
terwoven, such as generative adversarial networks, data augmentation, and applied intelligence. Each 
of these is designed to coax greater value out of healthcare data. Along the way, we have always kept 
sophisticated ethics and synthesizing different technologies in mind to promote improved healthcare 
outcomes.  

A look at the history of applied data science and healthcare yields several very deep insights. What 
started as primitive neural networks and simple patient data were captured in the 1970s and laid the 
groundwork for a revolution that spanned five decades. The graph readily illustrates the construction 
of data infrastructure. Databases and electronic health records came before and facilitated higher-or-
der analytic capabilities. At the same time, ethics matured from simple accountability to accountabil-
ity and transparency, developing in tandem with technical advancements. Post 2010, the speed was 
quite rapid, with deep learning, artificial intelligence, and specialty fields such as bioscience and data 
engineering quickly converging into healthcare applications. Most insightful, perhaps, is how space 
has moved from discrete technological innovations to a densely integrated system wherein biotech-
nology, language models, and advanced analytics come together – this pictorial history. The graphic 
in Figure 1 shows technological innovation and an underlying movement towards multidisciplinary 
solutions that utilize various computational techniques to solve increasingly challenging healthcare 
issues. 

As Ellenberg (1994) mentioned, selection bias may have impacted both internal and external validity. 
External validity was impacted by the fact that the articles were selected only from the ACM Digital 
Library; this excludes studies from other databases. This could explain the lack of articles from 1975 
to 1990. Internal validity is achieved because of the usage of explicit inclusion and exclusion criteria. 
Furthermore, geographical and contextual issues of interest are restricted to the selected articles, 
many of which relate to high-resource settings, raising concerns about generalizations to low-income 
and middle-income countries with underdeveloped data science infrastructures. Reliability is en-
hanced by consistent reliance on systematic tools such as Rayyan for screening. However, any the-
matic analysis will differ across different studies and thus may influence the reproducibility of the re-
sults. Due to time constraints, the primary studies were processed with software, with only a full 
reading of the titles and abstracts. This could lead to valid articles being skipped if the abstracts did 
not include the subjects the researchers were looking for within the inclusion and exclusion criteria. 

CONCLUSION AND FUTURE WORK 
The study revealed that Applied Data Science in healthcare emerged in the 1970s and remains an ac-
tive area of research today. There was a greater focus on the application and methods used to con-
duct the work in healthcare, but the research also showed that challenges and concerns would need 
addressing. This discussion consolidates the major findings and provides a response to the research 
question. It highlights the importance of infrastructure, methodological adaptability, and ethical in-
tegrity for effective Applied Data Science in healthcare. Although limitations exist, this study gives 
much-needed insight into both historical and current drivers of Applied Data Science and lays a 
foundation for future studies to develop these drivers in a range of healthcare settings.  

Further research could delve deeper into the timeline of each topic area, providing a more nuanced 
understanding. Additionally, the overall timeline could be studied in sections because five decades of 
articles were found. The earlier eras were more related to theory, whereas the later eras were more 
related to applications. Splitting further study by this could create a deeper understanding of the 
timeline. The study of the ethics of Applied Data Science in healthcare was present from the start of 
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the concept but has become more prevalent in the last two decades. This area needs to be looked at 
more closely as the techniques developed advance quickly. The gap in research from 1975 to 1990 
should be further studied to determine if there was any development in that time frame. 

While the research questions have largely been answered, there are areas where added depth could be 
used to strengthen the findings. Moving beyond the ACM Digital Library, a larger scope in the data-
base can cover seminal studies over other databases related to health and, hence, enhance that vision 
of data science applied across a variety of contexts. Additionally, seeking out other literature reviews 
that focus on the six factors could add additional insight to the topic.  

Another area of future work would be the adoption of papers with regional variation, which could 
include research papers from different countries. This could introduce limitations like language barri-
ers, but papers that have been published could bring insights regarding applied data science through-
out history and diverse backgrounds in the healthcare sector. More discussion on the challenges of 
low-income and middle-income countries in adopting applied data science might provide a fuller 
view of adoption trends at the global level. Additionally, finding case studies of specific healthcare 
applications would add in-depth examples, showing how data science impacted healthcare outcomes 
or systems over time would strongly reinforce the historical perspective. 
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import os 
import re 
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import PyPDF2 
from openpyxl import Workbook 
 
def extract_text_from_pdf(pdf_path): 
    text = ““ 
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        with open(pdf_path, ‘rb’) as pdf_file: 
            pdf_reader = PyPDF2.PdfReader(pdf_file) 
            for page_num in range(len(pdf_reader.pages)): 
                page = pdf_reader.pages[page_num] 
                text += page.extract_text() 
    except Exception as e: 
        print(f”Error processing {pdf_path}: {e}”) 
    return text 
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    words = re.findall(r’\b\w+\b’, text.lower()) 
    word_counts = Counter(words) 
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    return word_counts 
 
pdf_directory = “/content/drive/MyDrive/pdfs” 
all_word_counts = Counter() 
 
for filename in os.listdir(pdf_directory): 
    if filename.endswith(“.pdf”): 
        pdf_path = os.path.join(pdf_directory, filename) 
        text = extract_text_from_pdf(pdf_path) 
        word_counts = count_word_frequency(text) 
        all_word_counts.update(word_counts) 
 
workbook = Workbook() 
sheet = workbook.active 
sheet.title = “Word Counts” 
 
sheet.append([“Word”, “Count”]) 
for word, count in all_word_counts.most_common(): 
    sheet.append([word, count]) 
 
workbook.save(“counts.xlsx”) 
 

A3 - SCRIPT PERFORMING NAMED ENTITY RECOGNITION ON THE WORD 
COUNT FILE 
import spacy 

from openpyxl import load_workbook 

 

# Load the spaCy model 

nlp = spacy.load(“en_core_web_sm”) 

 

# Load the existing Excel file 

workbook = load_workbook(“counts.xlsx”) 

sheet = workbook.active 

 

# Create a new sheet for NER results 

ner_sheet = workbook.create_sheet(“NER”) 

ner_sheet.append([“Word”, “Entity Type”]) 

 

# Process each word from the “Word Counts” sheet 

for row in sheet.iter_rows(min_row=2):  # Start from row 2 to skip the header 

    word = row[0].value 

    if word:  # Check if the cell is not empty 

        doc = nlp(word) 

        for ent in doc.ents: 

            ner_sheet.append([word, ent.label_]) 

 

workbook.save(“NER.xlsx”) 
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A4 - SCRIPT TO LEMMATIZE THE TEXT 
import spacy 

from openpyxl import load_workbook 

 

# Load the spaCy model 

nlp = spacy.load(“en_core_web_sm”) 

 

# Load the Excel file 

workbook = load_workbook(“NER.xlsx”) 

sheet = workbook.active 

 

# Add a new column for lemmatized words 

sheet.insert_cols(4)  # Insert a column at index 4 (column E) 

sheet.cell(row=1, column=4).value = “Lemmatized Words” 

 

# Process each row (starting from the second row, as the first is a header) 

for row in range(2, sheet.max_row + 1): 

    word = sheet.cell(row=row, column=1).value 

    if word:  # Check for empty cells 

        doc = nlp(word) 

        lemmatized_words = [token.lemma_ for token in doc] 

        sheet.cell(row=row, column=4).value = “, “.join(lemmatized_words) 

 

# Save the updated Excel file 

workbook.save(“lemmatized_ner.xlsx”) 

 

A5 - SCRIPT TO COMBINE THE LEMMATIZED WORDS AND CATEGORIES 
FROM NAMED ENTITY RECOGNITION  
from openpyxl import load_workbook 

from collections import defaultdict 

 

# Load the workbook 

workbook = load_workbook(“/content/lemmatized_ner2.xlsx”) 

sheet = workbook.active 

 

# Create a dictionary to store combined data 

combined_data = defaultdict(lambda: {“Combined Count”: 0, “NER Combined”: []}) 

 

# Iterate through rows, skipping the header 

for row in sheet.iter_rows(min_row=2): 

    word = row[0].value 

    count = row[1].value 
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    ner_categories = row[2].value 

     

    if word: 

        combined_data[word][“Combined Count”] += count 

        if ner_categories: 

            combined_data[word][“NER Combined”].extend([cat.strip() for cat in ner_catego-
ries.split(“,”) if cat.strip()]) 

 

# Create a new sheet for combined data 

new_sheet = workbook.create_sheet(“Combined Data”) 

new_sheet.append([“Word”, “Combined Count”, “NER Combined”]) 

 

# Populate the new sheet with combined data 

for word, data in combined_data.items(): 

    new_sheet.append([word, data[“Combined Count”],  “, “.join(set(data[“NER Combined”]))]) # Use 
set to remove duplicate NERs 

 

# Save the updated workbook 

workbook.save(“/content/combined_lemmatized_ner2.xlsx”) 

 

A6 – TOPICS AND THE ARTICLES WHERE THEY WERE FOUND 
 

Term Article 
Algorithm [PS3], [PS10], [PS15], [PS9], [PS7], [PS14], [PS06], [PS08], [PS18], [PS13], [PS16], [PS04], ,[PS12], [PS37], 

[PS28], [PS32], [PS22], [PS27], [PS29], [PS36], [PS24], [PS30], [PS19], [PS21], [PS31], [PS23], [PS25], [PS34], 
[PS33], [PS40], [PS26], [PS45], [PS54], [PS49], [PS47], [PS58], [PS44], [PS43], [PS48], [PS50], [PS46], [PS57], 
[PS55], [PS56], [PS59], [PS73], [PS63], [PS75], [PS64], [PS66], [PS79], [PS74], [PS77], [PS80], [PS69], [PS82], 
[PS71], [PS94], [PS93], [PS97], [PS83], [PS88], [PS96], [PS89], [PS84], [PS92], [PS86], [PS85], [PS108], [PS101], 
i[PS111], [PS99], [PS106], [PS114], [PS109], [PS107], [PS113], [PS103], [PS104], [PS116], [PS124], [PS126], 
[PS121], [PS128], [PS125], [PS133], [PS117], [PS120], [PS119], [PS129], [PS127], [PS123], [PS137], [PS135], 
[PS138], [PS134], [PS139], [PS145], [PS154], [PS149], [PS150], [PS143], [PS140], [PS147], [PS142], [PS148], 
[PS144], [PS152], [PS153], [PS146], [PS151], [PS167], [PS156], [PS166], [PS162], [PS170], [PS161], [PS160], 
[PS157], [PS163], [PS169], [PS158], [PS176], [PS186], [PS175], [PS76], [PS174], [PS188], [PS185], [PS180], 
[PS177], [PS184], [PS187], [PS183], [PS173], [PS171], [PS178], [PS172], [PS200], [PS189], [PS190], [PS199], 
[PS191], [PS197], [PS193], [PS192], [PS194], [PS201], [PS198], [PS153], [PS210], [PS213], [PS204], [PS208], 
[PS208], [PS211], [PS205], [PS207], [PS206], [PS81], [PS52] 

Analysis [PS3], [PS10], [PS15], [PS9], [PS7], [PS05], [PS14], [PS11], [PS06], [PS08], [PS13], [PS16], [PS04], [PS17], 
[PS12], [PS20], [PS28], [PS32], [PS22], [PS29], [PS39], [PS36], [PS24], [PS30], [PS19], [PS35], [PS31], [PS23], 
[PS25], [PS34], [PS33], [PS40], [PS26], [PS45], [PS54], [PS49], [PS47], [PS58], [PS42], [PS51], [PS44], [PS43], 
[PS48], [PS50], [PS46], [PS53], [PS57], [PS55], [PS56], [PS59], [PS73], [PS63], [PS72], [PS75], [PS61], [PS66], 
[PS79], [PS74], [PS77] ,[PS65], [PS80], [PS69], [PS78], [PS82], [PS71], [PS94], [PS93], [PS97], [PS83], [PS87], 
[PS88], [PS95], [PS96], [PS90], [PS84], [PS92], [PS86], [PS85], [PS98], [PS108], [PS101], [PS100], i[PS111], 
[PS99], [PS106], [PS105], [PS114], [PS109], [PS107], [PS115] ,[PS60], [PS110], [PS113], [PS103], [PS104], 
[PS112], [PS124], [PS126], [PS121], [PS128], [PS122], [PS125], [PS117], [PS120], [PS119], [PS132], [PS129], 
[PS127], [PS123], [PS137], [PS135], [PS138], [PS134], [PS139], [PS136], [PS145], [PS154], [PS149], [PS150], 
[PS143], [PS140], [PS147], [PS142], [PS141], [PS148], [PS144], [PS152], [PS153], [PS146], [PS151], [PS155], 
[PS167], [PS156], [PS166], [PS162], [PS170], [PS161], [PS165], [PS160], [PS164], [PS159], [PS157], [PS163], 
[PS169], [PS176], [PS186], [PS182], [PS175], [PS76], [PS174], [PS188], [PS185], [PS180], [PS177], [PS184], 
[PS181], [PS187], [PS183], [PS173], [PS179], [PS178], [PS172], [PS200], [PS189], [PS190], [PS199], [PS191], 
[PS196], [PS197], [PS192], [PS194], [PS201], [PS198], [PS203], [PS210], [PS213], [PS204], [PS208], [PS208], 
[PS211], [PS205], [PS207], [PS206], [PS81], [PS38], [PS52], [PS70] 

Bayesian network [PS17], [PS31], [PS55], [PS117], [PS120], [PS147], [PS141], [PS191] 

Bert model [PS17], [PS24], [PS31], [PS40], [PS58], [PS65], [PS69], [PS82], [PS113], [PS103], [PS153], [PS146], [PS183], 
[PS173], [PS153] 

DeepMind [PS3] 

FL algorithm [PS86] 
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Term Article 
FL model [PS86] 

Mining [PS3], [PS10], [PS15], [PS9], [PS05], [PS14], [PS06], [PS02], [PS13], [PS04], [PS17], [PS37], [PS28], [PS32], 
[PS22], [PS36], [PS30], [PS19], [PS35], [PS21], [PS31], [PS23], [PS25], [PS34], [PS33], [PS26], [PS45], [PS54], 
[PS49], [PS47], [PS58], [PS51], [PS44], [PS43], [PS48], [PS50], [PS46], [PS53], [PS57], [PS55], [PS56], [PS59], 
[PS73], [PS63], [PS75], [PS61], [PS66], [PS74], [PS77] ,[PS65], [PS80], [PS69], [PS78], [PS82], [PS94], [PS93], 
[PS97], [PS83], [PS87], [PS95], [PS84], [PS92], [PS86], [PS85], [PS108], [PS101], [PS100], [PS106], [PS105], 
[PS114], [PS109], [PS107], [PS110], [PS103], [PS116], [PS112], [PS130], [PS124], [PS126], [PS121], [PS128], 
[PS131], [PS117], [PS119], [PS123], [PS135], [PS138], [PS134], [PS139], [PS145], [PS154], [PS149], [PS150], 
[PS143], [PS140], [PS147], [PS141], [PS148], [PS144], [PS152], [PS153], [PS151], [PS156], [PS166], [PS170], 
[PS161], [PS165], [PS160], [PS157], [PS163], [PS169], [PS158], [PS176], [PS175], [PS188], [PS185], [PS180], 
[PS177], [PS184], [PS181], [PS183], [PS173], [PS171], [PS179], [PS178], [PS172], [PS189], [PS01], [PS190], 
[PS199], [PS196], [PS197], [PS194], [PS201], [PS198], [PS203], [PS153], [PS210], [PS213], [PS204], [PS208], 
[PS212], [PS211], [PS205], [PS207], [PS81], [PS38], [PS52], [PS70] 

Modeling [PS3], [PS10], [PS05], [PS14], [PS06], [PS04], [PS17], [PS20], [PS37], [PS22], [PS23], [PS40], [PS54], [PS49], 
[PS47], [PS58], [PS42], [PS43], [PS48], [PS50], [PS46], [PS53], [PS57], [PS56], [PS59], [PS72], [PS61], [PS79], 
[PS74], [PS65], [PS80], [PS78], [PS82], [PS87], [PS88], [PS84], [PS86], [PS98], i[PS111], [PS106], [PS109], 
[PS110], [PS103], [PS104], [PS116], [PS121], [PS128], [PS131], [PS122], [PS133], [PS120], [PS119], [PS132], 
[PS137], [PS135], [PS138], [PS134], [PS139], [PS154], [PS150], [PS143], [PS140], [PS147], [PS142], [PS141], 
[PS152], [PS151], [PS155], [PS167], [PS156], [PS166], [PS162], [PS161], [PS164], [PS157], [PS168], [PS158], 
[PS176], [PS182], [PS175], [PS76], [PS188], [PS185], [PS180], [PS177], [PS184], [PS183], [PS173], [PS179], 
[PS200], [PS01], [PS190], [PS191], [PS192], [PS198], [PS153], [PS210], [PS204], [PS212], [PS207], [PS206] 

adversarial network [PS7], [PS14], [PS17], [PS58], [PS77] ,[PS71], [PS99], [PS126], [PS127], [PS147], [PS167], [PS175], [PS180], 
[PS187], [PS192], [PS210] 

application programming interface [PS42], [PS152] 

applied intelligence [PS63], [PS77]  

applied science [PS37], [PS63], [PS75], [PS77] ,[PS99], [PS144], [PS200], [PS204] 

artificial intelligence [PS3], [PS14], [PS17], [PS12], [PS20], [PS28], [PS22], [PS27], [PS29], [PS24], [PS30], [PS31], [PS23], [PS25], 
[PS40], [PS47], [PS58], [PS42], [PS59], [PS73], [PS66], [PS77] ,[PS69], [PS78], [PS71], [PS97], [PS83], [PS87], 
[PS96], [PS84], [PS86], i[PS111], [PS99], [PS106], [PS105], [PS114], [PS107], [PS113], [PS126], [PS131], 
[PS117], [PS119], [PS129], [PS127], [PS135], [PS138], [PS134], [PS149], [PS150], [PS143], [PS140], [PS147], 
[PS141], [PS148], [PS153], [PS146], [PS151], [PS155], [PS167], [PS166], [PS164], [PS157], [PS163], [PS169], 
[PS175], [PS76], [PS174], [PS188], [PS187], [PS183], [PS173], [PS199], [PS193], [PS192], [PS194], [PS210], 
[PS213], [PS204], [PS208], [PS211] 

artificial intelligence in medicine [PS14], [PS17], [PS28], [PS23], [PS77] ,[PS113], [PS147], [PS153], [PS157], [PS163], [PS175], [PS183], [PS213], 
[PS211] 

artificial neural network [PS10], [PS17], [PS37], [PS25], [PS77] ,[PS126], [PS149], [PS150], [PS144], [PS81] 

auxiliary classifier [PS147], [PS187], [PS192] 

based algorithm [PS10], [PS22], [PS31], [PS34], [PS50], [PS55], [PS93], [PS99], [PS121], [PS138], [PS147] 

based answering system [PS152] 

based deep learn [PS99], [PS150], [PS166], [PS160] 

based dialogue system [PS53], [PS152] 

based lstm architecture [PS34] 

benchmark database [PS152] 

biodata [PS190] 

bioscience [PS29], [PS89], [PS153], [PS169], [PS76], [PS180], [PS189] 

biotechnology [PS39], [PS72], [PS101], [PS153] 

cancer dataset [PS101], [PS116], [PS149], [PS147] 

classification algorithm [PS19], [PS44], [PS43], [PS56], [PS92], [PS140], [PS157], [PS187], [PS213] 

classification dataset [PS14], [PS149] 

clinical medical and health system [PS152] 

coding model [PS17] 

computerization [PS92], [PS147], [PS193] 

contact information [PS17], [PS58], [PS187] 

conversational system [PS152] 

convolutional neural network [PS7], [PS14], [PS18], [PS17], [PS32], [PS23], [PS34], [PS45], [PS54], [PS43], [PS50], [PS46], [PS63], [PS77] 
,[PS83], [PS84], [PS86], [PS99], [PS126], [PS131], [PS127], [PS134], [PS149], [PS150], [PS143], [PS147], 
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[PS142], [PS152], [PS153], [PS160], [PS164], [PS163], [PS175], [PS76], [PS185], [PS180], [PS187], [PS183], 
[PS192], [PS210] 

cryptosystem [PS86], [PS160] 

cybersecurity [PS02], [PS36], [PS114], [PS169], [PS208] 

data augmentation [PS7], [PS17], [PS23], [PS46], [PS77] ,[PS65], [PS71], [PS88], [PS84], [PS103], [PS126], [PS129], [PS149], 
[PS147], [PS160], [PS175], [PS185], [PS177],[PS187], [PS173], [PS192], [PS210] 

data collection [PS3], [PS10], [PS02], [PS12], [PS20], [PS22], [PS30], [PS19], [PS25], [PS33], [PS49], [PS58], [PS42], [PS51], 
[PS44], [PS73], [PS63], [PS77] ,[PS82], [PS97], [PS86], i[PS111], [PS105], [PS114], [PS115] ,[PS103], [PS120], 
[PS123], [PS149], [PS147], [PS152], [PS155], [PS170], [PS161], [PS159], [PS158], [PS176], [PS187], [PS183], 
[PS200], [PS190], [PS191], [PS196], [PS192], [PS194], [PS213], [PS208], [PS211], [PS70] 

data engineer [PS27], [PS19], [PS33], [PS26], [PS47], [PS48], [PS109], [PS104], [PS119], [PS138], [PS150], [PS143], [PS147], 
[PS185], [PS187], [PS178], [PS210] 

data generation [PS58], [PS77] ,[PS147], [PS167], [PS187], [PS192] 

databank [PS189] 

database [PS3], [PS10], [PS15], [PS9], [PS14], [PS06], [PS13], [PS16], [PS04], [PS17], [PS12], [PS37], [PS28], [PS32], 
[PS22], [PS27], [PS39], [PS36], [PS24], [PS30], [PS21], [PS23], [PS25], [PS33], [PS40], [PS26], [PS54], [PS49], 
[PS47], [PS58], [PS42], [PS51], [PS44], [PS43], [PS48], [PS46], [PS57], [PS55], [PS56], [PS73], [PS75], [PS61], 
[PS66], [PS77] ,[PS65], [PS80], [PS69], [PS67], [PS78], [PS82], [PS97], [PS87], [PS95], [PS89], [PS84], [PS86], 
[PS85], [PS108], [PS101], [PS100], i[PS111], [PS99], [PS106], [PS114], [PS109], [PS104], [PS116], [PS130], 
[PS124], [PS126], [PS121], [PS128], [PS131], [PS133], [PS117], [PS120], [PS119], [PS129], [PS127], [PS123], 
[PS135], [PS138], [PS134], [PS139], [PS136], [PS145], [PS149], [PS150], [PS140], [PS147], [PS141], [PS148], 
[PS152], [PS153], [PS151], [PS167], [PS156], [PS166], [PS165], [PS160], [PS159], [PS157], [PS163], [PS169], 
[PS158], [PS176], [PS182], [PS175], [PS174], [PS188], [PS185], [PS180], [PS177], [PS184], [PS187], [PS183], 
[PS171], [PS172], [PS200], [PS189], [PS190], [PS191], [PS196], [PS192], [PS153], [PS213], [PS204], [PS208], 
[PS208], [PS207], [PS209], [PS81], [PS38], [PS70] 

databiox [PS77]  

deep convolutional neural network [PS14], [PS77] ,[PS126], [PS149], [PS163], [PS187], [PS210] 

deep ehr  [PS65] 

deep learning model [PS7], [PS18], [PS17], [PS31], [PS23], [PS34], [PS45], [PS54], [PS58], [PS50], [PS46], [PS63], [PS77] ,[PS65], 
[PS69], [PS82], [PS71], [PS97], [PS84], [PS86], [PS116], [PS126], [PS121], [PS135], [PS134], [PS149], [PS150], 
[PS147], [PS166], [PS160], [PS164], [PS157], [PS176], [PS175], [PS76], [PS180], [PS187], [PS183], [PS199], 
[PS192], [PS198], [PS213], [PS208] 

deep neural network [PS7], [PS14], [PS18], [PS17], [PS45], [PS42], [PS50], [PS53], [PS77] ,[PS71], [PS83], [PS86], [PS99], [PS107], 
[PS116], [PS126], [PS127], [PS135], [PS149], [PS150], [PS147], [PS142], [PS144], [PS152], [PS146], [PS155], 
[PS167], [PS170], [PS160], [PS76], [PS180], [PS183], [PS192] 

deepr [PS143], [PS183] 

dialogue act model [PS152] 

diffusion model [PS61], [PS77] ,[PS147], [PS187], [PS210], [PS52] 

digitalization [PS35], [PS59], [PS63], [PS128], [PS152], [PS38] 

disambiguation [PS32], [PS33], [PS45], [PS73], [PS79], [PS145], [PS152], [PS151], [PS169], [PS184] 

document object model [PS152] 

electronic health record [PS3], [PS10], [PS7], [PS14], [PS04], [PS17], [PS32], [PS35], [PS21], [PS40], [PS45], [PS58], [PS42], [PS51], 
[PS43], [PS48], [PS57], [PS56], [PS72], [PS75], [PS61], [PS66], [PS74], [PS65], [PS69], [PS78], [PS82], [PS93], 
[PS95], [PS84], [PS86], [PS85], [PS100], [PS114], [PS109], [PS115] ,[PS104], [PS131], [PS119], [PS123], [PS135], 
[PS138], [PS134], [PS136], [PS143], [PS147], [PS142], [PS152], [PS153], [PS166], [PS165], [PS159], [PS157], 
[PS168], [PS158], [PS176], [PS174], [PS188], [PS185], [PS180], [PS177], [PS183], [PS173], [PS178], [PS191], 
[PS197], [PS198], [PS204], [PS81] 

enriched deep learning [PS166], [PS208] 

federated machine learning [PS86] 

field digital mammographic data-
base 

[PS14], [PS77]  

full model [PS144], [PS166], [PS191] 

general data protection regulation [PS36], [PS77] ,[PS86], [PS147], [PS152], [PS169], [PS200] 

generative adversarial network [PS7], [PS14], [PS17], [PS58], [PS77] ,[PS71], [PS99], [PS126], [PS127], [PS147], [PS167], [PS175], [PS180], 
[PS187], [PS192], [PS210] 

generative model [PS7], [PS17], [PS45], [PS58], [PS77] ,[PS86], [PS126], [PS147], [PS151], [PS167], [PS187], [PS192], [PS210] 

graph neural network [PS14], [PS17], [PS24], [PS84], [PS104], [PS131], [PS141], [PS144], [PS157] 
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health information [PS10], [PS06], [PS02], [PS04], [PS29], [PS35], [PS21], [PS45], [PS49], [PS58], [PS42], [PS51], [PS53], [PS55], 

[PS56], [PS68], [PS61], [PS66], [PS79], [PS80], [PS78], [PS82], [PS87], [PS90], [PS85], [PS100], [PS106], 
[PS103], [PS112], [PS130], [PS123], [PS135], [PS139], [PS136], [PS147], [PS142], [PS144], [PS152], [PS151], 
[PS166], [PS160], [PS159], [PS168], [PS181], [PS183], [PS171], [PS179], [PS190], [PS210], [PS208], [PS212], 
[PS38], [PS70] 

healthcare data [PS10], [PS04], [PS27], [PS34], [PS42], [PS51], [PS63], [PS75], [PS66], [PS87], [PS86], [PS85], [PS101], [PS100], 
[PS99], [PS104], [PS135], [PS147], [PS142], [PS167], [PS160], [PS176], [PS182], [PS185], [PS178], [PS200], 
[PS210] 

iid data [PS86] 

iii dataset [PS17], [PS32], [PS27], [PS58], [PS48], [PS65], [PS84], [PS131], [PS150], [PS157], [PS176], [PS185], [PS177], 
[PS183] 

in computer [PS14], [PS18], [PS23], [PS26], [PS49], [PS46], [PS53], [PS77] ,[PS67], [PS71], [PS97], [PS85], [PS114], [PS109], 
[PS126], [PS120], [PS132], [PS137], [PS145], [PS154], [PS147], [PS141], [PS152], [PS162], [PS175], [PS187], 
[PS183], [PS179], [PS191], [PS192], [PS204], [PS208] 

incomplete datasets using genera-
tive model 

[PS86], [PS187] 

initiative dialogue system [PS152] 

intelligence in medicine [PS10], [PS14], [PS04], [PS17], [PS28], [PS19], [PS23], [PS77] ,[PS101], [PS113], [PS138], [PS147], [PS153], 
[PS162], [PS157], [PS163], [PS175], [PS183], [PS213], [PS211] 

intelligent system [PS12], [PS28], [PS27], [PS29], [PS31], [PS26], [PS63], [PS72], [PS69], [PS78], [PS97], [PS98], [PS101], [PS100], 
i[PS111], [PS106], [PS109], [PS143], [PS172], [PS200], [PS204], [PS208] 

interactive conversational system [PS152] 

internet technology [PS86], [PS149], [PS160] 

interpretability of machine intelli-
gence  

[PS14], [PS77]  

interpretable medical image diag-
nosis network 

[PS14], [PS77]  

label embedding initialisation [PS17] 

labelled data [PS45], [PS77] ,[PS97], [PS126], [PS118], [PS149], [PS144], [PS155], [PS187], [PS191] 

language model [PS7], [PS17], [PS20], [PS22], [PS27], [PS31], [PS40], [PS45], [PS58], [PS42], [PS50], [PS53], [PS55], [PS68], 
[PS66], [PS77] ,[PS65], [PS69], [PS78], [PS82], [PS96], [PS113], [PS118], [PS129], [PS135], [PS134], [PS142], 
[PS141], [PS152], [PS153], [PS146], [PS151], [PS167], [PS170], [PS165], [PS157], [PS174], [PS188], [PS183], 
[PS173], [PS153], [PS204] 

loop learning [PS17] 

loss prediction model [PS45] 

lstm architecture [PS14], [PS34], [PS143], [PS166], [PS160] 

machine learning [PS3], [PS10], [PS7], [PS14], [PS18], [PS04], [PS17], [PS12], [PS37], [PS32], [PS22], [PS29], [PS36], [PS24], 
[PS30], [PS19], [PS21], [PS23], [PS25], [PS34], [PS45], [PS54], [PS49], [PS58], [PS42], [PS44], [PS48], [PS50], 
[PS46], [PS53], [PS57], [PS55], [PS56], [PS59], [PS73], [PS63], [PS66], [PS79], [PS77] ,[PS65], [PS69], [PS82], 
[PS71], [PS97], [PS83], [PS87], [PS88], [PS89], [PS84], [PS92], [PS86], i[PS111], [PS99], [PS106], [PS114], 
[PS109], [PS107], [PS113], [PS103], [PS116], [PS126], [PS121], [PS117], [PS120], [PS119], [PS129], [PS135], 
[PS138], [PS134], [PS139], [PS149], [PS150], [PS143], [PS140], [PS147], [PS142], [PS141], [PS148], [PS144], 
[PS152], [PS153], [PS151], [PS155], [PS167], [PS166], [PS165], [PS160], [PS164], [PS157], [PS163], [PS169], 
[PS158], [PS176], [PS175], [PS76], [PS185], [PS180], [PS177], [PS184], [PS187], [PS183], [PS173], [PS179], 
[PS172], [PS190], [PS199], [PS191], [PS193], [PS192], [PS194], [PS198], [PS210], [PS213], [PS204], [PS208], 
[PS211], [PS205], [PS207], [PS70] 

machine translation [PS7], [PS14], [PS17], [PS45], [PS58], [PS50], [PS53], [PS77] ,[PS65], [PS116], [PS117], [PS129], [PS134], 
[PS147], [PS141], [PS152], [PS146], [PS151], [PS176], [PS175], [PS188], [PS180], [PS183], [PS173], [PS153], 
[PS204] 

medical and health system [PS152] 

medical image analysis [PS14], [PS28], [PS23], [PS46], [PS77] ,[PS69], [PS97], [PS99], [PS126], [PS127], [PS134], [PS167], [PS160], 
[PS184], [PS199], [PS192], [PS210], [PS213] 

medical image computing  [PS14], [PS77] ,[PS139], [PS187], [PS192] 

medical information retrieval [PS05], [PS31], [PS55], [PS130], [PS165], [PS183] 

metadata [PS15], [PS9], [PS17], [PS26], [PS42], [PS73], [PS77] ,[PS87], [PS95], [PS103], [PS116], [PS133], [PS120], 
[PS145], [PS149], [PS152], [PS182], [PS184], [PS183], [PS171], [PS191], [PS70] 

metamodel [PS95] 

microdata [PS152] 
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misinformation [PS42], [PS55], [PS96], [PS177], [PS208], [PS212] 

modal machine learning approach [PS14], [PS77]  

mri dataset [PS149] 

multimodal architecture [PS152] 

multimodal grammar model [PS152] 

multimodal learning [PS14], [PS18], [PS17], [PS77] ,[PS144], [PS152], [PS194] 

nanotechnology i[PS111] 

neural machine translation [PS7], [PS45], [PS53], [PS65], [PS116], [PS129], [PS134], [PS147], [PS141], [PS152], [PS146], [PS151], [PS180], 
[PS183], [PS153] 

neural model [PS17], [PS143], [PS183] 

neural network [PS3], [PS10], [PS7], [PS14], [PS18], [PS17], [PS37], [PS32], [PS27], [PS24], [PS30], [PS19], [PS31], [PS23], 
[PS25], [PS34], [PS40], [PS45], [PS54], [PS58], [PS42], [PS44], [PS43], [PS48], [PS50], [PS46], [PS53], [PS55], 
[PS59], [PS63], [PS77] ,[PS65], [PS69], [PS82], [PS71], [PS83], [PS88], [PS84], [PS86], [PS85], [PS99], [PS109], 
[PS107], [PS104], [PS116], [PS126], [PS121], [PS131], [PS117], [PS119], [PS127], [PS135], [PS138], [PS134], 
[PS139], [PS149], [PS150], [PS143], [PS147], [PS142], [PS141], [PS144], [PS152], [PS153], [PS146], [PS155], 
[PS167], [PS156], [PS166], [PS170], [PS160], [PS164], [PS157], [PS163], [PS176], [PS175], [PS76], [PS185], 
[PS180], [PS177], [PS187], [PS183], [PS197], [PS192], [PS198], [PS153], [PS210], [PS204], [PS208], [PS211], 
[PS205], [PS81], [PS52] 

noisy data [PS7], [PS84], [PS99], [PS152], [PS170], [PS191], [PS208], [PS212], [PS207] 

open agent architecture [PS152] 

patient data [PS3], [PS10], [PS9], [PS06], [PS04], [PS20], [PS37], [PS32], [PS36], [PS51], [PS48], [PS57], [PS61], [PS66], 
[PS82], [PS87], [PS86], [PS100], i[PS111], [PS114], [PS117], [PS119], [PS135], [PS147], [PS152], [PS153], 
[PS182], [PS185], [PS177], [PS184], [PS183], [PS171], [PS200], [PS197], [PS210], [PS204], [PS208], [PS211], 
[PS38] 

recurrent neural network [PS7], [PS14], [PS17], [PS32], [PS27], [PS34], [PS40], [PS54], [PS58], [PS48], [PS50], [PS59], [PS63], [PS77] 
,[PS82], [PS88], [PS84], [PS86], [PS99], [PS116], [PS126], [PS131], [PS135], [PS138], [PS134], [PS150], [PS143], 
[PS147], [PS142], [PS141], [PS144], [PS152], [PS146], [PS166], [PS160], [PS157], [PS176], [PS185], [PS180], 
[PS177], [PS198], [PS153], [PS204] 

robotic application [PS152] 

scale dataset [PS04], [PS40], [PS77] ,[PS129], [PS138], [PS149], [PS187] 

scientific data [PS14], [PS58], [PS43], [PS46], [PS77] ,[PS84], [PS153], [PS167], [PS157], [PS76], [PS183], [PS153] 

senior care information [PS212] 

sensitivity analysis [PS63], [PS166] 

sentiment analysis [PS22], [PS34], [PS50], [PS63], [PS92], [PS106], [PS153], [PS164], [PS175], [PS204] 

sequential database [PS138] 

shot learning [PS17], [PS68], [PS77],[PS126], [PS134], [PS144], [PS187] 

speech mashup architecture [PS152] 

spoken dialogue system [PS152], [PS188] 

statistical language model [PS152] 

support vector machine [PS3], [PS13], [PS17], [PS32], [PS30], [PS19], [PS21], [PS34], [PS45], [PS54], [PS44], [PS50], [PS55], [PS84], 
[PS86], [PS99], [PS107], [PS116], [PS126], [PS139], [PS149], [PS147], [PS152], [PS155], [PS164], [PS180], 
[PS184], [PS172], [PS153], [PS204], [PS208], [PS205] 

survival analysis [PS88], [PS101] 

synthesis algorithm [PS147], [PS162] 

synthetic and real data [PS88], [PS147], [PS187] 

synthetic dataset [PS58], [PS136], [PS147], [PS144], [PS167], [PS187] 

thetic data [PS7], [PS58], [PS43], [PS63], [PS77] ,[PS84], [PS107], [PS136], [PS147], [PS144], [PS167], [PS187], [PS192] 

twd model [PS63] 

unified medical language system [PS17], [PS31], [PS77] ,[PS82], [PS151], [PS157], [PS183], [PS212] 

unsupervised representation learn-
ing  

[PS142], [PS187], [PS192], [PS198] 
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variate analysis [PS138], [PS181] 

vertically split data [PS86] 

virtual digital assistant [PS152] 

web ontology language [PS17], [PS31], [PS152] 

A7 - DEEP LEARNING TERMS - DATES AND PERCENTAGE PRESENT  

Term First article Last article % of articles 
neural network 1973 2024 43.66% 
deep learning model 2013 2024 20.19% 
support vector machine 2018 2018 15.02% 
generative adversarial network 2021 2021 7.51% 
neural machine translation 2008 2024 7.04% 
deep convolutional neural network 1973 2024 4.69% 
LSTM architecture 1971 2024 2.35% 
neural model 1971 2024 1.41% 
DeepMind 1971 2024 0.47% 

 

A8 - DATA ORGANIZATION TERMS - DATES AND PERCENTAGE PRESENT 

Term First article Last article % of articles 
data collection 2006 2024 62.91% 
Database 1994 2024 62.91% 
healthcare data 2015 2024 23% 
data augmentation 2021 2024 12.68% 
data engineer 2006 2024 10.33% 
MIMIC-III dataset 2017 2024 7.98% 
labelled data 2012 2023 6.57% 
Bioscience 2010 2023 4.69% 
data generation 2010 2024 3.29% 
cancer dataset 2017 2024 2.82% 
incomplete datasets using genera-

tive model 
2021 2024 1.88% 

classification dataset 2022 2022 0.94% 
field digital mammographic data-

base 
2022 2022 0.94 
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A9 - MEDICAL OR HEALTHCARE APPLICATIONS TERMS - DATES AND 
PERCENTAGE PRESENT 

Term First article Last article % of articles 
electronic health record 1991 2024 32.39% 
patient data 1973 2024 18.31% 
healthcare data 1999 2024 12.68% 

 

A10 - TECHNIQUES USED TERMS - DATES AND PERCENTAGE PRESENT 

Term First article Last article % of articles 
language model 2016 2024 9.26% 
neural machine translation 2018 2024 3.31% 
virtual digital assistant 2019 2019 0.22% 
speech mashup architecture 2019 2019 0.22% 

 

A11 - DATA AND COMPUTING INFRASTRUCTURE TERMS - DATES AND 
PERCENTAGE PRESENT 

Term First article Last article % of articles 
applied science 2012 2024 37.56% 
applied intelligence 2023 2023 3.76 
federated machine learning 2021 2021 3.29 
computerization 2019 2024 2.82 
artificial intelligence 2010 2024 1.88 
Biotechnology 2017 2023 1.41% 
general data protection regulation 2017 2024 1.41% 
robotic application 2019 2019 1.41% 
web ontology language 2019 2024 1.41% 
application programming interface 2015 2015 0.94% 
open agent architecture 2015 2015 0.47% 
nano technology 2023 2023 0.47% 
internet technology 2018 2022 0.47% 
document object model 2015 2015 0.47% 
digitization 2002 2024 0.47% 

 

A12 - LANGUAGE SYSTEMS TERMS - DATES AND PERCENTAGE PRESENT 

Term First article Last article % of articles 
Transparency 2012 2012 42% 
Responsibility 1971 2024 15% 



Development of Data Science Applications in Healthcare 

36 

Term First article Last article % of articles 
Accountability 2002 2024 1% 
Fairness 2002 2024 1% 

 

A13 - THE MEANINGS OF THE WORDS WITH RESPECT TO THE APPLIED 
DATA SCIENCE IN HEALTHCARE 

The definition of the words was determined based on their usage in the literature or their relevance 
to the literature.  

Term Definition 
Adversarial Network A machine learning model where two neural networks compete 

against each other to improve their performance. 
Algorithm A set of rules or instructions that a computer follows to solve a 

problem or perform a task. 
Analysis The process of examining data to extract insights and draw conclu-

sions. 
Application Programming Interface 
(API) 

A set of rules and protocols for building and integrating software ap-
plications. 

Applied Intelligence The practical application of artificial intelligence to solve real-world 
problems. 

Applied Science The application of scientific knowledge to practical problems. 
Artificial Intelligence (AI) The simulation of human intelligence processes by machines, espe-

cially computer systems. 
Artificial Intelligence in Medicine The application of AI techniques to medical diagnosis, treatment, 

and research. 
Artificial Neural Network (ANN) A computational model inspired by the structure and function of the 

human brain. 
Based Algorithm An algorithm that is built upon or derived from another algorithm. 
Based Answering System A system that uses AI to provide answers to user queries. 
Based Deep Learn A system that uses deep learning techniques to learn from data. 
Based Dialogue System A system that uses AI to engage in natural language conversations 

with users. 
Based LSTM Architecture A system that uses Long Short-Term Memory (LSTM) networks, a 

type of recurrent neural network, to process sequential data. 
Bayesian Network A probabilistic graphical model that represents a set of random vari-

ables and their conditional dependencies. 1 
BD Cloud A cloud-based platform for storing and analyzing big data. 
Benchmark Database A database used to evaluate the performance of algorithms and sys-

tems. 
BERT Model A pre-trained language model developed by Google AI. 
Biodata Biological data, such as genetic information or medical records. 
Bioscience The science of life and living organisms. 
Biotechnology The application of biological processes to industrial and technologi-

cal purposes. 
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Term Definition 
Cancer Dataset A dataset containing information about cancer patients, including 

their medical history, treatments, and outcomes. 
Classification Algorithm An algorithm that assigns class labels to data points. 
Classification Dataset A dataset with predefined classes or categories. 
Clinical Medical and Health System A system that provides healthcare services to patients. 
Coding Model A model that automatically assigns codes to medical records. 
Computerization The process of introducing computer technology into a system or 

organization. 
Concepts Dataset A dataset containing information about concepts and their relation-

ships. 
Contact Information Information used to contact someone, such as a phone number or 

email address. 
Conversational System A system that can engage in natural language conversations with us-

ers. 
Convolutional Neural Network 
(CNN) 

A type of neural network that is particularly well-suited for image 
and video analysis. 

CRF Models Sequence Tag Conditional Random Fields (CRFs) are a type of probabilistic graph-
ical model used for labeling or segmenting sequential data. 

Cryptosystem A system for encrypting and decrypting data. 
Cybersecurity The practice of protecting computer systems and networks from dig-

ital attacks. 
Data Augmentation The process of artificially increasing the size of a dataset by creating 

new data points from existing ones. 
Auxiliary Classifier A classifier that is used to assist in the training of another classifier. 
Data Collection The process of gathering data. 
Data Engineer A professional who specializes in designing, building, and maintain-

ing data systems. 
Data Generation The process of creating new data. 
Data Metaprovenance Information about the origin and history of data. 
Databank A collection of data. 
Database A structured collection of data. 
Databiox A platform for storing and analyzing biological data. 
Dataserialization Format A format for storing data in a structured way. 
Deep EHR A deep learning model for analyzing electronic health records. 
Deep FFNN A deep feedforward neural network. In this network, the infor-

mation moves in only one direction forward from the input nodes, 
through the hidden nodes (if any), and to the output nodes 

Deep Learning Model A type of machine learning model that uses multiple layers of neural 
networks to learn complex patterns. 

Deep Neural Network (DNN) A neural network with multiple hidden layers. 
DeepMind An AI research company. 
DeepR A deep learning framework for recommender systems. 
Dialogue Act Model A model that predicts the intent of a user’s utterance in a dialogue 

system. 
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Term Definition 
Diffusion Model A generative model that generates data by iteratively refining noise. 
Digitalization The process of converting information into a digital format. 
Disambiguation The process of resolving ambiguity in language. 
Document Object Model (DOM) A programming interface for HTML and XML documents. 
Electronic Health Record (EHR) A digital version of a patient’s medical record. 
Enriched Deep Learning Deep learning models that are enhanced with additional information. 
Federated Machine Learning A machine learning technique that allows multiple organizations to 

collaborate on training a model without sharing their data. 
Field Digital Mammographic Data-
base (DDSM) 

A public database of mammograms. 

FL Algorithm Federated Learning algorithm. 
FL Model Federated Learning model. 
Full Model A model that includes all relevant features and variables. 
General Data Protection Regulation 
(GDPR) 

A European Union law on data protection and privacy. 

Generative Adversarial Network 
(GAN) 

A type of neural network that generates new data. 

Generative Model A model that generates new data. 
Gig Science A scientific approach that leverages large-scale data and computing 

resources. 
Graph Neural Network (GNN) A type of neural network that can process graph-structured data. 
Health Information Information about health and healthcare. 
Healthcare Data Data related to healthcare, such as patient records and medical im-

ages. 
IID Data Independent and identically distributed data. 
III Dataset ImageCLEF medical image dataset. 
ImageCLEF Dataset A dataset used in the ImageCLEF medical image analysis challenge. 
Deep Convolutional Neural Net-
work 

A type of CNN with multiple layers. 

ImageNet Classification A benchmark dataset for image classification. 
Image Reversible Data Hide A technique for hiding data within an image. 
Implications Digital Health The potential impact of digital technologies on healthcare. 
In Computer Within a computer system. 
Incomplete Datasets Using Genera-
tive Model 

The use of generative models to fill in missing data. 

Initiative Dialogue System A dialogue system that is designed to take the initiative in the con-
versation. 

Intelligence in Medicine The application of intelligence to medical problems. 
Intelligent System A system that exhibits intelligent behavior. 
Interactive Conversational System A conversational system that allows users to interact with it in a nat-

ural way. 
Internet Technology Technology related to the internet. 



Rangarj, Langdon, & Said 

39 

Term Definition 
Interpretability of Machine Intelli-
gence 

The ability to understand how a machine learning model makes deci-
sions. 

Medical Image Computing The analysis and interpretation of medical images. 
Interpretable Medical Image Diag-
nosis Network 

A neural network that can explain its decisions. 

Multimodal Learning The ability of a machine learning model to process multiple types of 
data, such as text, images, and audio. 

Label Embedding Initialization The process of initializing the embeddings for class labels in a ma-
chine learning model. 

Labeled Data Data that has been labeled with the correct answer. 
Language Model A model that can generate or understand human language. 
Loop Learning A type of machine learning where the model learns from its own 

mistakes. 
Loss Prediction Model A model that predicts the loss function of a machine learning model. 
LSTM Architecture Long Short-Term Memory architecture, a type of recurrent neural 

network. 
Machine Learning A type of artificial intelligence that allows computers to learn from 

data without being explicitly programmed. 2 
Machine Translation Translation of text from one language to another using machine 

learning. 
Medical and Health System A system that provides healthcare services. 
Medical Image Analysis The analysis and interpretation of medical images. 
Medical Information Retrieval The retrieval of medical information from databases. 
Metadata Data about data. 
Metamodel A model of a model. 
Microdata Detailed data about individuals or households. 
Mining The process of extracting valuable information from data. 
Misinformation False or misleading information. 
Modal Machine Learning Approach A machine learning approach that uses multiple models. 
Modeling The process of creating a model. 
MRI Dataset A dataset of magnetic resonance imaging (MRI) scans. 
Multi Database A database that stores data from multiple sources. 
Multimodal Architecture An architecture that can process multiple types of data. 
Multimodal Grammar Model A grammar model that can represent multiple modalities of language. 
Nano Bioscience The application of nanotechnology to biological systems. 
Nanotechnology The manipulation of matter on an atomic and molecular scale. 
Neural Machine Translation A machine translation technique that uses neural networks. 
Neural Model A model based on artificial neural networks. 
Neural Network A computational model inspired by the structure and function of the 

human brain. 
Noisy Data Data that contains errors or inaccuracies. 
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Term Definition 
Open Agent Architecture Architecture for building intelligent agents that can interact with the 

environment. 
Parenetic Giving advice or instruction. 
Patient Data Data related to patients, such as medical records and demographics. 
Pre-trained Model A model that has been trained on a large dataset and can be fine-

tuned for specific tasks. 
Public Classification Dataset A publicly available dataset that has been labeled with class labels. 
Ray Dataset A dataset that is optimized for use with the Ray distributed compu-

ting framework. 
Recurrent Neural Network (RNN) A type of neural network that is well-suited for processing sequential 

data. 
Reversible Data Hiding A technique for hiding data within a cover medium in a reversible 

way. 
Robotic Application The application of robotics to a specific task or problem. 
Scale Dataset A large dataset. 
Scientific Data Data collected through scientific research. 
Senior Care Information Information related to the care of elderly people. 
Sensitivity Analysis A technique for assessing the impact of uncertainty in model inputs 

on the model’s outputs. 
Sentiment Analysis The process of determining the sentiment of text, such as positive, 

negative, or neutral. 
Sequential Database A database that stores data in a sequence. 
Shot Learning A machine learning technique that can learn from a small number of 

examples. 
Speech Mashup Architecture An architecture for combining multiple speech processing compo-

nents. 
Spoken Dialogue System A system that allows users to interact with a computer using spoken 

language. 
Statistical Language Model A probabilistic model of language. 
Support Vector Machine (SVM) A supervised machine learning model that can be used for classifica-

tion and regression. 
Survival Analysis A statistical method for analyzing time-to-event data. 
Synthesis Algorithm An algorithm that generates new data. 
Synthetic and Real Data A combination of synthetic and real data. 
Synthetic Dataset A dataset that is generated artificially. 
Thetic Data Data that is used to train a machine learning model. 
TWD Model A time-weighted decay model. 
Unified Medical Language System 
(UMLS) 

A knowledge source that integrates and indexes biomedical terminol-
ogies. 

Unsupervised Representation Learn-
ing 

A machine learning technique that learns representations of data 
without using labeled data. 

Variate Analysis A statistical technique for analyzing the variability of data. 
Vertically Split Data Data that is split into columns. 
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Term Definition 
Virtual Digital Assistant A software agent that can perform tasks on behalf of a user. 
Web Ontology Language (OWL) A language for representing knowledge in a structured way. 

A14 - VISUALIZATION TOOL USED FOR THE THEMATIC BUBBLE CHART 
Flourish is an online interactive data visualization tool. It helps transform data and tables into beauti-
ful visualized graphical stories without programming knowledge. Once the data is uploaded, a graph 
or a chart can be edited in many ways. For the current paper, the thematically analyzed data was up-
loaded and transformed into a bubble chart. This link leads to the interactive bubble chart used and 
mentioned in the results section: https://public.flourish.studio/visualisation/20499227/ 
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