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Abstract 

The integration of machine learning into health informatics presents significant opportunities for advancing 

diagnostic accuracy and patient care. This study explores the application of machine learning (ML) 

algorithms to enhance various aspects of health informatics, focusing on their potential to improve 

diagnostic processes. The study examines the effectiveness of convolutional neural networks (CNNs) in 

medical imaging, and investigates the role of recurrent neural networks (RNNs) and long short-term 

memory (LSTM) networks in processing sequential patient data. Through series of case studies and 

experimental results, the study shows the potential of ML to streamline diagnostic workflows, reduce errors, 

and support personalized medicine. It addresses the key challenges to the implementation of machine 

learning in healthcare: the need for large and annotated datasets, concerns about data privacy, and the 

interpretability of model outputs. The study concludes that machine learning can significantly enhance the 

diagnostic capabilities of health informatics systems, leading to more accurate and timely patient diagnoses. 

Therefore, stakeholders in the healthcare sector are charged to increase the integration of ML into health 

informatics, medical diagnostics and clinical decision-making in order to sustainably achieve improved 

patient outcomes, reduced operational costs, and greater efficiency. 
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Introduction 

Emergency departments (EDs) account for most hospital admissions, despite most visits resulting in 

discharge (Marx & Padmanabhan, 2020). In 2017, over 139 million visits to emergency departments in the 

United States resulted in a total of 14.5 million (10.4%) of the sanatorium stays and two million 

hospitalizations in the intensive care units (Nguyen et al., 2021). The intricacy and variety of complaints 

and injuries mean emergency departments are typically congested. Poor healthcare outcomes, including 

increased mortality rates, diverted ambulances, delayed medical care, individuals who depart without being 

treated, etc., have been linked to overcrowding (Schwartzman, 2020). These have to be addressed 

significantly for changes to obtain. 

 

This study is informed by the desire to find lasting solutions to the challenges facing the intensive care units 

(ICU) of US’ hospitals. To that end, it proposes several advanced technology-based methods, including 

triage, Lean Six Sigma, and fast-track as viable alternatives to crowding. In view of the affirmed prospects 

of machine learning (ML) techniques in addressing issues that cannot be handled or tackled by traditional 

techniques, this study proposes the deployment of ML techniques for advanced health informatics and 

improved diagnostics. It seeks to show that ML techniques have a lot of opportunities for improvement in 

the health sector as a whole and in health informatics and diagnostics in particular. 

 

Problem Statement 

It appears that the complexities of Machine Learning (ML) accounts for the current low level of its 

integration into advanced health informatics and medical diagnostics across many nations. The low level 

of integration implies underutilization of ML for the purposes of advanced health informatics and medical 

diagnostics. It hampers the improvement opportunities ML has in stock for health informatics and medical 

diagnostics as well as other facets of the health sector. One of the hardest things about machine learning is 

that each algorithm has factors that need to be optimized to get a high-accuracy model. 

 

For this study, regardless of the difficulty, the potentials of ML algorithms in addressing various challenges 

that traditional systems cannot address abound. By understanding how ML with its algorithms works, the 
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difficulty can be tackled and its prospects exploited. As this study engages with ML in the health sector, it 

aids a better understanding of ML, its algorithms, potentials and associated difficulties, thereby aiding a 

better understanding of the nitty-gritty of ML and fostering its significant adoption in the health sector. 

 

Purpose of Study 

This study aims to develop an approach for accurately identifying the discharge and admission outcomes 

of EDs, using integrated optimization machine learning techniques. It proposes a background for merging 

machine learning with Meta heuristics to manage the hyper-parameter adjustments to issues associated with 

ML, viewing it as a question of optimization. Three machine learning algorithms are optimized using an 

algorithm based on meta-heuristics (Pearson, 2021). 

 

Gap, Contribution and Novelty 

Various research works have looked into how to shorten boarding times and how that affects ED crowding. 

Primary assignment origination, such as recognizing admittance position and provisioning downstream 

resources can reduce boarding times (Thompson et al., 2020). These can lessen ED crowding, anticipate 

persistent combination, and knowledge of equitable resource allocation and utilization, hospital bed 

assignments, and emergency procedures. There is no doubt that predictive models can help enhance 

healthcare operations and efficiency (Ahmad et al., 2018; Alanazi et al., 2017; Nithya & Ilangi, 2017). This 

method sorts ED patients into different levels on the basis of their symptoms. 

 

Unlike previous studies, this study optimizes utilizing Tabu search (TS). It observes that the optimization 

of machine learning parameters, such as Gamma in SVM and hidden neurons in neural networks, is limited. 

Achieving a high level of accuracy can be challenging for optimized machine learning approaches. Yet, 

there must be a way-out, if sought. This study seeks to find the way-out as regards the application of 

advanced ML techniques to medical operations and undertakings in ICU for easiness, optimization, 

significant improvement and innovations. 

 

Triage in Intensive Care Units: Reflections on Related Studies 

This section of the essay seeks to demonstrate that Triage can be used to address some of the challenges 

facing Intensive Care Units (ICU). The predictive models of ML for medical management do not only foster 

as well as ensure effectiveness in operations and diagnosis but also allow for efficiency and accuracy in 

time management and the enhancement of operational performance in emergency department (ED). Triage 

is one of the key instruments for time management and enhancing emergency department (ED) operational 

performance (Riva & Petrini, 2021; Orsini et al., 2014; Sprung et al., 2013). Its application entails grouping 

new patients on the basis of their urgency. A nurse assesses patients based on demographics, complaints, 

and vital signs. While some people come in with critical condition, others may wait. 

 

Triage is a critical process that helps streamline patient flow, enhance patient safety and quality of care, and 

ultimately lessen ED crowding (Blanch et al., 2016). Thus, it is capable of addressing the issue of crowding 

facing the ICU of US’ hospitals. Addressing the issue of crowding implies addressing the associated issues 

of crowding. A healthcare professional examines the patient after triaging him or her, administers treatment, 

and assesses the patient’s prognosis. If the patient is admitted, they go through the boarding process, 

including bed assignment and transportation. The coordination of choices across areas (e.g., ED and 

inpatient units) is often lacking, leading to unproductive patient movement and hospital delays. 

Furthermore, it mainly depends on experience and judgment, the triage choice is subjective expertise of the 

nurse (Blanch et al., 2016; Garrouste-Orgeas, 2013) 

 

Irregular decision-making and oversight cause the variability that undermines the efficacy of the emergency 

department (ED) system and gives rise to issues like congestion (Riva & Petrini, 2021). As a result, reliable 

and consistent prediction models are required to evaluate healthcare practitioners’ choices that significantly 

impact patient outcomes. The delays brought on by the patient boarding process in the emergency 
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departments are a significant contributing cause to congestion. Research indicates a strong correlation 

between boarding delays and LOS in intensive care patients (Miller et al., 2012). Improving admission 

triage and proactively planning downstream resources can reduce boarding delays. Predictive models can 

determine admission status and patient mix, reducing overcrowding at EDs and minimizing boarding 

delays. In recent years, developments in machine learning algorithms have led to their widespread use in 

different spheres and for varied purposes, including cancer detection, hospital operations, and preventative 

medicine (Xiang et al., 2020). 

 

An additional investigation constructed predictive models for premature hospital readmissions (Gray & 

Malins, 2016). Other researchers have created copies aimed at critical coronary disorder and sepsis towards 

aiding healthcare schemes that identify fatal illnesses. Additional prediction models have also been created 

to enhance system-wide patient flow or hospital utilization. Numerous lessons require castoff persistent 

triage data, such as primary grievance, dynamic symbols, age, and sex, toward forecast sanatorium 

admittance choices and progress supply utilization and enduring movement. 

 

Additionally, structured techniques, such as like the Glasgow Admittance Forecast mark and Sydney Triage 

to Admittance Hazard Device, use triage data to forecast admissions. Laboratory test findings, prescriptions, 

and diagnoses improve model accuracy and prediction. Although some of these materials may be gleanable 

from the patient’s prior medical appointments, their incorporation into predictive models might result in 

their greater robustness. However, accessing the materials during the triage process is typically not possible. 

Several researches have utilized logistic deterioration and Naive Bayes models to predict admittance 

outcomes. A few researches have utilized advanced modeling methods, such as RF, SVM, and ANNs. 

These techniques are crucial for protecting and managing critical health information of patients. They serve 

as healthcare indicators and easy workload for professionals. 

 

Apparently, few admissions status prediction techniques have become commonplace due of to the lack of 

patient data during triage and the focus on specific populations or diseases (Mahomed, 2020). The trade-

off between creating a straightforward model with excellent accuracy is an additional justification. To state 

the foregoing differently, no scoring method is sufficiently accurate and simple enough to be applied in 

clinical settings (Dekker, 2018). That is why the present study proposes integrated models. A helpful 

framework constructed through optimized prediction models work to assist medical professionals in making 

informed choices regarding the admission status of ED patients study. It minimizes ED delays and enhances 

the management of hospital resources. By so doing, it offers huge prospects to both health practitioners and 

patients. 

 

Machine Learning Hyperparameters: Evidence from Extant Studies 
Machine learning hyperparameters can be maximized using grid search and random search techniques. Grid 

search involves evaluating each point in a grid of hyperparameter values during model training. The grid 

search method has an error in that the number of model evaluations increases exponentially with more 

parameters. All Grid search methods require time and fail to forecast the ideal model hyperparameter value 

(Kirwan & Zhiyong, 2020). Random search defines an exploration space as a bounded domain of randomly 

selected hyperparameters. Random search is troublesome, since it has a high variance and no global 

optimum (Sideris et al., 2021). Some studies suggest automated approaches to machine learning 

optimization in addition to random and grid searches. 

 

For example, using the Bayesian optimization can improve CNN and SVM performance. Bayesian 

optimization was used to modify the XGB’s settings. However, the inefficiency of the Bayesian 

optimization technique increases with the number of parameters, which makes it defective. The framework 

proposed by the current study makes up for the defect. A few methods or approaches use effective 

optimization techniques to identify the required hyperparameters in the corpus of work on improving the 

hyperparameters of machine learning algorithms. XGB, MLP, Knearestneighbour, and logistic regression 
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can be used to predict kidney transplant survival rates. These parameters are fine-tuned by employing a grid 

search method –GridSearchScikit-learn module. 

 

Again, a few researches have used metaheuristic techniques to optimize machine-learning algorithms. PSO 

and GA are two popular algorithms having common methods. Artificial neural networks (ANN) and SVM 

hyperparameters have benefited from applying GA and PSO (Juma & Shaalan, 2020; Blumenthal & 

Weinreb, 2001; Niemelä & Simons, 1997). In support vector machines (SVMs), the sole optimized 

parameter is gamma, whereas in neural networks, Nodes and learning rate are examined. GA 

enhances XGB’s hyperparameters (Manikyam, 2019). The issue with GA and PSO is that their population-

based nature makes them more computationally expensive. The optimum value of a Deep Neural Network 

(DNN) parameter, hidden layer count, is ascertained by utilizing the simulated annealing (SA) algorithm 

(Manikyam, 2019; Manikyam et al., 2016). 

 

Methodology 

For balanced information, the OFS-ML method and random under-sampling are used. This paper uses four 

feature selection algorithms: random forests (RF), lasso-LR (least absolute shrinking and selection operator 

for log regression), Chi-sq (Chi-sq). This study utilized retrospective patient data from three years of ED 

visits at a prominent hospital to develop machine-learning models. It uses the OFS-ML method and random 

under-sampling to ensure fair data. An electronic health record database, which included every emergency 

department visit from three major healthcare provider sites, was utilized to create a retrospective patient 

record dataset. The datasets are AUC, sensitivity, specificity, F1, and accuracy assessed performance. The 

best model’s accuracy, F1, sensitivity, specificity, and AUC were computed. The framework consists of 

three primary phases: data preprocessing, feature selection, and typical building. 

 

The suggested framework aims to forecast whether a patient should be admitted or discharged upon arrival 

at an emergency department. This allows healthcare providers need to communicate beforehand with 

downstream units, reducing boarding delays and addressing ED crowding. The ED patient’s first visit triage 

data, which is accessible and simple, is used by the prediction models. The new methods combine Tabu 

search (TS) with 3 different prediction processes in conjunction with prediction algorithms to improve the 

final model’s accuracy. Execution is assessed using the following five metrics: Accuracy, F1, sensitivity, 

specificity, and area under the curve (AUC). Scikit-learn are used to run 4 feature selection algorithms, 

resulting in numerous records collection groupings. An ED patient may be hospitalized in an inpatient ward, 

if admitted, or they may be released from the ED and returned home, if they are discharged without a 

requirement for hospitalization. 

 

The Proposed Framework 

The Phase I covers data preprocessing (missing data, scaling, etc.), data gathering, and sources. Phase II 

begins with data visualization to understand input and outcomes. Next, feature selection prioritizes essential 

features and prevents overfitting. For LASSO-LR, RF, and DT, the SFM and RFE functions are used, and 

the SKB Scikit-learn tool is used for Chi-sq. From the seven feature selection step, nine groups are created 

as follows: (8) voting group, (9) all features in one group, (10) Lasso_LR_RFE, (11), RF_RFE, (13), 

DT_SFM, (14), Chi-sq_SKB, and (15). At least three of the seven algorithms picked voting group features.  

One group with voting features, and 1 group with every element (6 predictions x 54 models for algorithms), 

while XGB, ADAB, and MLP use grid search for tuning, T-XGB, T-ADAB, and T-MLP use TS to optimize 

hyperparameters. When trying to get the best out of the three prediction algorithms, their area under the 

curve (AUC) were examined. The models with the most optimal parameters are then assessed using the F1 

measure, AUC, accuracy, sensitivity, and specificity. The model that performs the best overall is chosen. 

The following diagram captures the foregoing: 
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Fig. 1: Proposed Opt_ML Framework 

 
Source: Author, 2021 

Components of the Diagrammed Framework 

Algorithm 1: Opt_ML Framework 

Input: Datasets {Number of Epochs; Number of Hidden Neurons; Optimal Feature Selection} 

Output: Optimal Solution 

1. Initialize the population generated 

2. Regulate the parameter and vectors 

3. Fitness FF to be Calculated 

4. Random Number ‘n’ to be estimated  

5. If (h<1) 

6. { 

7. Using Adaptive formulae,  

8. Update the random number R 

9. Using Angular position 

10. Update the Position 

11. Calculate the Fitness Value 

12. } 

13. If (|d| >=1) 

14. { 

15. Based on the leader position, Update the position 

16. Calculate the Fitness Value 

17. Else 

18. Based on the Successor position, Update the position 

19. } 

20. Obtain the optimal solution 

 

Network traffic is classified as either normal traffic or a specific type of attack using a developed model 

framework. Network traffic contains instances carrying the value or condition of each feature 

simultaneously and various features collected from different sources. The suggested strategy employs OSRI 

to under-sample rich and over-sample redundant classes. This preprocessing levels the dataset’s instances 

of all classes. By so doing, it allows the classifier to spot patterns. The Mutual Information (MI) index is 

used to choose features, which are then classified using supervised learning with the Ensemble Machine 
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Learning approach and compared to other algorithms. MI helps find features that are either entirely 

irrelevant or have minimal impact on classification by computing their respective feature weights in class 

label categorization. This enables the elimination of such features. 

 

A description of the workflow of the proposed model is provided in Figure 1. Overfitting is avoided by 

using fivefold cross-validation on training data. The model is tested on the remaining 20% of the dataset 

after 80% has been used for training. The proposed technique will then be implemented on a peripheral 

server to detect abnormalities or attacks. Edge servers have lower latency than cloud servers. Hence, the 

method is used to analyze network traffic. The data is classified using a lightweight Ensemble Machine 

Learning approach, which requires less storage and processing power than Deep Learning algorithms 

(Xiang et al., 2020). These make it perfect for Edge servers in Algorithm 1. Consider algorithm 2 in relation 

to the algorithm 1, as follows: 

 

Fig. 2: Feature Selection 

 
Source: Author, 2021 

 

Performance analysis 

The performance levels of the proposed model are calculated by calculating the precision levels, recall 

levels, accuracy, sensitivity and specificity levels. TP represents true positive; TN represents true negative; 

FP is the false positive; FN is indicated as false negative. The calculations are performed as: 

Precision =     TP / TP + FP. 

Recall is defined as the percentage of instances categorized as belonging to a certain class divided by the 

total number of examples in that class: 

Recall =     TP / TP + FN 

Accuracy =   [TP + TN / TP + TN + FP + FN ]  × 100% 

Sensitivity (Sn) = [TP / TP + FN] × 100% 

Specificity (Sp) = [TN / TN + FP] × 100% 

The Suggested Image Filter-based Feature Selection Algorithm (IF-FS) is associated to DFIFS and MF-

GARF. The following Table 1 shows feature selection in comparison with datasets. 

 



INTERDISCIPLINARY JOURNAL OF AFRICAN & ASIAN STUDIES (IJAAS) VOL.7 NO. 2, 2021 (ISSN: 2504-8694), 

Indexed in Google Scholar (Email: ijaasng@gmail.com) Nnamdi Azikiwe University, Awka, Nigeria 

7 
 

Table 1: Typical Feature Selection Count Compared to Datasets 

 
Source, Author, 2021 

In Table 1, the typical amount of feature selection remains indomitably established continuously, based on 

the variant in the dissimilar datasets. Formerly suggested Filter based Feature Selection Algorithm (IF-FS) 

takes gained and enhanced amount of feature selection and the situation principles improved increasingly 

by way of associated with the existing algorithms, such as, Dynamic Feature Importance based Feature 

Selection (DFIFS) and Multiple filters and GA wrapper based hybrid approach (MF-GARF). The average 

accuracy against the datasets is represented in the Table 2 below: 

 

Table 2: Average Accuracy against Datasets 

 
Source, Author, 2021 

 

In Table 2, the records precision variations in Indian Pines, Pavia University, Pavia Centre, Kennedy Space 

Centre, and Botswana Agitated ethereal Imaginings determine value. The suggested method improves 

records correctness and value over other methods. The Table 3 below shows the records correctness (RoC) 

curve on the basis of false versus true positives: 
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Table 3: RoC curve based on false vs. true positives 

 
Source, Author, 2021 
 

From the table 3, Roc Curve is calculated for suggested then current replicas using False positive and True 

positive rates. 

 

Findings 

The following findings are established from the performance analysis carried out on the proposed 

framework: 

 The new algorithms outperformed established approaches in terms of area under the curve (AUC). 

 Preventing bias in ML models improves the models’ overall functionality. 

 The suggested work demonstrates using TS three ML algorithms (MLP, ADAB, and XGB) to 

achieve optimal performance. Most of the parameters from all the three algorithms are taken into 

account for refinement– five parameters from each approach. 

 Extra relevant characteristics for the output class are selected by applying MI-based feature 

selection. By examining each feature’s relationship to the final class, MI eliminates characteristics 

that receive low scores. Consequently, the dataset shrinks, reducing the training costs and 

timeframes of the ML models. 

 AutoML, which generates the optimal model for the given data, is employed in this research to 

forecast the ultimate class. 

 Furthermore, auto-ML improves classification model hyper-parameters by iteratively running the 

model until it produces optimal results. Lastly, a comparison with other cutting-edge models shows 

how the suggested framework performs much better. 

 

Conclusion 

This work has expanded a burgeoning body of research on healthcare predictive analytics and machine 

learning. It presents a framework for creating a realistic decision tool based on a ML model, aimed and 

capable of predicting patient admission in emergency departments. Knowing exactly and quickly if a patient 

will be admitted helps hospital managers to plan ahead for the treatments that come afterwards. This makes 

it easier for patients to move through the hospital. It also fosters better coordination of the use of resources 

in different areas, as in the emergency department and inpatient units. EDs can avoid overcrowding by 

managing resources well, coordinating care, and ensuring patients get to the right beds as quickly as 

possible. These can be achieved through the judicious application of the framework projected by this current 

study. 
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Preventing bias in machine learning models enhances their overall performance. Forecasting the admittance 

position of ED patients (i.e., hospitalised vs. released) based on patient data during triage is a crucial 

example of research from the healthcare area that highlights the framework’s usefulness. The recommended 

method prevents crowding by planning ahead and arranging the patient boarding procedure. So far, the 

study has highlighted the capability to ML techniques to detect and classify anomalies that may be 

challenging for traditional methods. Thus, they enhance the prediction of disease progression and patient 

outcomes. 

 

By utilizing complex neural networks, ML models can analyze vast amounts of medical data, including 

imaging, electronic health records (EHRs), and genomic information, with unprecedented precisions. As 

healthcare organizations adopt these advanced technologies, they can achieve improved patient outcomes, 

reduced operational costs, and greater efficiency in clinical decision-making, heralding a new era in medical 

diagnostics. These make ground the advocacy for their significant integration into advanced health 

informatics, and diagnostics in order to harness improvement opportunities at a large extent in these spheres 

of healthcare services as well as others. 
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