
Advances in Consumer Research 
https://acr-journal.com/ 

Advances in Consumer Research 88 

 

 

Volume-3 | Issue-10 |Sep: 2026 

 

Automated Decision Support Systems for Enhancing Operational Efficiency in 

Healthcare Management 
 

Preeti Singh¹, Dr. Neha Wadhawan² 

¹ Research Scholar, School of Leadership and Management, Manav Rachna International Institute of Research and Studies, 

Faridabad, India. 

Email: singhpreeti02234@gmail.com 

² Associate Professor, School of Leadership and Management, Manav Rachna International Institute of Research and 

Studies, Faridabad, India. 

Email: neha.slm@mriu.edu.in 

. 

 ABSTRACT 

Healthcare management faces significant challenges, including rising operational costs, 

increasing patient loads, data fragmentation, and the need for timely and accurate decision-

making. Traditional decision-making approaches often struggle to handle large-scale, real-
time healthcare data, leading to inefficiencies and delays in patient care delivery. Automated 

Decision Support Systems (ADSS) have emerged as a transformative solution to address these 

issues by integrating advanced analytics, machine learning, and data-driven insights into 

healthcare operations. This study proposes an ADSS framework designed to enhance 

operational efficiency in healthcare management. The methodology incorporates data 

collection from multiple hospital information systems, followed by preprocessing, predictive 

modeling, and optimization techniques. Machine learning algorithms are employed to analyze 

patient flow, resource allocation, and treatment outcomes, enabling informed decision-

making. The results demonstrate that the proposed system significantly improves operational 

efficiency by reducing patient wait times, optimizing resource utilization, and minimizing 

administrative workload. Additionally, the system contributes to cost reduction through better 
resource planning and enhances decision accuracy by providing real-time, evidence-based 

recommendations. Overall, the implementation of ADSS offers a scalable and effective 

approach to modernizing healthcare management and improving service quality.... 

Keywords: Automated Decision Support Systems (ADSS), Healthcare Management, 

Operational Efficiency, Machine Learning, Resource Optimization, Decision Accuracy. 
 

INTRODUCTION  

Healthcare management systems are essential for 

coordinating clinical services, administrative processes, 

and resource utilization within medical institutions [1]. 

These systems have evolved significantly with the 

adoption of digital technologies such as Electronic Health 

Records (EHRs), hospital information systems, and 

telemedicine platforms. However, despite these 

advancements, many healthcare organizations still rely on 

partially manual processes for decision-making, which 

can limit efficiency and responsiveness [2]. The 

increasing complexity of healthcare delivery, combined 

with growing patient demands, has made it necessary to 
adopt more intelligent and automated approaches to 

management [3]. 

The need for automation in decision-making has become 

critical in modern healthcare environments. Automated 

Decision Support Systems (ADSS) [4,5] leverage 

advanced technologies such as machine learning, artificial 

intelligence, and data analytics to assist healthcare 

professionals in making informed and timely decisions. 

These systems can process large volumes of structured 

and unstructured data, identify patterns, and provide 
predictive insights. As a result, automation reduces human 

error, enhances consistency, and supports evidence-based 

decision-making, ultimately improving patient outcomes 

and operational performance [6-8] 

Despite the benefits of digital transformation, healthcare 

systems face several persistent challenges. One of the 
primary issues is resource allocation inefficiency. 

Hospitals often struggle to balance the availability of staff, 

medical equipment, and beds with fluctuating patient 

demands, leading to either underutilization or 

overcrowding. Another significant challenge is delayed 

clinical decision-making, especially in critical care 

scenarios where rapid responses are essential [9] . 

Traditional systems may lack real-time analytical 

capabilities, resulting in slower diagnoses and treatment 

decisions. Additionally, data overload has become a major 

concern due to the continuous generation of healthcare 

data from multiple sources such as EHRs, diagnostic 
tools, and monitoring devices [10]. Managing and 

extracting meaningful insights from this vast amount of 

data can be overwhelming for healthcare professionals. 

The primary objective of this study is to develop an 

automated decision support framework that enhances 

operational efficiency in healthcare management. The 

proposed system focuses on optimizing resource 

utilization, improving the speed and accuracy of clinical 
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decisions, and effectively managing large-scale healthcare 

data through advanced analytical techniques The scope of 

this research includes the design, implementation, and 

evaluation of an ADSS framework in a healthcare setting. 

The study contributes to the field in the following ways: 

Proposes an integrated ADSS framework combining 

predictive analytics and optimization techniques 

Demonstrates improved operational efficiency and cost 

reduction in healthcare management 

Provides a scalable solution for enhancing decision 

accuracy and overall service quality 

The remaining sections of this paper include a detailed 

methodology outlining system architecture and 
algorithms, followed by results and discussion with 

graphical analysis. The paper concludes with key 

findings, limitations, and future research directions to 

further enhance automated decision support systems in 

healthcare management 

Related Work  

Recent advancements in healthcare management have 
increasingly focused on integrating machine learning, big 

data analytics, and decision support systems to improve 

operational efficiency and clinical outcomes. Several 

studies highlight the transformative role of data-driven 

methodologies in addressing challenges such as resource 

optimization, predictive analysis, and decision accuracy. 

[11] conducted a comprehensive review of machine 

learning applications in healthcare, emphasizing their 

effectiveness in predictive modeling and cost-

effectiveness analysis. Their findings suggest that 

machine learning significantly enhances decision-making 

accuracy but requires robust validation for real-world 
deployment. Similarly, [12 [13] explored big data 

analytics in healthcare, demonstrating how large-scale 

data processing enables improved patient monitoring, 

disease prediction, and operational planning. However, 

they also pointed out challenges related to data 

heterogeneity and integration. [14] highlighted the 

importance of data science in predictive analytics, 

showing that advanced computational models can provide 

reliable forecasts for healthcare decision-making. [15] 

extended this by incorporating both structured and 

unstructured data to identify patient needs, particularly in 
addressing social determinants of health. Their approach 

improved patient-centric care but required sophisticated 

data processing capabilities. [16] introduced a knowledge-

based dynamic clustering model using convolutional 

neural networks to enhance healthcare management. Their 

model improved classification accuracy and resource 

allocation efficiency, although it demanded high 

computational resources. [17] applied signal processing 

and machine learning techniques to understand healthcare 

decision-making processes, offering insights into risk 

management and safety improvements. 

Further, [18] along with [19] emphasized the importance 

of best practices in implementing AI and machine learning 

in healthcare. They highlighted issues such as model 

transparency, trust, and ethical considerations, which are 

critical for successful adoption. [20] provided insights into 

clinical decision support systems (CDSS), particularly in 

critical care, demonstrating improved diagnostic precision 

and timely interventions. Overall, these studies 

collectively demonstrate that integrating machine 

learning, big data, and AI-driven decision support systems 
can significantly enhance healthcare management. 

However, challenges such as data complexity, 

computational requirements, and ethical considerations 

must be addressed to ensure effective and scalable 

implementation. 

 

Table 1: Comparative Analysis of Machine Learning and Decision Support Techniques in Healthcare Management 

Systems 

Reference Techniques Used Outcome Metrics Advantages Limitations 

[11] 
Machine Learning, 

Systematic Review 

Accuracy, Cost-

effectiveness 

Improved decision-

making 
Requires validation 

[12] Big Data Analytics 
Prediction accuracy, 

Efficiency 
Handles large datasets Data integration issues 

[13] Big Data, Data Mining 
Performance, 

Scalability 

Better healthcare 

insights 
Data heterogeneity 

[14] 
Data Science, Predictive 

Models 
Forecast accuracy Reliable predictions Model complexity 

[15] 
Structured & Unstructured 

Data Analysis 

Patient identification 

accuracy 
Holistic patient view 

Data processing 

complexity 

[16] CNN, Clustering Classification accuracy 
Efficient resource 

allocation 
High computation cost 

[17] 
Machine Learning, Signal 

Processing 
Risk prediction 

Improved safety 

decisions 
Limited generalization 
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[18] AI/ML Frameworks Trust, Reliability Ethical AI practices 
Implementation 

complexity 

[19] AI Best Practices Model transparency Improves adoption 
Lack of 

standardization 

[20] CDSS, AI Diagnostic accuracy 
Faster clinical 

decisions 
Integration challenges 

 

Methodology of Automated Decision Support Systems 

for Enhancing Operational Efficiency 

The proposed methodology develops an Automated 

Decision Support System (ADSS) by integrating 

healthcare data from Electronic Health Records, hospital 
systems, and IoT devices. The collected data undergoes 

preprocessing, including cleaning, normalization, and 

feature selection using Principal Component Analysis 

(PCA). Machine learning models such as Logistic 

Regression, Random Forest, and Support Vector 

Machines are applied to generate predictive insights. A 

multi-criteria decision-making approach is used to 

evaluate outcomes. An optimization engine further 

enhances resource allocation and scheduling by 

minimizing cost and waiting time while maximizing 

efficiency. The system continuously updates using real-
time data, ensuring accurate, scalable, and efficient 

healthcare decision support. 

3.1 Data Collection and Integration 

The foundation of the proposed Automated Decision 

Support System (ADSS) lies in comprehensive data 

collection and seamless integration from multiple 

healthcare sources. The primary data sources include 

Electronic Health Records (EHR), hospital management 
systems, and IoT-based patient monitoring devices in fig 

1. These sources provide a rich combination of structured 

data such as patient demographics, lab results, and 

treatment histories, along with unstructured data such as 

clinical notes, prescriptions, and physician observations. 

Integrating these heterogeneous data sources is critical for 

developing a unified view of healthcare operations. Data 

integration is achieved through data warehousing 

techniques and interoperability standards, ensuring 

consistency, accuracy, and real-time accessibility. The 

system employs ETL (Extract, Transform, Load) [21] 

processes to aggregate and standardize incoming data 

streams. This integration enables healthcare 

administrators to make informed decisions based on 

comprehensive datasets, thereby improving operational 

efficiency and patient care quality. 

The mathematical representation of data integration can 

be expressed as in eqn 1: 

𝐷𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒𝑑 = ∑ 𝑤𝑖𝐷𝑖    

𝑛

𝑖=1

    (1) 

where Di represents individual data sources and wi 

denotes the weight assigned to each data source based on 

reliability. 

Another important formulation is data consistency 

validation in eqn 2: 

𝐶 =
𝑉𝑎𝑙𝑖𝑑 𝐷𝑎𝑡𝑎

𝑇𝑜𝑡𝑎𝑙 𝐷𝑎𝑡𝑎
   (2) 

where C indicates the consistency ratio of integrated data. 

These equations ensure that only high-quality and relevant 

data are used for further processing. The integration 

process also incorporates data synchronization techniques 
to maintain real-time updates across systems. By 

combining structured and unstructured data, the system 

enhances the depth and accuracy of decision-making [22] 

. This integrated data environment forms the backbone of 

the ADSS, enabling efficient downstream processing, 

predictive modeling, and optimization. 

 

Figure 1: Automated Decision Support System Architecture for Healthcare Optimization 
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3.2 Data Preprocessing and Feature Engineering 

Data preprocessing and feature engineering are critical 

steps in transforming raw healthcare data into meaningful 

inputs for machine learning models. Healthcare datasets 

often contain missing values, inconsistencies, and noise, 

which can negatively impact model performance [23]. To 
address this, the system applies data cleaning techniques 

such as imputation for missing values and outlier 

detection in fig 2. Normalization is performed to scale the 

data into a uniform range, ensuring that all features 

contribute equally to the model. Feature engineering 

further enhances data quality by extracting relevant 

attributes and reducing dimensionality. 

Principal Component Analysis (PCA) is used for 

dimensionality reduction, represented as  in eqn 3: 

𝑍 = 𝑋. 𝑊   (3) 

where X is the original feature matrix and W represents 

the transformation matrix. 

Correlation-based feature selection is defined as in eqn 4: 

𝑟𝑥𝑦 =
∑(𝑥 − 𝑥̅)(𝑦 − 𝑦̅)

𝜎𝑥𝜎𝑦

    (4) 

where rxy measures the relationship between variables. 

These techniques help in identifying the most significant 

features while eliminating redundant or irrelevant data. By 

reducing dimensionality, the computational complexity of 

the model is minimized, leading to faster processing and 

improved accuracy. Feature engineering also involves 

encoding categorical variables and generating derived 

features such as risk scores and patient severity indices 

[24]. This step ensures that the data fed into the machine 
learning models is both efficient and informative, 

ultimately enhancing predictive performance and 

decision-making capabilities. 

 

Figure 2: Multistage Workflow of Automated Healthcare Decision System 

3.3 Decision Support Model Development 

The decision support model is developed using a 

combination of machine learning algorithms and multi-

criteria decision-making techniques. Models such as 

Logistic Regression, Random Forest, and Support Vector 

Machines (SVM) [25] are employed to analyze healthcare 

data and generate predictive insights. Logistic Regression 

is used for binary classification tasks such as disease 

prediction, while Random Forest improves accuracy 

through ensemble learning. SVM is applied for handling 

complex, high-dimensional data. These models are trained 

using historical healthcare data to identify patterns and 

trends. 

The Logistic Regression function is given by in eqn 5: 

𝑃(𝑦 = 1|𝑥) =
1

1 + 𝑒−(𝛽0+𝛽1𝑥)
   (5) 

The Random Forest prediction can be expressed as in eqn 

6: 

𝑌 =
1

𝑛 ∑ 𝑇𝑖  (𝑥)𝑛
𝑖=1

    (6) 

where Ti(x) represents individual decision trees. 

These models are integrated into a multi-criteria decision-

making framework that considers multiple factors such as 
cost, time, and resource availability. Real-time analytics 

is incorporated to continuously update predictions based 

on new data inputs. The system ensures adaptability by 

retraining models periodically. This approach enables 

accurate predictions and supports clinicians in making 

timely decisions, ultimately improving healthcare 

outcomes and operational efficiency. 

3.4 Optimization and Automation Engine  

The optimization and automation engine is the core 

component of the ADSS, responsible for generating 

optimal decision strategies. It focuses on resource 

allocation, scheduling, and predictive analytics to enhance 

operational efficiency. The system uses optimization 

techniques to allocate resources such as hospital beds, 

medical staff, and equipment based on predicted demand. 

Scheduling algorithms ensure efficient utilization of 

resources, minimizing waiting times and operational 

costs. Predictive analytics is used to forecast patient 

admission rates and staff requirements, enabling proactive 

planning. 
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The optimization objective function is defined as in eqn 7: 

𝐷 = 𝑎𝑟𝑔𝑚𝑖𝑛(𝐶𝑜𝑠𝑡 + 𝑊𝑎𝑖𝑡𝑖𝑛𝑔𝑇𝑖𝑚𝑒
− 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦)     (7) 

Another important equation for resource utilization is in 

eq 8: 

𝑈 =
𝑈𝑠𝑒𝑑 𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑠
    (8) 

These equations guide the system in achieving optimal 

performance while balancing cost and efficiency. 

Algorithm 1: Automated Decision Support 

Optimization Algorithm 

Input: Patient Data (P), Resource Data (R), Historical 

Data (H) 

Output: Optimized Decision Plan (D) 

Steps: 

Collect and integrate data from P, R, H  

Preprocess data (cleaning, normalization)  

Apply feature selection using PCA  

Train predictive models using ML techniques  

Predict future healthcare demands  

Apply optimization function  

Generate decision recommendations  

Update system with real-time feedback  

 

This methodology ensures a comprehensive and scalable 

framework for enhancing healthcare management through 

automation, predictive intelligence, and optimization. 

Results and Discussion  

The implementation of the Automated Decision Support 

System (ADSS) significantly improved healthcare 

operations by reducing patient waiting time and 

enhancing workflow efficiency. Resource utilization, 

including bed occupancy and staff allocation, was 

optimized through predictive analytics. Machine learning 

models demonstrated high accuracy, precision, and recall, 

improving decision-making reliability. Additionally, the 

system reduced operational costs and increased hospital 

throughput. Overall, the ADSS proved effective in 

enhancing efficiency, optimizing resources, and 

supporting accurate, data-driven decisions in healthcare 

management systems. 

Operational Efficiency Improvement  

The implementation of the Automated Decision Support 

System (ADSS) resulted in a significant improvement in 

operational efficiency within the healthcare environment. 

One of the primary performance indicators evaluated was 

patient waiting time, which showed a noticeable reduction 

after system deployment. By leveraging real-time 

analytics and predictive modeling, the system effectively 

streamlined patient flow, reducing bottlenecks in 
admission, diagnosis, and treatment processes. The ADSS 

enabled healthcare administrators to dynamically adjust 

scheduling and resource allocation, ensuring that patients 

received timely care. 

In addition to reducing waiting times, workflow 

management improved substantially. The system 

automated several manual processes, including 

appointment scheduling, patient prioritization, and staff 

coordination. This automation minimized human errors 
and enhanced the consistency of operations. The 

integration of machine learning models further allowed 

for proactive decision-making by predicting peak hours 

and patient inflow trends. As a result, healthcare facilities 

were better prepared to handle high-demand situations 

without compromising service quality. 

Another key outcome was the improved coordination 

between different departments. The ADSS facilitated 

seamless communication and data sharing, ensuring that 

all stakeholders had access to updated information. This 
reduced delay caused by miscommunication or 

incomplete data. Furthermore, the system provided 

actionable insights through dashboards, enabling 

administrators to monitor performance metrics in real 

time. 

 

Figure 3: Comparative Analysis of Operational Efficiency Pre- and Post-ADSS Implementation 
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Overall, the ADSS demonstrated its effectiveness in 

enhancing operational efficiency by reducing delays, 

improving workflow, and enabling data-driven decision-

making. These improvements contribute to better patient 

satisfaction and overall healthcare service quality. 

5.2 Resource Utilization Analysis  

The ADSS significantly improved resource utilization 

across various healthcare operations. Efficient 

management of hospital resources such as beds, medical 

staff, and equipment is critical for delivering quality 

healthcare services. The system utilized predictive 

analytics to forecast patient admission rates, enabling 

better planning and allocation of resources. As a result, 

bed occupancy rates were optimized, reducing both 

underutilization and overcrowding. 

The system dynamically assigned beds based on patient 

severity and availability, ensuring that critical cases 

received priority. This optimization reduced patient wait 

times for admission and improved overall hospital 

throughput. Additionally, the ADSS enhanced staff 

allocation efficiency by analyzing workload patterns and 
assigning tasks accordingly. This prevented staff burnout 

and ensured balanced workload distribution among 

healthcare professionals. 

Another important aspect was the monitoring of resource 

usage trends over time. The system provided insights into 

peak usage periods and resource demand fluctuations, 

allowing administrators to make informed decisions. For 

instance, additional staff could be deployed during high-

demand periods, while resources could be scaled down 

during low-demand times to reduce costs. 

 

 

Figure 4: Resource Utilization Rate (Bed Usage and Staff Allocation Trends) 

 

The improved utilization of resources not only enhanced 
operational efficiency but also contributed to better 

patient care. By ensuring that resources were available 

when needed, the ADSS minimized delays and improved 

service delivery. 

5.3 Prediction Accuracy of Decision Models  

The performance of machine learning models used in the 

ADSS was evaluated using key metrics such as accuracy, 

precision, and recall. Logistic Regression, Random 
Forest, and Support Vector Machine (SVM) models were 

trained and tested on healthcare datasets. Among these, 

the Random Forest model demonstrated the highest 

accuracy due to its ensemble learning approach, which 

reduces overfitting and improves generalization. 

 

 

 

 

Precision and recall metrics further highlighted the 

effectiveness of the models in handling healthcare data. 

High precision indicated that the model produced fewer 

false positives, which is critical in medical decision-

making. Similarly, high recall ensured that most relevant 

cases were correctly identified, reducing the risk of 

missed diagnoses. The combination of these metrics 
provided a comprehensive evaluation of model 

performance. 

The integration of these models into the ADSS enabled 

real-time predictions, allowing healthcare professionals to 

make informed decisions quickly. Continuous model 

training and updates ensured that the system adapted to 

new data and maintained high accuracy levels over time. 
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Figure 5: Trend Analysis of Healthcare Resource Utilization and Allocation Efficiency 

The results confirm that machine learning models can 

significantly enhance decision-making accuracy in 
healthcare systems, leading to improved patient outcomes 

and operational efficiency. 

5.4 Cost Reduction and Performance Gains  

The implementation of ADSS led to substantial cost 

reduction and performance improvements in healthcare 

operations. By optimizing resource allocation and 

minimizing inefficiencies, the system reduced 

unnecessary expenditures associated with idle resources 
and prolonged patient stays. Efficient scheduling and 

predictive analytics further contributed to lowering 

operational costs by ensuring optimal utilization of 

available resources. 

One of the key factors contributing to cost reduction was 

the decrease in patient waiting time. Faster processing and 

improved workflow reduced the length of hospital stays, 

thereby lowering costs for both patients and healthcare 

providers. Additionally, automation of administrative 
tasks reduced the need for manual intervention, saving 

time and labor costs. 

The ADSS also increased hospital throughput by enabling 

faster patient processing and improved service delivery. 

This allowed healthcare facilities to serve more patients 

without compromising quality. The system’s ability to 

predict demand and allocate resources accordingly 

ensured that hospitals operated at optimal capacity. 

Furthermore, the improved accuracy of decision-making 

reduced the likelihood of errors, which can be costly in 
healthcare settings. By providing reliable 

recommendations, the system minimized risks and 

enhanced overall performance. Overall, the ADSS proved 

to be a cost-effective solution that enhances operational 

efficiency, improves patient outcomes, and increases 

healthcare system performance. 

 

Figure 6: Multi-Metric Comparative Evaluation of ADSS Performance in Healthcare Management 
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The presented multi-panel graph illustrates the 

comparative performance of different healthcare decision 

systems, highlighting the effectiveness of the proposed 

ADSS. Fig 6(a) shows that the ADSS predictions closely 

align with actual values, indicating higher accuracy. Fig 

6(b) demonstrates lower error rates (MSE and RMSE) for 
the ADSS compared to traditional and machine learning 

models. Fig 6(c) confirms improved model performance 

with the highest accuracy score for ADSS.  Fig 6(d) 

depicts residual analysis, where ADSS exhibits minimal 

variance, indicating stable predictions. Overall, the graph 

validates that the proposed ADSS significantly enhances 

prediction accuracy, reduces errors, and improves 

decision-making reliability in healthcare management. 

Conclusion 

The study demonstrates that Automated Decision Support 

Systems (ADSS) play a crucial role in enhancing 

operational efficiency in healthcare management. By 

integrating machine learning models, real-time analytics, 

and optimization techniques, the proposed system 

effectively addresses challenges such as resource 

allocation inefficiency, delayed clinical decisions, and 

data overload. The results indicate significant 

improvements in patient flow, resource utilization, and 

decision accuracy, along with a reduction in operational 
costs. The system’s ability to provide timely and data-

driven insights supports better clinical and administrative 

decision-making. Furthermore, the scalability and 

adaptability of the framework make it suitable for diverse 

healthcare environments. Overall, the proposed ADSS 

offers a reliable and efficient solution for modern 

healthcare management, contributing to improved service 

quality and patient outcomes.. 
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