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Abstract: Artificial Intelligence (AI) is revolutionizing decision-making procedures in healthcare information 
systems (HIS), increasing the efficacy, accuracy, and personalization of healthcare. Notwithstanding 
remarkable progresses, yet there remain gaps in the holistic comprehension and implication of AI-driven 
technologies across various HIS scenarios. These gaps, consisting limited integration of AI across a variety of 
HIS parts and inadequate emphasize on interpretability and privacy, motivate our study to conduct a 
structured evaluation of recent AI applications in this domain. In this study, we present a novel taxonomy for 
the AI implication in medical decision-making. We analyzed 30 articles and categorized them into six groups 
including: Clinical Decision Support Systems (CDSS), Predictive Analytics, Natural Language Processing 
(NLP), Computer-Aided Diagnostics (CAD), Robotic-Assisted Surgery, and Virtual Health Assistants 
(VHAs/chatbots). Our study aims to propose a holistic perspective of the fast evolving perspective of AI in HIS. 
The majority of the investigated studies were published from 2023 and 2022, with Springer as the leading 
publisher (33%). Python and MATLAB were the most well-known simulation languages, applied in 48% and 
20% of the papers, respectively, reflecting the technical trends in the area. By emphasizing on pivotal criteria 
like interpretability, accuracy, and privacy, this research aims to elucidate the crucial issues and development 
driving AI-driven decision-making in HIS. 

Keywords: information systems; artificial intelligence; healthcare; clinical decision support systems; 
predictive analytics; natural language processing; computer-aided/diagnostics;  
robot-assisted surgery; virtual health assistants and chatbots 

 

1. Introduction 
The significance of AI-driven decision-making stems from its capability to transform multiple 

industries, especially healthcare, finance, and production, by leveraging strong algorithms to analyze 
huge datasets and extract substantial insights [1,2]. AI systems can identify patterns, predict and 
automate complex activities, boosting the productivity, accuracy, and speed of decision-making 
processes [3,4]. In healthcare, to name but a few, AI-driven decision-making could facilitate disease 
diagnosis, treatment mechanism personalization, and resource allocation. As well, in business, AI 
can aid with strategic planning, risk management, and consumer engagement [5,6]. AI’s capacity to 
handle a great deal of data and provide intelligent recommendations not only develop decision 
results, but also aids businesses to remain competitive, innovate, and navigate the complexities of a 
progressively data-driven world [7,8]. 
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Information systems are involved of hardware, software, data, and human resources to collect, 
preserve, evaluate, and distribute information within an organization [9,10]. These technologies make 
it simpler to manage, retrieve, and utilize data to assist in decision-making and operations [11,12]. 
HIS usually include EHRs, databases, and software applications that streamline the flow of patient 
data, allow for greater interaction between healthcare practitioners, and enhance general healthcare 
service [13,14]. Information systems play a significant role in ensuring the accessibility, security, and 
integrity of information, which leads to better healthcare results, effective management, and medical 
research advancement [15,16]. 

HIS are critical elements of modern medical systems owing to the fact that they present a 
systematic and digitized path to manage patient data, health records, and management tasks [17,18]. 
These technologies make medical operations simpler by developing the efficiency of data collection, 
storage, and retrieval. The incorporation of electronic health records (EHRs) facilitates automated 
contact between clinicians, making dependable and up-to-date patient information simply available, 
propelling to more informed and coordinated care [19,20]. HIS also help to increase patient security 
by lowering the possibility of errors associated with physical record-keeping. In addition, they play 
a functional role in data analytics, guiding healthcare businesses in achieving new insights, 
optimizing resource allocation, and boosting entire patient care [21]. As the healthcare environment 
alters, effective arrangement as well as use of information systems is essential for presenting 
treatment, optimizing patient results, and advancing clinical studies and development [22]. 

AI-driven decision-making in HIS is essential because it provides healthcare providers with 
tools for evaluating complicated patient data, resulting in more accurate and timely clinical decisions 
[23]. Utilizing ML algorithms and predictive analytics, AI could help in early disease detection, 
treatment modification, and resource allocation. The capability to manage huge volumes of diverse 
healthcare data enables the rapid discovery of patterns and correlations that would not be apparent 
using standard approaches, thereby boosting patient outcomes [24]. AI-powered decision-making 
enhances operational efficiency by automating regular duties, freeing up healthcare practitioners to 
focus on more intricate and essential elements of patient care [25]. Furthermore, it contributes 
substantially to medical research, healthcare development, and healthcare policy planning, thus 
developing and improving the whole healthcare ecosystem [26]. 

To the best of our knowledge, no previous examination has been undertaken of numerous AI-
driven methodologies employed in decision-making inside HIS. However, we studies an in-depth 
Systematic Literature Review (SLR) to accurately evaluate the different AI-driven methodologies 
used in decision-making processes inside HIS. Our paper concentrates on using AI-powered 
approaches as the basis for decision-making in HIS. Our study is remarkable for thoroughly 
investigating a wide range of successful AI-driven decision-making procedures used in HIS. Our 
work uses an SLR to analyze, integrate, and assess solutions provided in linked studies. In addition, 
we divided HIS into six categories: CDSS, predictive analytics, NLP, CAD, virtual health assistants 
(VHAs), and chatbots. Every group has been extensively investigated, with an emphasis on 
advantages, limitations, simulation environment, dataset, and the AI-powered technique used in 
applications. Our research focuses on the methodologies and applications of AI-driven decision-
making in HIS, as well as prospective approaches for usage in medical and health prediction systems. 
Furthermore, we explored potential tasks that might demand attention in future research. Therefore, 
this paper’s contributions are: 
• Describing the current challenges with AI-driven decision-making in HIS. 
• Undertaking studies regarding AI-powered decision-making in HIS. 
• Evaluating specific AI-driven methodologies for advantages, drawbacks, datasets, and 

simulations. 
• Highlighting important features of particular methodologies for subsequent research. 
• Investigating research approaches based on AI. 

The partitioning below forms the study’s foundation. The following section goes deeply into the 
survey articles that are relevant to AI-powered techniques employed in healthcare information 
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system decision making. The third section discusses the process of research and the article selection 
procedure. Part 4 discusses the publications chosen for investigation and evaluation. Section 5 
expands on the comparison and rationale of several cutting-edge studies. Finally, in Part 6, the rest 
of the open issues are addressed, and the implications are explained in the last part. 

2. Related Works 

After understanding the essential ideas of AI-driven decision-making in HIS, we will examine 
multiple examples related to past studies and compare them to our study. In this regard, Wang, 
Zhang [27] systematically reviewed the human-centered design and analysis aspects of AI-
empowered CDSS. This research, which concentrated on the convergence of AI and healthcare, 
looked at the techniques, systems, and results of studies on the development and evaluation of CDSS 
that highlight human elements. It looked at how these systems are designed to meet user demands, 
integrate workflows, and provide a total user experience in healthcare contexts. By integrating 
existing literature, the paper oriented to present a comprehensive overview of standards, issues, and 
opportunities for developing AI-driven clinical decision support. Also, Moazemi, Vahdati [28] 
conducted a systematic review emphasizing on the application of AI in clinical decision support for 
monitoring patients within cardiovascular Intensive Care Units (ICUs). The study’s purpose was to 
undertake a thorough review of the current literature on AI-powered systems aimed at improving 
decision-making in cardiology intensive care units. Their holistic study explored the methods, 
technologies, and results of AI applications, proposing a vision on how these techniques aid in the 
tracking and controling patients with cardiovascular illnesses. Moreover, Loftus, Shickel [29] 
explored the application of AI-enabled decision support in the domain of nephrology. Their paper, 
which structurred to develop medical decision-making via the application of recent technology, 
looked at existing study, techniques, and results for AI usages in nephrology. This study presnted 
vision on how AI algorithms and decision support systems can enable the recognition, control, and 
treatment of kidney-related illness. Additionally, Xu, Xie [30] conducted a comprehensive research 
of the interpretability of CDSS based on AI, examining both technological and medical perspectives. 
Their paper explored the present literature to holistically study the methodologies, tools, and 
frameworks used to develop the interpretability of AI-driven CDSS in the field of healthcare. By 
gathering data from several studies, the paper enabled to address challenges and developed 
transparency, explainability, and comprehension of AI-based decision support systems. 
Furthermore, Lau, Nandy [31] conducted an SLR to investigate the prospect of AI-driven 
technologies for speeding the accomplishment of the United Nations Sustainable Development Goals 
(SDGs), especially in the field of women’s healthcare. The analysis looked at a number of scholarly 
publications, research papers, and related material to see if AI may help solve women’s medical 
concerns while also advancing the UN SDG goals. As well, Marino, Putignano [32] offered a survey 
of the innovative state of research and developments in the application of AI technologies to 
investigate and understand factors influencing human longevity. It investigated how AI-driven 
techniques may help identify biomarkers, forecast health directions, and design tailored therapies to 
promote lifespan. By combining findings from current literature and studies, the publication 
presented a basic knowledge of the role AI serves in promoting lifetime research, which is beneficial 
for scientists, healthcare practitioners, and scientists in the area. Table 1 shows specification of these 
related works. 

Table 1. Related works. 

Authors Main Idea Advantages Disadvantages 

Wang, 
Zhang 

[27] 

• Reviewing the human-
centered model and analysis 

• Identification of 
usability 
challenges 

• Resistance to 
change 

• Limited expertise 
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aspects of AI-empowered 
CDSS. 

Moazemi, 
Vahdati 

[28] 

• Conducting a systematic 
survey emphasizing on the 
application of AI in clinical 
decision support. 

• Comprehensive 
overview 

• Synthesized 
findings 

• Identification of 
trends and patterns 

• Publication bias 
• Heterogeneity of 

study designs 
• Incomplete 

inclusion of 
relevant studies 

Loftus, 
Shickel 

[29] 

• Exploring the application of 
AI-enabled decision 
support in the domain of 
nephrology. 

• Enhanced 
awareness 

• Insights into AI 
application 

• Limited scope 
• Methodological 

limitations 
• Lack of real-world 

implementation 
data 

Xu, Xie 
[30] 

• Conducting a systematic 
review on the 
interpretability of CDSS. 

• User acceptance 
insights 

• Integration of 
technological and 
medical 
perspectives 

• Temporal 
limitations 

• Incomplete 
representation of 
technologies 

Lau, 
Nandy 

[31] 

• Undertaking a SLR to 
examin the potential of AI-
driven technologies 

• Cross-disciplinary 
insights 

• Informing research 
agendas 

• Overlooking ethical 
consideration 

Marino, 
Putignano 

[32] 

• Offering an overview of the 
state of research and 
developments 

• Identification of 
biomarkers 

• Comprehensive 
overview 

• Limited depth 
• Lack of critical 

evaluation 
• Overlooking 

interdisciplinary 
perspective 

Ours 

• Providing a novel taxonomy 
of various HIS. 

• Comprehensive 
SLR 

• Identification of 
trends 

• Addressing existed 
gaps  

• Limited original 
data 

• Dynamic nature of 
the field 

3. Methodology of Research 

We examined major works that investigated AI-driven decision-making in HIS. This section 
examines AI-driven decision-making through the prism of SLR methodology. The SLR process 
entails a thorough examination of all research performed on a certain issue. This part closes with an 
in-depth look into AI-driven decision-making methodologies in the HIS setting. Likewise, the 
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reliability of the research selection procedures is investigated. The next subsections include thorough 
information about the research methodology, including selection criteria and study questions. 

3.1. Formalization of Question 

The main goals of our study are to find, analyze, and compare significant articles in the subject 
of managing AI-driven decision-making. To accomplish these objectives, a SLR will be applied to 
comprehensively investigate the components and characteristics of the methodologies employed in 
this context. Furthermore, an SLR aids in acquiring a thorough awareness of the primary issues and 
limitations involved with this field. The next paragraph presents some research questions: 

Research Question 1: How can AI-driven decision-making processes in the field of HIS be classified? 
The answer to this question is in Part 5. 

Research Question 2: What approaches do scholars use to do their research? Parts 5.1 through 5.7 
answer this question. 

Research Question 3: What parameters received the greatest attention in the papers? What is the most 
common AI-driven decision-making methodologies used in HIS? The answer to this question is found in section 
6. 

Research Question 4: What untapped opportunities exist in this area? section 7 provides the answer to 
this question. 

3.2. The Procedure of Paper Exploration 

The present examination’s search and selection approaches are separated into four distinct 
phases, as shown in Figure 1. At first, a thorough list of keywords and phrases was utilized to search 
many sources, as shown in Table 2. Informative resources were acquired from electronic databases, 
including chapters, journals, technical studies, conference papers, notes, and special issues, totaling 
859 articles, as illustrated in Figure 2. These papers were then rigorously reviewed using a predefined 
set of criteria, and only those that met the standards were chosen for further investigation. The 
distribution of publications during these phases is shown below, with 601 articles left after the first 
stage. 

The titles and abstracts of the selected publications were then painstakingly scrutinized, with an 
emphasis on their discussion, methodology, analysis, and conclusions to guarantee conformity with 
the study’s aims. This filtering lowered the number of publications to 314. The objective was to 
discover works that fit the study’s established criteria. After careful assessment, 127 papers were 
chosen for more research. Figure 3 depicts the last stage, which included reducing the number of 
articles to 30 for the study’s final phase.  

 
Figure 1. Process of selecting papers. 

Table 2. Keywords and phrase used to search papers. 

S
# 

Keywords and search criteria S# Keywords and search criteria 

S
1 

“AI” and “Information Systems”  S6 “Healthcare” and “Information Systems” 
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Figure 2. First step of selecting papers. 

 

Figure 3. Last step of selecting papers. 

4. AI-Driven Decision-Making Techniques in HIS 

AI-driven decision-making techniques in HIS apply advanced algorithms, ML, and AI to 
enhance the clinical decision support process. These technologies have an extensive variety of 
applications, involving predictive analytics, NLP, and ML models that evaluate massive datasets to 
find patterns, predict results for patients, and assist physicians in making informed decisions. AI-
driven decision-making improves diagnostic accuracy, treatment planning, and individualized 
patient care. These strategies are also important in automating regular processes, increasing 
productivity, and promoting evidence-based treatment in medical facilities. Organizations that 
incorporate AI into HIS expect to apply data-driven insights to enhance results for patients, speed up 
workflows, and, ultimately, enhance general treatment quality. Figure 4 displays our taxonomy of 
several HIS that make AI-based decisions. In the subsequent parts we dwell deep in each group 
comprehensively. 

S
2 

“Decision-making” and “AI”  S7 “Clinical Decision Support Systems” and 
“AI-driven Decision-making” 

S
3 

“Predictive Analytics” and “AI”  S8 “NLP” and “AI” 

S
4 

“Computer-aided diagnostics” and 
“AI” 

S9 “Robot-assisted Surgery” and “AI” 

S
10 

“Virtual Health Assistants and 
Chatbots” and “AI” 

S1
1 

“AI-driven Decision-making” and 
“Healthcare Information Systems” 
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Figure 4. Taxonomy of various HIS make AI-driven decisions. 

4.1. CDSS 

In the context of AI-driven decision-making within HIS, CDSS play a pivotal role in enhancing 
the quality of healthcare delivery. Considering that, Comito, Falcone [33] proposed an approach to 
improve disease diagnosis through AI-driven CDSS. The main emphasis of this paper is on using 
patient similarities to improve diagnosis accuracy. The authors demonstrated a method that employs 
AI to identify patterns and similarities across patients, allowing healthcare personnel to make more 
informed and precise diagnoses. Also, Vasey, Nagendran [34] introduced the DECIDE-AI reporting 
guideline, designed for the early-stage clinical evaluation of DSS powered by AI. The 
recommendation sought to establish a consistent structure for investigators and developers to 
publicly report on the early phases of AI-driven DSS development and assessment. DECIDE-AI 
stressed the need of thorough and detailed reporting by addressing essential variables such system 
characteristics, training data, algorithm specifications, and outcomes indicators. In addition, 
Choudhury [35] created the DECIDE-AI reporting standard, which is sought to the early-stage 
clinical assessment of DSS powered by AI. This article presented a uniform methodology for 
academics to openly report on the early phases of AI-driven DSS improvement and evaluation. 
DECIDE-AI reflected the demand of holistic and succinct reporting, emphasizing on system features, 
training data, algorithm specifications, and efficiency standards. As well, Liu, Barreto [36] delve in 
the discrepancy among doctors’ beliefs and actual adoption of CDSS utilizing AI for vancomycin 
dose. It examined the items that propel to the difference among physicians’ intrinsic perception of 
CDSS and their purpose to apply AI-powered device for definite tasks, like dose selection. Their 
study concentrated on facets like safety, application, conceived relevance to clinical treatment, and 
the efficiency of the installed AI system. And, Amann, Blasimme [37] proposed a comprehensive 
exploration of the challenge of explainability in AI usability for healthcare. Their research 
underscored the need of making AI systems understandable and interpretable to multiple 
stakeholders, consisting healthcare provider, patients, and lawmakers. It solved the challenges of 
gaining explainability in complicated AI models and proposed interdisciplinary techniaues that 
consisted expertise from computer science, healthcare, ethics, and regulations. Table 3 indicates 
specifications of studies investigated CDSS making AI-driven decisions. 
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Table 3. Specification of CDSS making AI-driven decisions. 

Author Main Idea Advantage Disadvantage 
Simulation 

Environment 
Dataset 

Comito, 
Falcone 

[33] 

• Proposing an 
approach to 
improve 
disease 
diagnosis 
through AI-
driven CDSS 

• High accuracy • Poor 
explainability 

• Poor 
interpretability 

• Overfitting 
• Poor data 

availability 

Cyhon 
38,597 

samples 

Vasey, 
Nagendran 

[34] 

• Introducing the 
DECIDE-AI 
reporting 
guideline, 
designed for 
the early-stage 
clinical 
evaluation of 
DSS powered 

• High 
transparency 

• High 
reproducibility 

• High 
complexity 

• Poor 
adaptability 

• Poor flexibility Python 
43,986 

samples 

Choudhury 
[35] 

• Presenting the 
DECIDE-AI 
reporting 
guideline, 
designed for 
the early-stage 
clinical 
evaluation of 
DSS powered 

• High 
reliability  

• High flexibility 

• Poor privacy 
• Poor integrity 

- 
273 

samples 

Liu, 
Barreto [36] 

• Investigating 
the discrepancy 
between 
clinicians’ 
perceptions 
and their actual 
acceptance of 
clinical CDSS 

• High 
reliability  

• Poor integrity 
• Poor privacy 

Python 
215 

samples 

Amann, 
Blasimme 

[37] 

• Providing a 
comprehensive 
exploration of 
the concept of 
explainability 

• High 
adaptability  
 

• High 
complexity 

• Poor 
interpretability 

• Poor 
generalizability 

Python 
400 

samples 
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4.2. Predictive Analytics 

Predictive analytics is significance in AI-driven decision making in HIS owing to the fact that it 
evaluates large amounts of healthcare information applying complicated algorithms and ML 
methods. By the similar token, Elvas, Nunes [38] studied the application of AI-driven decision 
support for early detection of cardiac events, with a specific stress on disclosing patterns and 
predicting myocardial ischemia. It resolved the issues of gaining explainability in complicated AI 
models and proposed interdisciplinary strategies that consisted profession from computer science, 
healthcare, ethics, and regulations. Additionally, Rehman, Farrakh [39] emphasizing on developing 
CDSS by incorporating Explainable AI (XAI) for better disease forecasting in healthcare. Their paper 
applied XAI to enhance transparency and interpretability in the decision-making procedure of AI 
models, making anticipations more understandable to healthcare experts. This mechanism is pivotal 
for instilling safety and boosting the adoption of AI-powered disease detection systems in healthcare 
infrastructure. Beside, Chen, Lim [40] presented an AI-based human-centered decision support 
system with a specific utilization to predictive maintenance in asset management during pandemics. 
Their method used developed AI methodologies to enhance human decision-making in investment 
management, with a considerable highlights on the challenges and concerns increased by the 
challengable consitions of a pandemic. Their study ivestigated how AI increased predictive 
maintenance techniques, enabling for proactive and effective asset management whilest regarding 
human-centric decision-making. Also, Wang, Zhao [41] offered a management decision support 
system based on an integrated structure of AI and big data analytics. The application of AI in 
maintenance anticipating improved asset performance and reliability by presenting a total method 
to decision support that considers the altering issues provided by the epidemic. Their techniques 
highlighted the incorporation of AI algorithms and complex analytics mechanisms for deriving 
related patterns and trends from large datasets. Moreover, Hasan, Dhawan [42] used a data analytics 
and knowledge management strategy for COVID-19 prediction and control. It needed the use of 
advanced data analytics tools to evaluate numerous datasets related to the COVID-19 pandemic. The 
objective of this paper is to develop prediction models that can estimate the virus’s spread, examine 
its impacts, and assist in implementing effective control measures. Furthermore, their report stressed 
the use of knowledge management systems to organize, exchange, and communicate crucial 
information on the epidemic. Table 4 demonstrates specifications of studies investigated predictive 
analytics applying AI-driven decision-making. 

Table 4. Specifications of predictive analytics applying AI-driven decision-making. 

Author Main Idea Advantage Disadvantage 
Simulation 

Environment 
Dataset 

Elvas, 
Nunes 

[38] 

• Investigating the 
application of AI-
driven decision 
support for the 
early detection of 
cardiac events 

• High accuracy 
• High 

interpretability 
• High 

adaptability 

• High 
complexity  

• Bias 
• Poor 

interpretability 

Python 
512,724 
samples 

Rehman, 
Farrakh 

[39] 

• Focusing on 
enhancing CDSS 
through the 
integration of XAI 

• High 
transparency 

• High 
interpretability 

• Poor bias 

• Poor accuracy 

Python PIMA 
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Chen, 
Lim [40] 

• Introducing an AI-
based human-
centric decision 
support 
framework 

• High 
adaptability 

• High 
scalability 

• High flexibility 

• Poor privacy 
• Poor security 
• Poor 

generalizability 
- 

15 
samples 

Wang, 
Zhao 
[41] 

• Proposing a 
managerial 
decision support 
system that 
leverages an 
integrated model 
of AI and big data 
analytics 

• High accuracy 
• High 

scalability 

• Poor integrity 
• Poor privacy 
• Poor 

complexity 
- 

130 
samples 

Hasan, 
Dhawan 

[42] 

• Employing a data 
analytics and 
knowledge 
management 
approach for 
COVID-19 
prediction and 
control 

• High 
adaptability 

• Poor 
interpretability 

Python 
14,000 

samples 

4.3. NLP 

Based on a comprehensive analysis, NLP is critical in AI-driven decision-making in HIS. NLP, a 
subfdomain of AI, studies the interaction among computers and human language. This capacity is 
crucial for making sense of the huge volume of textual data proposed in medical facilities. So, Afshar, 
Adelaine [43] outlined the implementation of a real-time NLP and deep learning (DL) CDSS within 
the EHR environment. The research, which focused on an opioid abuse screener for hospitalized 
individuals, described the creation and implementation of a full pipeline. This included combining 
NLP approaches for extracting and analyzing relevant medical data in real time with DL technologies 
to establish a doable opioid abuse screening device. Besides, Elkin, Mullin [44] studied the stilization 
of AI and NLP to integrate structured and free-text data from EHRs for the identiication of 
nonvalvular atrial fibrillation (NVAF), to decreasing strokes and mortality. An analysis and case-
control evaluation were used in the inquiry to define the success of an AI-driven method. This offered 
technique developed NVAF detection by incorporating structured and unstructured data in EHRs, 
presenting a more holistic image of patient health. And, Stewart, Chaturvedi [45] explored the value 
of NLP in terms of patient results and real-world evidence. It concentrated on how NLP, a branch of 
AI, is employed to derive valuable insights from unstructured text data in healthcare settings like 
clinical notes, reports, and patient charts. Their research underlined the significance of natural 
language processing (NLP) in transforming unstructured data into structured data, enabling 
extensive evaluation and interpretation. In addition, Joyce, Markossian [46] presented a process of 
analyzing a clinical decision support device that utilizes NLP to analyze hospitalized patients for 
challenging drug application. Their research introduced a quasi-experimental method to specifying 
the tool’s application in identifying and screening persons with drug use issues while hospitalized. 
The NLP-based tool evaluated unstructured clinical text data, like EHRs, to automatically diagnose 
and recognize cases of dangerous drug use. Barrera, Torres [47] introduced a recommender system 
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designed for occupational hygiene services, employing NLP techniques. The system used NLP to 
evaluate and comprehend textual data relating to occupational hygiene, allowing it to offer 
appropriate services. The recommender system used textual information to improve its reliability 
and effectiveness of proposing occupational hygiene treatments based on particular demands. Table 
3 shows specifications of studies investigated NLP applications that use AI-driven decision-making. 

Table 5. Specifications of NLP applications applying AI-driven decision-making. 

Author Main Idea Advantage Disadvantage 
Simulation 

Environment 
Dataset 

Afshar, 
Adelaine 

[43] 

• Outlining the 
implementation 
of a real-time 
NLP and DL 
clinical decision 
support system 
within the EHR 
environment. 

• High integrity 
• High accuracy 
• High 

scalability 

• Poor 
interpretability 

• Bias 
• Poor 

generalizability 
Tensorflow 

12,500 
samples 

Elkin, 
Mullin [44] 

• Conducting an 
evaluation and 
case-control 
analysis to 
assess the 
performance of 
this AI-driven 
approach. 

• High accuracy 
• High integrity 
• High 

generalizability 

• Poor 
interpretability 

• Bias 
• High 

complexity 
Keras 

2722 
samples 

Stewart, 
Chaturvedi 

[45] 

• Contributing to 
the generation 
of real-world 
evidence, 
offering 
valuable 
insights into 
patient 
outcomes 

• Poor accuracy • Poor 
interpretability 

• Bias 
• Poor 

generalizability 
• poor 

complexity 

MATLAB 
60 

samples 

Joyce, 
Markossian 

[46] 

• Presenting a 
protocol for the 
evaluation of a 
clinical decision 
support tool 
that utilizes 
NLP 

• High accuracy 
• High integrity 
• High 

scalability 

• High 
interpretability 

• High 
complexity MATLAB 

2400 
samples 

Barrera, 
Torres [47] 

• Introducing a 
recommender 

• High accuracy • Bias  
• Poor privacy 

Python 
200,000 
samples 
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system 
designed for 
occupational 
hygiene 
services 

• High 
adaptability 

4.4. CAD 

CAD is critical in AI-driven decision-making HIS because it uses advanced algorithms and ML 
approaches to help medical personnel comprehend and analyze health information. Considering 
that, Creswell, Vo [48] investigated the initial user perspectives regarding the application of CAD 
software for the interpretation of chest X-ray images, with the overarching objective of improving 
access to and the quality of care for individuals with a focus on tuberculosis. This research 
investigated the early experiences and views of users who used the CAD system for chest X-ray 
interpretation, with the goal of determining its potential for improving diagnostic accuracy and 
optimizing healthcare delivery for TB patients. Moreover, Tran, Sadeghi-Naini [49] explored the 
application of AI in computational radiology for breast cancer screening and diagnosis. This work 
emphasized the application of AI algorithms and investigates the feasibility of computational 
techniques to enhance the reliability and effectiveness of breast cancer detection using radiological 
imaging. Their paper employed powerful ML and image analysis methods to enhance radiologists’ 
diagnostic capabilities and accelerate the screening procedure. As well, Ibrahim, Kibarer [50] 
concentrated on the CAD of tuberculosis using a incorporation of microbiological and radiographic 
images. This research examined the integration of computational methods for TB identification, 
applyig both microbiological and radiographic imaging data. Their research investigated the 
probability of CAD techniques to develop the accuracy and effectiveness of TB recognition. Their 
research applied modern image processing technologies to enable early TB recognition, which is 
specially significant for optimal disease therapy. Furthermore, Shukla, Zakariah [51] proposed an AI-
driven method for liver cancer screening and prediction, using a Cascaded Fully Convolutional 
Neural Network (C-FCNN). This paper emphasize on employing complicated DL algorithms to 
enhance the reliability and efficiency of liver cancer diagnosis. Their propsoed mechanism, which 
used a cascaded design, developed forecasting sensitivity and specificity by hierarchically analyzing 
medical imaging data linked to liver cancer. And, Khanna, Agarwal [52] developed two strong 
automated CAD prediction models for the early identification of COVID-19 infection from chest X-
ray images, with the goal of matching the performance of professional radiologists. These systems, 
designed for early detection, employed strong computational algorithms to assess chest X-ray images 
and predict the probability of COVID-19 infection. Their work focused on developing and validating 
these automated systems with the objective of offering an effective and reliable technique for early 
diagnosis, which is crucial for timely intervention and management of COVID-19 patients. Table 6 
represents specifications of studies investigated CAD applications applying AI-driven decision-
making. 

Table 6. Specifications of CAD applications applying AI-driven decision-making. 

Author Main Idea Advantage Disadvantage 
Simulation 

Environmen
t 

Datase
t 

Creswe
ll, Vo 
[48] 

• Investigating the initial 
user perspectives 
regarding the 
application of CAD 

• High 
accuracy 

• Poor 
explainability 

Python 
281,550 
sample

s 
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software for the 
interpretation of chest X-
ray images 

• Poor 
interpretabilit
y 

• Poor integrity 
• Poor security 

Tran, 
Sadegh
i-Naini 

[49] 

• Exploring the 
application of AI in 
computational radiology 
for breast cancer 
screening and diagnosis 

• High 
accuracy 

• Poor integrity 
• Poor 

explainability 
 

Python 
25,856 
sample

s 

Ibrahi
m, 

Kibarer 
[50] 

• Focusing on the 
computer-aided 
detection of tuberculosis 
using a combination of 
microbiological and 
radiographic images. 

• High 
accuracy 

• High 
integrity 
 

• Poor integrity 
• Poor 

generalizabilit
y 

• Poor 
interpretabilit
y 

MATLAB 
600 

sample
s 

Shukla, 
Zakaria
h [51] 

• Introducing an AI-driven 
approach for liver cancer 
screening and 
prediction, utilizing a 
Cascaded Fully C-
FCNN. 

• High 
specificity 

• High 
sensitivity 

• High 
integrity 

• Overfitting 
• Poor 

interpretabilit
y 

Tensoorflow 
2012 

sample
s 

Khann
a, 

Agarw
al [52] 

• Presenting two robust 
automated computer-
aided prediction models 
for the early detection of 
COVID-19 infection 

• High 
scalability 

• High 
robustness 

• High 
complexity 

• Poor 
generalizabilit
y 

• Poor 
interpretabilit
y 

Python 
16 

sample
s 

4.5. Robot-Assisted Surgery 

Robot-assisted surgery mixed with AI-driven decision-making is a novel strategy for HIS. This 
integration entails using robotic devices to help surgeons in executing surgeries and using AI 
algorithms to improve decision-making procedures. In this consideration, Zeineldin, Junger [53] 
developed an AI-driven system for neurosurgery, emphasizing a pace onwards minimum invasive 
robotics. Their endeavor involved creating and deploying an AI system to enhance neurosurgical 
procedures. The inclusion of AI aimed to provide minimally intrusive robotics technologies, perhaps 
increasing precision while lowering patient impact. The report discussed the system’s development, 
operation, and clinical use. Additionally, Parry, Markowitz [54] investigated patient perspectives on 
the incorporation of AI in healthcare decision-making through a multi-center comparative study. 
Their study concentrated on gaining insights directly from patients and investigated attitudes, 
concerns, and preferences surrounding the usage of AI technology in healthcare. This multi-center 
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strategy included a broad patient group, allowing for a thorough study of differences in attitudes 
across healthcare environments. Furthermore, Kotha, Viswanath [55] introduced a healthcare system 
that leverages AI to enhance the efficiency of emergency medical triage. They used AI-powered 
robotic technology and developed data processing skills to quickly examine and classify patients 
depending on the complexity of their medical issues. The solution not only helped healthcare 
personnel prioritize patients in urgent circumstances, but it also combined with an information 
system, providing critical medical information for more accurate and rapid decision-making. In 
addition, Kolbinger, Bodenstedt [56] explored the integration of AI into robot-assisted oncological 
surgeries to provide context-aware guidance. In this viability research, the scientists examined the 
ability of AI algorithms to improve surgical decision-making by examining difficult surgical 
situations. The system’s goal is to increase the accuracy and productivity of oncological operations 
by incorporating real-time contextual information. The research used AI to evaluate the possibility of 
dynamically adjusting surgical assistance during robotic operations, particularly in cancer, where 
processes can be complex and contain important decision points. As well, Ai, Pan [57] addressed the 
development and design of the control system for an innovative minimally invasive surgical robot. 
The objective of this research was to develop an efficient and reliable control system that would allow 
the robot to perform surgical tasks successfully and with minimal invasiveness. The paper’s authors 
highlighted the use of sophisticated control algorithms, sensor systems, and human-machine 
interfaces to assure the robot’s responsiveness and precision during operations. Table 7 illustrates 
specifications of studies investigated robot-assisted surgery applications applying AI-driven 
decision-making. 

Table 7. Specifications of robot-assisted surgery applications applying AI-driven decision-making. 

Author Main Idea Advantage Disadvantage 
Simulation 

Environment 
Dataset 

Zeineldin, 
Junger [53] 

• Developing an 
AI-driven 
system for 
neurosurgery, 
emphasizing a 
step towards 
minimal invasive 
robotics. 

• High 
integrity 

• High 
visualization 

• High 
precision 

• Poor 
interpretability 

• Poor 
generalizability 

• High 
complexity 

Keras 
1251 

samples 

Parry, 
Markowitz 

[54] 

• Investigating 
patient 
perspectives on 
the 
incorporation of 
AI in healthcare 
decision-making 

• High 
adaptability 

• High 
precision 

• Poor 
generalizability 

• Bias 
MATLAB 

1684 
samples 

Kotha, 
Viswanath 

[55] 

• Introducing a 
healthcare 
system that 
leverages AI 

• High 
scalability 

• Poor privacy 
• Poor security 

Raspberry Pi 
425,087 
samples 
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Kolbinger, 
Bodenstedt 

[56] 

• Exploring the 
integration of AI 
into robot-
assisted 
oncological 
surgeries to 
provide context-
aware guidance. 

• High 
precision 

• High 
accuracy 

• High 
visualization 

• High 
adaptability 

• Poor 
generalizability 

• Poor privacy 

Pytorch 
3000 

samples 

Ai, Pan 
[57] 

• Addressing the 
development 
and design of the 
control system 
for an innovative 
minimally 
invasive surgical 
robot. 

• High 
accuracy 

• High 
precision 

• High 
robustness 

• High 
stability 

• Poor 
complexity 

• Poor 
adaptability 

- 
100 

samples 

4.6. VHAs and Chatbots 

Leveraging VHAs and chatbots for AI-driven decision-making in HIS is a game-changing 
strategy to improving patient care and increasing operational efficiency. In this regard, Wang, Gupta 
[58] presented an instrumental case study on SnehAI, an AI chatbot designed to address the sexual 
and reproductive health needs of young people in India. Their research looked at SnehAI’s creation, 
deployment, and effect, offering insight on how the AI chatbot works as an important tool for 
delivering information, guidance, and support to young people dealing with sexual and reproductive 
health concerns. Besides, Fan, Chao [59] proposed an empirical investigation into the practical 
application and effectiveness of self-diagnosis health chatbots in real-world scenarios. The case study 
delve deep into the use of patterns, user interactions, and results of persons applying health chatbots 
for self-diagnosis. The authors studied the advantages and limitations of these chatbots in solving 
users’ health concerns, concentrating on items like accuracy, user happiness, and adherence to offer. 
And, Chakraborty, Paul [60] proposed an AI medical chatbot meant to predict infectious diseases. 
Their paper improved and deployed the chatbot structure, which delve deep in how AI technology 
can be applied to anticipate the emerge of infectious illnesses. Their method applies ML algorithms 
and real-time data to establish anticipation, probably presenting a new fashion for early recognition 
and proactive control of infectious diseases. As well, Esmaeilzadeh, Mirzaei [61] emphasized on data 
from an experimental research on how patients perceive interactions among humans and AI in 
medical area. Their investigation studied patients’ perspective, preferences, and sentiments around 
the adoption of AI into their healthcare experience. It evaluated several standards, involving 
reliability, communication function, and total satisfaction with AI-powered connection in healthcare. 
Additionally, Chow, Wong [62] argued the analayze and arrangement of an AI-assisted teaching 
chatbot for radiotherapy. Their study, which applied the IBM Watson Assistant Platform, modeled 
the chatbot’s framework, operation, and capabilities, underscoring its performance in proposing 
instructional support for radiotherapy. Their paper explored the utilization of AI technology to 
develop the chatbot’s capacity to present individualized information, answer questions, and help 
users comprehend difficult radiation concepts. Using the IBM Watson Assistant Platform, their 
research described the chatbot’s architecture, operation, and capabilities, stressing its role in 
providing instructional assistance for radiotherapy. Table 8 displays specifications of studies 
investigated virtual health assistant and chatbots applications applying AI-driven decision-making. 
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Table 8. Specifications of virtual health assistant and chatbots applications applying AI-driven 
decision-making. 

Author Main Idea Advantage Disadvantage 
Simulation 

Environmen
t 

Datase
t 

Wang, 
Gupta 

[58] 

• Presenting an 
instrumental case study 
on SnehAI, an AI chatbot 
designed 

• High 
accessibility 

• High 
scalability 

• Bias 
• Poor privacy 

Python 
135,263 
sample

s 

Fan, 
Chao 
[59] 

• Proposing an empirical 
investigation into the 
practical application and 
effectiveness of self-
diagnosis health chatbots 
in real-world scenarios. 

• High 
accessibility 

• Poor latency 
• High 

availability 
• High privacy 

• Poor security 
 

- 
16,519 
sample

s 

Chakra
borty, 
Paul 
[60] 

• Introducing an AI 
medical chatbot 
designed for predicting 
infectious diseases. 

• High 
scalability 

• Bias 
• Poor privacy 

Python 
20 

sample
s 

Esmaei
lzadeh, 
Mirzaei 

[61] 

• Presenting findings from 
an experimental study 
investigating how 
patients perceive 
interactions 

• High 
reliability 

• Poor 
generalizabilit
y 

• Bias  
Tensorflow 

105 
sample

s 

Chow, 
Wong 

[62] 

• developing and 
implementing of an AI-
assisted educational 
chatbot focused on the 
domain of radiotherapy. 

• High 
availability 

• High 
scalability 

• Poor 
adaptability 

• Poor privacy MATLAB 
20 

sample
s 

5. Results and Comparison 

AI in HIS has a remarkable impact on the procedure of decision-making, transforming the 
business by proposing developed analytical tools and insights. AI applications in clinical decision-
making, like ML and predictive analytics, facilitate improving diagnostic accuracy, personalized 
treatment regimens, and patient management efficiency. These systems can analyze massive 
information, detect patterns, and present real-time recommendations, aiding healthcare crew to make 
more informed and timely decisions. AI eases decision-making processes by optimizing resource 
allocation, boosting efficiencies of workflows, and the system’s general efficiency. Ethical issues are 
significant, with a stress on patient privacy, data security, and transparency in AI-powered decision-
making. While AI has notable potential to significantly influence decision-making in HIS, it needs 
careful consideration of ethical, regulatory, and social impacts due to take its advantages legally and 
ethically. 

Quantifying the influence of AI in HIS on decision-making entails measuring concrete results 
and performance measures. In clinical decision-making, studies frequently assess advances in 
diagnostic accuracy, error reduction, and effectiveness realized with AI applications. Sensitivity, 
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specificity, and predictive values are standard metrics for assessing the quantitative influence on 
clinical decision quality. Functionally, the adoption of AI in healthcare systems should be quantified 
through gains in resource usage, processing time decrease, and workflow optimization, each of which 
contribute to increased decision-making efficiency. Another quantitative component is cost-
effectiveness, which is quantified using financial measures to assess the economic benefits of AI 
adoption. Ethical concerns and regulatory compliance should be measured using quantitative 
measures such as data security, privacy breaches, and compliance to recognized ethical principles. 
Overall, a quantitative evaluation of AI in healthcare decision-making requires strong data analysis 
and quantifiable results to assess the actual advantages and performance improvements gained by 
introducing AI into information systems. 

Qualitatively analyzing the use of AI in HIS for decision-making involves considering non-
quantifiable factors that contribute to the efficacy and impact of AI technology. In clinical decision-
making, qualitative evaluation concentrates on the considered boost to diagnostic precision, the 
ability to manage challenging and uncommon circumstances, and healthcare personnel’ overall trust 
in AI-generated recommendations. Basically, qualitative analyzes can document the user experience 
by exploring the simplicity of combination, user satisfaction, and the extent to which AI increses 
decision-making workflow. Ethical concerns consisting transparency, interpretability of AI decisions, 
and adherence to established ethical norms are frequently assessed qualitatively. Besides, the societal 
influence of AI on decision-making must be qualitatively evaluated by studying its part in mitigating 
healthcare inequality, boosting practice availability, and developing patient results. An in-detail 
qualitative analysis presents crucial vision into the complex facets of AI’s application in healthcare 
decision-making that go beyond quantitative indicators. Owing to the results, Python is the most 
significance programming language for replicating proposed techniques in AI-driven decision-
making for HIS. Python’s user-friendly library ecosystem, which includes TensorFlow, PyTorch, and 
scikit-learn, makes it perfect for enhancing sophisticated artificial intelligence systems. Its open-
source nature encourages collaboration and code sharing, which promotes rapid growth and 
innovative thinking. Python’s rich set of data manipulation and analysis capabilities makes it easier 
to work with a wide range of healthcare datasets, ensuring interoperability with the intricacies of 
medical information. Additionally, Python’s adaptability to emerging AI methodologies is aided by 
active community support and regular updates, making it a must-have tool for researchers and 
practitioners seeking to simulate and deploy advanced AI-driven decision-making applications in 
HIS. Figure 5 shows the prevalence of programming languages and libraries used for modeling 
suggested approaches in this field. 

 

Figure 5. Frequency of programming languages and libraries applied for simulating proposed 
methods in this area. 
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We categorized studied papers into six different groups in terms of applications of HIS which 
apply AI-driven decision making. In the following subsection we look into these methods holistically. 
Figure 6 designates this classification appropriately. 

 
Figure 6. Applications of HIS apply AI-driven decision making. 

I. CDSS 

CDSS are fundamental elements of AI-driven decision-making in HIS. They apply strong 
algorithms and ML strategies to assess large datasets, medical literature, and patient data, presenting 
real-time insights and support through clinical decision-making procedure. CDSS improves 
diagnosis accuracy, treatment planning, and patient management by giving evidence-based ideas, 
warnings, and pertinent information. It also helps physicians navigate complicated medical settings 
and ensure alignment with recent medical knowledge. Regardless of their benefits to enhancing 
clinical decision-making accuracy, CDSS in AI-driven decision-making face challenges such as the 
risk of over-reliance on algorithmic recommendations, issues interpreting contextual nuances 
throughout medical data, integration issues with existing medical procedures, and ethical concerns 
about transparency, patient privacy, and bias reduction. Effectively tackling these problems is critical 
to fulfilling CDSS’s full potential in AI-driven decision-making and allowing its smooth 
incorporation into HIS, resulting in improved patient care and perform efficiency. CDSS often collects 
pertinent input data prompted by clinical activities, such as prescription orders, and then provides 
suggestions suited to specific patient profiles, assisting healthcare workers in making informed 
decisions and maximizing patient care. Figure 7 displays the CDSS sequence with AI-driven decision-
making. 

 
Figure 7. The sequence of CDSS applying AI-driven decision-making. 

II. Predictive Analytics 

Predictive analytics in AI-driven decision-making for HIS uses complicated algorithms to 
evaluate large datasets and estimate future health results, allowing for preventive interventions, 
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customized treatment strategies, and resource management. Predictive analytics uses ML and 
statistical analysis to identify trends and possible dangers in patient data, allowing physicians to 
make more informed decisions and boost results for patients whereas improving resource allocation 
within the healthcare system. Notwithstanding its advantages, such as early diagnosis of health 
problems, improved resource allocation, and cost savings via focused treatments and preventative 
activities, predictive analytics has drawbacks. These involve reliance on previous data, data privacy 
and security issues, difficulties comprehending sophisticated algorithms, potential biases in historical 
data, and the risk of undermining clinical experience and human beings in decision-making 
procedures. Resolving these difficulties is critical to unlocking predictive analytics’ full promise for 
improving healthcare outcomes in an ethical and fair manner. A predictive analytics system in 
healthcare is designed in several steps, starting with the integration of data from different sources to 
generate big data, followed by evaluation employing predictive analytic algorithms and distributed 
architecture that guarantee scalability, fault tolerance, and improved performance. Figure 8 depicts 
the architecture of predictive analytics systems that use AI-driven decision-making. 

 
Figure 8. The architecture of predictive analytics systems applies AI-driven decision making. 

III. NLP 

NLP serves an important role in AI-driven decision-making in HIS by making it easier to extract, 
understand, and apply meaningful insights from unstructured textual data. NLP systems turn free-
text input into structured data, allowing for a full examination of patient histories and symptoms. 
This feature enables healthcare professionals to make well-informed judgments based on a 
comprehensive understanding of a patient’s health situation, which improves information retrieval 
efficacy, aids CDSS, and allows for tailored therapy. In spite of its advantages in extracting critical 
information, improving CDSS, and developing information retrieval processes, NLP integration faces 
obstacles like medical language complication. Making sure privacy and security compliance, 
problems with interoperability, dealing with evolving clinical terminology, and mitigating biases in 
NLP approaches. Managing these issues is critical for the effective implementation of NLP in HIS, 
which starts with analyzing different textual data sources employing NLP methods and directing 
transformed data to various healthcare applications, eventually resulting to more informed decision-
making, better patient care, and improved health results. Figure 9 indicates the framework of an NLP 
application with AI-powered decision-making. 
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Figure 9. Architecture of NLP application employing AI-driven decision-making. 

IV. CAD 

CAD is an fundamental section of AI-driven decision-making in HIS, applying complex 
algorithms and ML techniques to help clinicians in analyzing medical imaging and diagnostic 
information. CAD systems develop diagnostic accuracy by automatically recognizing paradigms, 
abnormalities, and possible concerns in sophisticated medical images like X-rays, MRIs, and CT 
scans, enabling radiologists and physicians in detecting small anomalies that may otherwise be 
ignored during physical analysis. This technology fasten the diagnostic process, enables for early 
disease diagnosis, and lastly gains patient results, motivating an integrated techniques to diagnostic 
decision-making in healthcare treatments. CAD integration confronting challenges such as mitigating 
false positives and false negatives, issuing biases in training data, interpreting nuanced medical 
images, integrating into recent healthcare processes, and enabling data privacy and regulatory 
compliance. Resolving these challenges is pivotal to setect CAD’s full potential in AI-driven decision-
making for better diagnostic accuracy and patient care. The CAD process involves of patient 
organization, image collection with sensor pads and capsules, transmission of information to CAD 
systems, analyze with effective algorithms, and medical assessment of CAD-produces data, all of 
which propel to develope diagnostic strengths and more informed healthcare decisions. Figure 10 
depicts CAD with AI-based decision-making. 

 

Figure 10. CAD with AI-based decision-making. 

V. Robot-Assisted Surgery 

Robot-assisted surgery is an important progress in AI-powered decision-making in HIS, 
incorporating contemporary robotic technology with surgical strategies to allow surgeons to do less 
invasive operations with more precision and management. AI technologies develop surgical 
decision-making by conducting real-time data analysis and feedback, allowing surgeons to explore 
complicated patient data, adapt to evolving surgical circumstances, and make smart decisions 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 June 2024                   doi:10.20944/preprints202406.0790.v1

https://doi.org/10.20944/preprints202406.0790.v1


 21 

 

 

throughout the procedures. This integration not only enhance surgical productivity and security, but 
also enables for the seamless integration of data-driven visions, leading to better patient results and 
a more customized technique for surgical practices. In spite of its positive facets in terms of accuracy, 
patient trauma elimination, and real-time decision-making, HIS robot-assisted surgery faces 
challenges such as high costs, integration into existing workflows, surgeon training, data security 
issues, potential biases in AI algorithms, regulatory compliance, and ethical considerations. Solving 
these issues is critical to the broad adoption and proper deployment of robot-assisted surgery in AI-
powered healthcare systems. The architecture of robot-assisted surgery includes a variety of 
elements, such as irrigation, light transmission, video processing, robotic techniques, and surgical 
tools, all of which serve to enhance surgical accuracy by enabling surgeons with better vision, control, 
and accuracy during processes. Figure 11 displays the architecture of robot-assisted surgery using 
AI-driven decision-making. 

 

Figure 11. Architecture of robot-assisted surgery applying AI-driven decision making. 

VI. VHAs and Chatbots 

VHAs and Chatbots are critical parts of AI-driven decision-making in HIS, utilizing NLP and 
ML methods to engage with users, give information, help, and support clinical decision-making. 
These intelligent systems improve availability and effectiveness by responding in real time to 
questions regarding signs, prescriptions, and general health recommendations, along with helping 
with appointment scheduling, reminders for medications, and chronic disease treatment. VHAs and 
Chatbots use AI to speed healthcare delivery, improve interaction among patients and doctors, and 
assist improved decision-making with individualized health recommendations. Their incorporation 
with HIS transform’s patient involvement and assistance in the digital era. Considering their benefits 
in improving availability of healthcare information and services, VHAs and Chatbots face issues such 
as facilitating the accuracy and integrity of health information, solving regulatory concerns about 
data privacy and security, developing confidence in users, reducing algorithmic bias, incorporating 
perfectly into present healthcare workflows, and preserving interoperability with different systems. 
Resolving these issues is critical for maximizing the potential of VHAs and Chatbots in AI-driven 
decision-making while maintaining patient care and security requirements. A Virtual Assistant 
Intelligent Module’s architecture consists of interrelated parts such as the user interface, interpreter, 
knowledge base module, area traversal technique, and expert knowledge, which allow for dynamic 
communication, accurate interpretation of user queries, efficient data retrieval, and continuous 
development to enhance interactions between users. Figure 12 displays the architecture of VHAs. 
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Figure 12. Architecture of VHAs applying AI-driven decision making. 

5.1. Prevalent Criteria 

Prevalent criteria in AI-driven decision-making techniques within HIS encompass several key 
aspects [63]. In this part we discuss some significant criteria which are considered the most in 
evaluation of investigated papers in AI-based decision-making in HIS. 

Accuracy: Accuracy is an important criterion for ensuring that AI systems provide dependable 
and precise predictions or suggestions. In healthcare, erroneous forecasts would have a substantial 
influence on patient findings and treatment strategies. To verify the reliability of AI models, thorough 
validation and testing are required, which frequently include comparisons to gold-standard 
approaches and real-world validation studies [64]. As Eq.1, true negative to true positive rate in the 
confusion matrix leverages (correctly recognized) and (total patterns). 

Accuracy = n
t
∗ 100 (1) 

Precision: According to Eq.2, the specified number of accurate predictions has been denoted by 
P, as well as the ratio of true positive forecasts to all positively predicted events [65]. Additionally, 
STP specifies the whole number of true positives, and AFP indicates the total number of false 
positives. 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑆𝑆𝑇𝑇𝑇𝑇
𝑆𝑆𝑇𝑇𝑇𝑇+𝐴𝐴𝐹𝐹𝐹𝐹

∗ 100 (2) 

Recall: Recall, as has specifies in Eq.3, a measure of how many true positive observations there 
are, is shown by how accurately it can forecast [66]. Additionally, AFN details all false negatives in 
Eq. 

Recall = STP
STP+AFN

∗ 100 (3) 

F1-score: According to Eq.4, the F1 score also indicates the Harmonic attained by precision and 
recall, as well as the complete functioning criteria assessment of recall and precision [67]. 

𝐹𝐹1𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2∗𝑅𝑅𝑅𝑅𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶∗𝑃𝑃
𝑅𝑅𝑅𝑅𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶+𝑃𝑃

∗ 100 (4) 

Furthermore, as Eq. 5, a confusion matrix with true negatives, true positives, false positives, and 
false negatives quantifies the performance metrics, reflecting projected and actual outcomes. Correct 
predictions encompass positive and negative outcomes, while incorrect predictions encompass False 
Positives and False Negatives [68]. 

�STP AFP
AFN TN � (5) 

True positives predict a true positive class. False forecasts as true negatives are classified as such. 
MCC, a comprehensive metric, exceeds the F1 score in classification situations, yielding informative 
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findings. It receives good marks while every area of the confusion matrix advantage from prediction 
results. 

Interpretability: Interpretability is crucial for understanding the reasoning behind AI-driven 
decisions, especially in healthcare, wherein certain algorithms’ “black box” nature can prove 
hazardous. Clinicians must believe and comprehend the reasons behind the recommendations to 
make informed decisions. Transparent and interpretable systems enable the acceptance and 
application of AI in healthcare [69]. 

Scalability: Scalability is essential for AI models to associate with the enhancing volume, 
diversity, and velocity of medical information. Medical datasets are large and complex, ranging from 
EHRs to medical imaging. Scalable AI systems could simply manage and evaluate these datasets, 
enabling them to function successfully in a broad range of medical contexts while incorporating the 
broadening complication of data [70]. 

Considering these criteria together helps to the appropriate and successful adoption of AI-
driven decision-making procedures in HIS, resulting in improved patient care, clinical results, and 
advancement of healthcare procedures. Figure 13 shows frequency of various parameters considered 
for evaluating HIS applying AI-driven decision-making. 

 

Figure 13. Frequency of various parameters considered for evaluating HIS applying AI-driven 
decision-making. 

5.2. Challenges of the AI Applications in Decision-Making in HIS 

Deploying AI-driven decision-making processes in this area various challenges. Handling the 
hurdles of AI-driven decision-making in HIS demands addressing many critical elements [71]. Data 
quality and availability are critical because inconsistent or biased data might jeopardize the 
dependability of AI models, underlining the necessity of assuring data quality and accuracy, 
particularly among varied patient populations. Interpretability and explainability are critical for 
developing confidence in AI suggestions, demanding the creation of accurate and interpretable 
frameworks. Ethical and legal issues of patient privacy, approval, and algorithmic bias need to be 
carefully managed in order to strike a balance between advancements in healthcare and individual 
rights, as well as compliance with HIPAA. Integrating AI into healthcare operations presents 
considerable hurdles owing to potential resistance and interruptions, emphasizing the significance 
of user-friendly interfaces and seamless integration. Validation and generalization of AI algorithms 
throughout demographics and healthcare environments are critical to assuring their efficacy and 
usability in a variety of circumstances. Resource and financial restrictions could limit the availability 
of progressed AI systems, resulting in uneven adoption and delivery of healthcare solutions. AI 
models must be continuously learned and updated in order to stay up with increasing healthcare 
knowledge and findings. Collaboration among physicians, data scientists, policymakers, and 
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technology developers are critical for overcoming these problems and developing strong, ethical, and 
successful AI-driven decision-making solutions for HIS [72]. 

5.3. Datasets Commonly Used in ML Implementation for Decision-Making in HIS 

Datasets are necessary for the productive utilization of ML for decision-making in HIS. These 
datasets, which contain a broad domain of healthcare information, enable the basis for training, 
validating, and testing ML systems [73]. The application of well-maintained databases facilitates the 
improvement of predictive algorithms for disease diagnosis, therapy designing, and patient care. The 
relation rooted from the capacity of ML systems to emphasize notable patterns and insights from 
tremendous volumes of medical data, leading to better clinical decision support. These databases 
involve patient information, medical imaging, genetic data, and other pertinent data to increase 
individualized and evidence-based healthcare treatments. Moreover, the ethical and responsible 
application of datasets supports the dependability of ML-driven evaluation, stressing the importance 
of accurate, representative, and securely maintained healthcare datasets in developing decision-
making within HIS. Widespread datasets used in ML implementation for decision-making in HIS 
consist a broad domain of healthcare data, which allows to provide and increase prediction models 
[74]. The datasets consist: 
• EHRs: Patient data produced in EHRs operate as the main dataset, involving data like medical 

records, diagnoses, treatments, prescriptions, and test outcomes [75]. 
• Medical Imaging Datasets: Radiological images, consisting X-rays, MRIs, and CT scans, are 

pivotal for ML-based diagnostic decision-making. These datasets enable developing the 
algorithms for image recognition, lesion detection, and disease categorization [76]. 

• Genomic and Molecular Datasets: Genomic data may generate significant data regarding 
general variations and disease risk. ML models apply genomic dat to increase the precision of 
medicine, adjust drugs, and predict sickness risks emloying genetic profiles [77]. 

•  Clinical Trials and Research Databases: Datasets from clinical research and research give a 
wealth of data regarding treatment results, experimental drugs, and patient responses. ML 
models can apply this data to make evidence-based decisions and detect trends in efficiency of 
treatments [78]. 

•  Patient Outcome Databases: Datasets tracking patient findings, readmission rates, and post-
therapy follow-ups might predict outcome of treatment and aid in decision-making for optimal 
treatment for patients [79]. 

•  Health Monitoring Devices: Wearable technology and health monitoring devices generate 
real-time data on the patient’s health activity levels, and physiological metrics, which could be 
analyzed by ML systems to allow continual health monitoring and early detection of 
abnormalities [80]. 

•  NLP Datasets: Unstructured data, like clinical notes, research articles, and medical literature, 
is evaluated applying NLP methods to extract useful information for decision support. These 
datasets aid to understand contextual subtleties in medical data [81]. 
These datasets are necessary owing to the fact that they are able to be utilized to train ML models 

that will detect trends, predict findings, and develop clinical decision-making. Making sure the 
quality, accuracy, and ethical application of these datasets is critical for the efficient implementation 
of ML in HIS, which propel to better patient care and outcomes. 

6. Open Issues 

Various unsolved difficulties remain in the area of AI-driven decision-making in HIS, posing 
both challenges and opportunities for future research and development. Let’s have a look at the open 
issues of AI-driven decision-making in HIS. The unresolved problems about AI-driven decision-
making in HIS involve a number of important fields that must be considered and handled. 
Interoperability and standards remain a challenge due to the lack of a uniform framework, which 
hampers data transfer and AI integration across many healthcare systems [82]. Ethical and legal 
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frameworks are crucial for safeguarding patient privacy, openness, and integrity in algorithmic 
decision-making, and they require ongoing stakeholder interaction to generate robust 
recommendation [83]. Explainability and interpretability systems are crucial for instilling trust and 
responsibility in AI-generated proposals, needing more research and rules to ensure cohesive 
interaction between complex algorithmic outputs. Data quality and bias foundations are crucial for 
improving the accuracy and integrity of AI systems, needing comprehensive approaches to 
difficulties like as data correctness, consistency, and bias detection [84]. Human-AI interaction 
frameworks must allow for efficient interaction and well defined duties among AI systems and 
healthcare practitioners to allow to utilize AI’s computational capacities while maintaining human 
expertise and sensitivity. Security and privacy regulations are crucial for preserving sensitive patient 
data and maintaining trust in AI-powered decision-making, requiring powerful encryption 
technology and ethical AI deployment protocols [85]. Validation and generalization frameworks are 
crucial for assessing the effectiveness and practicality of AI models across diverse patient populations 
and healthcare environments, needing consistent ways to complete evaluation. Resource allocation 
and cost-effectiveness frameworks are critical for maximising AI installation while ensuring long-
term resource utilization and economic feasibility [86]. The long-term influence on the workforce 
poses issues in transforming old roles and duties to the integration of AI technology, necessitating 
deliberate workforce management frameworks to ensure a smooth transition [87]. Lastly, real-world 
implementation investigations are critical for turning AI discoveries into actual advancements in 
patient care and clinical processes, underlining the importance of robust studies to assess AI’s true 
influence in healthcare environments and encourage evidence-based practices. Resolving these 
outstanding challenges will help to ensure the ethical, useful, and fair integration of AI-powered 
decision-making in HIS, thereby improving patient outcomes and healthcare services [88]. 

Future research into AI-driven decision-making in HIS is vital for plenty of reasons [89]. First of 
all, the continuously developing nature of both technology and healthcare need continuous research 
and development in order to keep up with growing issues and possibilities [90]. Anticipating and 
resolving possible ethical, regulatory, and technological challenges ensures that AI applications be 
implemented responsibly, hence maintaining patient confidence and security [91]. In addition, 
continual advancements in explainability, data quality, and bias reduction contribute to the reliability 
and equality of AI-driven decisions, hence boosting acceptability among healthcare professionals. 
More study will also concentrate on enhancing interoperability, optimizing human-AI collaboration, 
and conducting real-world implementation studies, all of which are substantial for the successful 
integration and scaling of AI solutions in a range of healthcare contexts [92]. Healthcare systems that 
are proactive in research and development may fully achieve the potential of AI-driven decision-
making, enhancing patient outcomes, simplifying procedures, and ensuring the long-term 
sustainability and usefulness of these technologies in healthcare delivery [93]. 

Later studies in AI-driven decision-making in HIS will focus on specific important fields to 
address current difficulties and spur innovation [94]. To begin with, explainability and 
interpretability research will be critical in enahncing transparency and reliability in AI algorithms, 
enabling their simple integration into healthcare decision-making procedures, and ensuring ethical 
compliance. Data quality and bias decreasing initiatives will prioritize increasing AI models’ 
transparency and equality by addressing issues like data accuracy, validation, and bias recognition, 
with the goal of supporting fairness and equity in healthcare results. Besides, ethical and regulatory 
improvement will be critical for providing strong ethical roles and legal structures to regulate the 
ethical application of AI in healthcare, enabling stakeholder confidence, and ensuring secure AI 
adoption. Human-AI interconnected frameworks will prioritize infuence interoperability methods 
that allow for seamless data stream across healthcare systems, making it simpler to incorporate and 
scale AI applications, and finally prepolling to more accurate and tailored healthcare results. Real-
world implementation research will give critical visions into the scalability, efficiency, and cost-
effectiveness of AI-driven decision-making systems in healthcare settings, supporting evidence-
based practices and motivating AI technology uptake. Continuous validation and progressie 
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attempts will ensure that AI models are reliable, generalizable, and ethical in evolving clinical 
contexts, while security and privacy development will emphasize on establishing strong security 
structures and privacy-enhancing technologies to preserve sensitive patient data and maintain 
reliability in AI-powered decision-making. These next paces will lead breakthroughs in AI-driven 
decision-making in HIS, eventually enhancing patient results and care service. 

7. Conclusion and Limitation 

We conducted a thorough investigation of AI-driven decision-making in HIS, establishing a new 
taxonomy for classifying applications in this sector. The suggested taxonomy divides AI-driven 
decision-making applications into six separate categories, offering a formal framework for assessing 
their unique benefits, drawbacks, simulation settings, and dataset properties. The appraisal of 
significant works in this field emphasizes the importance of our results, with the majority of 
publications published in 2023 and 2022, mostly by Springer. Python and MATLAB emerged as the 
most popular programming languages, accounting for 48% and 20% of suggested technique 
simulations, respectively. Interpretability, accuracy, and privacy were noted as critical issues in the 
research, stressing their importance in furthering the area of AI-driven decision-making in HIS. 

Numerous important gaps highlight the need for more study on AI-driven decision-making in 
HIS. To begin, obtaining interpretability in complicated AI models remains a hurdle, preventing their 
smooth incorporation into medical processes and undermining confidence between healthcare 
practitioners. Addressing biases in AI models is critical to ensuring equitable and impartial decision-
making, especially among varied patient groups. The standardization of assessment measures is 
critical for assessing the performance of various AI-driven systems and comparing results among 
research. Privacy problems, particularly in the management of sensitive healthcare data, necessitate 
complete solutions to retain patient confidence and regulatory compliance. Furthermore, the real-
world use of AI-driven decision-making tools involves addressing integration problems, 
guaranteeing usability, and assessing the long-term influence on patient outcomes. Future research 
should concentrate on improving interpretability methods, implementing bias mitigation techniques, 
determining standardized assessment frameworks, improving privacy-preserving approaches, and 
carrying out robust real-world validations to close these gaps and drive the ethical and efficient 
deployment of AI-driven decision-making in HIS. 
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