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Abstract— Optimal management of resources will be founda- 
tional to future health systems designing around 6G technology. 
The combination of ultra-reliable, very low-latency connectivity 
with autonomous AI-based decision-making will automate many of 
the operational aspects of healthcare delivery. The research 
presented here establishes a total machine learning framework that 
can implement various regression analysis techniques and 
ensemble models to predict Resource Utilization Efficiency (RUE). 
We constructed a diverse dataset from clinical, operational, and 
telecommunications-based variables and utilized multiple data 
preprocessing techniques (imputation, encoding, scaling, and 
outlier correcting) to optimize the training of our six benchmarked 
regression analyses: Linear Regression, Random Forest, Gradient 
Boost, XGBoost, Support Vector Regression, and K-Nearest 
Neighbors. Results demonstrated that tree-based models achieved 
the highest predictive accuracy, with Random Forest, Gradient 
Boosting, and XGBoost consistently outperforming linear and 
kernel-based approaches. To further enhance performance, 
ensemble learning methods (averaging, blending, and stacking) 
were employed, with stacking ensembles delivering the best overall 
results (MSE = 1.86 × 10−5, R2 = 0.9998). To produce robust 

models through hyperparameter tuning with GridSearchCV and 
Bayesian optimization; the SHAP analysis method was conducted 
to provide interpretation to the decision process, revealing that 
Network Performance (speed), Length Of Stay and Health Status 
were the most significant variables in predicting RUE. Promoting 
predictiveness while maintaining transparency provides a 
concrete, interpretable decision support tool for healthcare 
decision-makers. With the proposed framework, intelligent; 
sustainable and explainable; 6G supported Healthcare 
Management may continue to expand to include federated 
learning; real-time implementation; and multi-modal data. 

Index Terms—6G healthcare, ensemble regression, explainable 

AI, machine learning, resource utilization efficiency, smart med- 
ical systems. 

I. INTRODUCTION 

The rapid evolution of wireless communication technology has 

resulted in many possibilities for transforming the way that 

healthcare is delivered. The arrival of sixth-generation (6G) 

wireless (cell) networks will provide capabilities that can 

potentially revolutionize healthcare services by providing ultra-

low latency, massive connectivity, and smooth/more efficient 

integration of artificial intelligence (AI) into mobile 

communications [1]. These developments enable real-time 

monitoring, intelligent decision support, and efficient allocation 

of scarce medical resources, which are increasingly critical in 

the face of rising healthcare demands and resource constraints. 
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Overcrowding, length of stay, and resource availability are 

common issues in the healthcare system [2]. In these 

environments, it is essential to be able to forecast resource 

utilization efficiency accurately to aid in improving operational 

workflow and patient outcomes. Traditional statistical models 

do not provide sufficient insight because medical and network 

data are complex and nonlinear. For this reason, advanced 

machine learning (ML) techniques have emerged as effective 

tools for capturing complex relationships between patient 

characteristics, clinical variables, and communication factors in 

the healthcare industry [3]. 

Ensemble-based learning methods have been shown to be 

successful for healthcare prediction problems. They 

successfully improve the safety and consistency of AI by 

reducing both variance and bias; by improving the generalization 

ability of the AI [4], [5]. By example, using explainable AI 

(XAI) to create models (e.g., SHAP – SHapley Additive 

exPlanations) provides a way to create transparent outputs from 

the models. Instead of treating model outputs as a “black-box,” 

they can be used as valuable insights when making evidence-

based decisions [6]. This is especially important for the 

healthcare community, where trust and accountability are 

required for AI solutions to be widely accepted. 

This study will build upon the developments outlined 

previously; specifically, it will develop an ensemble learning 

framework to predict how efficiently a resource is utilized in a 

6G-enabled healthcare network. Multiple regression models will 

be evaluated and compared: linear regression, random forest, 

gradient boosting, XGBoost, support vector regression, and K-

nearest neighbors [7]. Three ensemble strategies [8] (averaging, 

stacking, and blending) will be applied and hyperparameter 

optimization will be performed with GridSearchCV [9]; finally, 

SHAP analysis will ensure model interpretability by revealing 

which variables are most important for model predictions [10]. 

We have made three major contributions as part of this study: 

 A comparison of traditional vs. advanced regression 

methods for predicting how effectively healthcare uses 

its resources. 

 Proposed an optimised ensemble learning framework 

that uses blending and hyperparameter tuning to achieve 
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better predictions than what would be accomplished 

with a single model. 

 Integration of explainability into our models through the 

use of SHAP analysis, which provides a clear 

understanding of the most important contributors to 

overall efficiency in using resources by the healthcare 

industry. 

By addressing both predictive performance and interpretability, 

this study provides a robust and explainable framework for 

intelligent healthcare resource management in the 6G era. 

II. RELATED WORKS 

In recent years, researchers have been investigating the use 

of advanced machine learning techniques for managing health 

care resources as a result of 5G and emerging 6G 

telecommunications systems. Research has shown the benefits 

of utilizing data-driven models in connection with hospitals’ 

capacities to better plan for expected patient admissions, 

improve patient flow through hospitals, and allocate health care 

resources more accurately. For example, hospitals have used 

conventional statistical forecasting methods such as regression 

analysis for predicting patient admissions and bed occupancy; 

however, these types of models may not accurately represent the 

nonlinearities inherent in complex health care datasets. 

The integration of 6G networks with intelligent healthcare 

systems has been widely studied, with several works focusing 

on deep reinforcement learning (DRL) and graph-theoretic 

optimization for resource allocation. For example, Lv et al [11]. 

proposed a dueling deep Q-network (DDQN)-based strategy for 

AI-native healthcare systems in dense hospital environments, 

modeling interference via graph coloring and demonstrating 

improvements in throughput and service reliability, while Wang 

et al [12]. examined healthcare transport systems in 6G and 

emphasized system-level resource allocation frameworks. In 

addition, Alhussien and Gulliver discussed AI-enabled green 6G 

networks and highlighted the importance of energy-efficient 

resource management through AI-based methods [13]. 

Although these studies provide valuable insights into 

communication-level optimization and reinforcement learning-

driven strategies, they share two limitations: reliance on a 

single methodological paradigm (e.g., DRL) and limited 

attention to model interpretability. In contrast, our work 

employs a comparative analysis of multiple machine learning 

regressors, including Linear Regression, Random Forest, 

Gradient Boosting, XGBoost, SVR, and KNN, and extends this 

by applying ensemble learning strategies such as stacking, 

averaging, and blending. Furthermore, SHAP-based 

explainability was incorporated so healthcare practitioners could 

gain insight into which of these similar tools were most 

important when making predictions about Resource Utilization 

Efficiency. Previous research has focused on throughput, 

latency or energy consumption while this work specifically looks 

at efficiency prediction in healthcare through a combination of 

hyperparameter optimization and ensemble modeling being able 

to provide state of the art accuracy. This model will also 

address interpretability and decision support needs in 6G- 

enabled environments for Health Care. 

Ensemble-based machine learning techniques like Random 

Forest, Gradient Boosting, and XGBoost have gained popularity 

for their ability to perform well at predicting tasks in 

healthcare, while overcoming limitations. By combining 

multiple learners, ensemble models reduce both bias and 

variance making them superior to single learners for clinical 

decision support and operational forecasting. Recent studies 

have also shown that ensemble learning provides increased 

predictive robustness for variables that are high-dimensional 

and/or heterogeneous, such as in medical datasets. 

To better identify unusual data traffic behaviors and help 

facilitate enhanced security in 6G networks [14], researchers 

have concluded that using machine learning techniques to detect 

anomalies may be very beneficial; AI-based models represent 

an exciting opportunity to maintain the reliability of next-

generation telecommunications (5G). Shinoo and Sengan [15] 

developed a novel, edge-computing based decision support 

system (DSS) for the healthcare industry, utilizing an 

ensemble extreme learning machine (E-ELM) that benefits from 

the combined optimization of genetic algorithms (GA) and 

particle swarm optimization (PSO) techniques in order to 

improve diagnostic accuracy across multiple types of diseases. 

Similarly, Kumar et al [16] investigated ensemble-based big 

data analytics for disease prediction in IoT-enabled healthcare, 

demonstrating that ensemble approaches such as Random 

Forests and Gradient Boosting significantly outperform 

conventional single-model baselines in handling high-

dimensional medical data streams. Although these studies offer 

important information, many of them concentrate solely on 

instructing through the use of deep learning techniques for 

diagnosing disease or detecting abnormalities and do not 

analyze how these models can be interpreted. Our research is 

distinct from previous research in two ways: (i) it expresses a 

regression- oriented task in relation to the prediction of Resource 

Utilization Efficiency in a 6G-oriented health care setting rather 

than focusing solely on classification; and (ii) it demonstrates 

the comparative benefits of different regression modelling 

techniques and provides an overview of various forms of 

advanced ensemble-based methods (stacking, averaging, 

blending) that will be introduced within the framework of this 

project. 

Explainable artificial intelligence (XAI) has become prominent 

nowadays as researchers focus on being more transparent with 

predictive models. An example of this kind of approach is the use 

of SHAP [17] to identify feature contributions in predictive 

modeling tasks specifically related to healthcare; thus, 

increasing the interpretability of a model and helping build the 

trust required by clinical decision makers in order to use them 

successfully in their practice. Black-box models are often met 

with a lack of acceptance within the healthcare community 

because of the consequences of making big decisions based on 

the outcome of a black box model. 

Also, hyperparameter tuning optimization strategies such as 

GridSearchCV or Bayesian optimization were also studied to 

further enhance model performance. According to past studies, 

systematic tuning of ensemble models can provide a 

considerable increase in both accuracy and stability when 

applied to large-scale applications of dynamic datasets. 

Building on this body of work, our study extends the literature 

by combining ensemble learning strategies such as averaging, 

stacking, and blending with hyperparameter optimization and 

SHAP-based explainability [18]. Unlike previous works that 

focus on a single modeling paradigm, the proposed framework 

provides a comprehensive evaluation of multiple regression 

techniques and ensemble architecture while ensuring 

interpretability. This positions the contribution at the 

intersection of predictive performance and explainability in 6G 

enabled healthcare systems 
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III. SYSTEM MODEL 

The framework we propose in this work provides an end-to-end 

solution for predicting the efficiency of resources utilized in 6G-

based health care settings through data pre- processing, machine 

learning regressors, ensemble strategies and explainable AI. The 

process starts with varying types of data; clinical, operational 

and network-related, which are preprocessed (cleaned, encoded 

and normalized) so they can be used together with the same set 

of learning algorithms. Various regression modeling techniques 

(from simple linear regression up to more advanced techniques 

like tree-based methods) are trained on these datasets and 

evaluated because they are capable of modeling simple and non-

linear relationships as well as providing their respective 

predictions. To increase the robustness of all models created, 

ensemble approaches (averaging, blending and stacking) take 

advantage of the complementary weaknesses of each model. 

The hyperparameter tuning process enables refinement of model 

performance, and SHAP-based explainability provides 

interpretable and actionable results. By implementing 

multitiered architecture, the overall result of the proposed 

frame- work provides not only state-of-the-art levels of 

performance but also increased levels of transparency, reliability 

and scalability, making it suitable for use in real-world scenarios 

of 6G-enabled health care systems as detailed in Algorithm 1. 

A. Dataset Description 

Table I presents the dataset with 500 observations of healthcare 

systems that were collected in this study. There are four 

types of attributes for each observation including a 

demographic (age, gender, health status), clinical (type of 

disease and length of stay), operational (type of resource and 

usage), and network (network speed and level of interference). 

Each observation corresponds to a patient interacting with the 

healthcare system in a smart environment. 

The predicted variable output by the prediction models will be 

Resource Utilization Efficiency (RUE) as given in the dataset as 

a normalized number. Each normalized number is an indication 

of how well the healthcare system allocated resources to patients 

based on their needs/conditions as expressed by the other 

attribute values observed in the dataset. When training the 

machine learning models, the goal will be to determine the 

predicted value of RUE (based on observed attribute data) when 

the healthcare system uses the RUE value to assign resources to 

patients. 

Algorithm 1: RUE Prediction with Ensemble Regression and 

SHAP Explainability 

Input: Raw dataset  with 

numerical/categorical features 

Output: Trained models M, best ensemble ℇ ⋆, test metrics, 

SHAP explanations 

1: Data Split and Preprocessing 

Split D into train/test: Dtr,Dte (e.g., 80/20) with 

stratification if needed.  

foreach numeric feature f do 

Impute missing with mean/median; detect outliers via 

IQR; apply winsorize if needed. 

foreach categorical feature c do 

Impute mode; apply One-Hot Encoding (drop one to 

avoid collinearity). 

Scale numeric features with StandardScaler (fit on Dtr, 

transform both sets). 

2: Base Learners 

Define base model set 

B = {LR,RF,GBT,XGB,SVR(RBF),KNN}.  

foreach b ∈ B do 

Fit b on Dtr; compute validation via CV; 

record metrics. 

3: Hyperparameter Optimization  

      For tree-based models (RF, GBT, XGB) run 

GridSearchCV (and/or Bayesian Opt.) on Dtr. 

Select tuned models Btuned by best CV score (e.g., RMSE). 

4: Ensembles 

(a) Averaging: , where 

S ⊆ {RF, GBT, XGB}. 

(b) Stacking: 

Perform K-fold CV on Dtr to get out-of-fold 

(OOF) predictions for base models S. Train meta-

learner g (e.g., Linear/Ridge) on OOF matrix to 

obtain 𝑦̂stack  = g(fbase). 

(c) Blending: 

Split Dtr into inner-train Dtr1 and holdout 

Dval. 

Fit base models on Dtr1, form meta-design from 

predictions on Dval, train g. 

Refit base models on full Dtr; use g for final  

blend 𝑦̂𝑏𝑙𝑒𝑛𝑑 . 

5: Model Selection and Test Evaluation 

Evaluate {best single, avg, stack, blend} on Dte using 

{MSE, RMSE, R2}. 

Choose ℇ ⋆ = argmin{·} RMSE(Dte) (tie-break with R2 

and stability). 

6: Explainability (SHAP) 

Fit SHAP explainer (TreeExplainer for tree-based, 

Kernel/Linear otherwise) on ℇ⋆. 

Compute global importances and local explanations; 

extract top drivers.  

return M,ℇ⋆, test metrics, SHAP plots 

Table I. Description of dataset features. 
Feature Type Description 

Age Num. Patient age 
Gender Cat. Patient gender 

Health Status Cat. Patient condition level 
Disease Type Cat. Type of disease 

Resource Needed Cat. Required medical resource 
Duration of Stay Num. Length of hospital stay 
Utilization Status Bin. Resource actively used 
Network Speed Num. Network communication speed 

Overlapping Interference Bin. Network interference indicator 

Resource Utilization 

Efficiency 

Num. Target efficiency score 

 

B. Data Preprocessing 

The preprocessing stage constitutes one of the most critical 

components of the modeling pipeline, as it directly influences 

the overall predictive performance of machine learning 

algorithms. The dataset employed in this study comprises a 

mixture of categorical and numerical variables, including 

demographic, clinical, operational, and network-related 

parameters. Therefore, a multi-step preprocessing workflow was 

implemented to ensure that the data was suitable for training 

robust predictive models. To further examine feature 

interdependencies, a correlation matrix was computed. As 

shown in Fig. 1, certain attributes such as Utilization Status and 
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Network Speed exhibit strong correlations, which informed our 

preprocessing and modeling strategy. 

First, the dataset was examined for missing values. For 

numerical variables, missing entries were imputed using meanor 

median-based strategies, while categorical variables were 

imputed using the mode. This procedure ensured that no 

information was lost due to incomplete records and that the 

dataset remained consistent for model training. Then, the dataset 

was screened for outliers in numerical features. The Interquartile 

Range (IQR) method [19], [20] was employed to detect extreme 

values, and corrective measures such as winsorization and, when 

necessary, robust scaling were applied. These steps reduced the 

negative impact of outliers on the learning process, particularly 

for models sensitive to distributional skewness. 

Afterwards, to convert categorical variables into numerical 

values, One-Hot Encoding was used [21]; wherein a binary 

representation was created to capture the unique value of every 

categorical variable. To prevent the occurrence of the dummy 

variable trap, a baseline category (out of the three coded) for 

each of these categorical variables (race, country, and marital 

status) was omitted from each category being transferred to the 

machine learning model. In addition to the one hot encoding on 

categorical variables, numerical variables also had the 

StandardScaler normalisation applied. The standardisation of 

numerical variables allows for consistency (to have zero mean 

and unit variance) when working with the feature variables of 

the machine learning model. Therefore, this inconsistency in 

scaling can introduce variability into the results/outcomes of 

distance-based models (e.g. Support Vector Regression [SVR] 

and K-Nearest Neighbour [KNN]) [22]. 

In conclusion, the data set underwent an 80:20 split for training 

and testing purposes. The training portion will provide the 

algorithms needed to build ML models, while the testing portion 

will provide evaluation on their ability to generalize. By 

maintaining the 80:20 split, you are ensuring that the models 

have been evaluated with both the training set and with ’out of 
sample’ instances and thus are able to provide a better 

assessment of their predictive abilities. With the data being 

cleaned, encoded, and standardized through the use of the 

preprocessing pipeline, the dataset is prepared to optimize the 

performance of the models during the following stages of 

analysis. 

C. Machine Learning Models 

A number of regression models were used to create predictive 

baselines and also to assess how well an ensemble of advanced 

methods worked. The models were chosen to represent a wide 

range of learning paradigms such as linear models, tree-based 

ensembles, kernel-based learning algorithms [23] and instance-

based learning algorithms. The inclusion of all of these models 

provides for both simple and complex relationships in your data 

to be discovered and evaluated. 

The first principal method of the main model is linear regression, 

the model describing the dependent variable in terms of linear 

relationships of the independent variables, which are 

coefficients estimated by ordinary least squares (OLS) [24]. It 

has limited ability to fit to the data if the relationship is non-

linear. However, it is helpful as a point of reference to compare 

more complex models. 

The Random Forest ensemble method is an example of bagging 

and creates predictions by combining the averages of multiple 

decision trees created by creating multiple decision trees [25]. 

Its two main strengths are a low likelihood of overfitting and the 

ability to utilize high-dimensional and heterogeneous data. 

Random Forest accomplishes this through the use of both 

bootstrap sampling and the random selection of features which 

reduces the variation in the model and enhances the stability of 

the predictions. 

 
Fig. 1. Feature correlation heatmap for the healthcare dataset. 

The method of boosting referred to as Gradient Boosting [26] 

generates trees that are formed gradually and each tree will 

create an effort to eliminate any residual errors that were created 

by the previous trees. In this manner, Gradient Boosting also 

generates improved predictions through iteratively reducing the 

loss functions, which frequently produces more accurate 

outcomes than any other regression model. In order to prevent 

overfitting when using Gradient Boosting, the parameters of 

learning rate, depth of trees and number of estimators will need 

to be fine-tuned. 

XGBoost extends the concept of gradient boosting by 

introducing regularization mechanisms (L1 and L2) [27], 

optimized memory usage, and parallelized training. It has 

become one of the most widely used algorithms in structured 

data tasks due to its scalability, high efficiency, and strong 

predictive performance. In this study, XGBoost consistently 

ranked among the best-performing single models. 

SVR employs a kernel-based learning approach [28] that seeks 

to fit data within a margin of tolerance (the ϵ-insensitive zone). 

Using kernels such as the radial basis function (RBF), SVR 

captures complex non-linear relationships between features and 

the target. While effective, its computational cost increases 

significantly with larger datasets, making it more suitable for 

medium-scale data. 

KNN regression is an instance-based learner [29] that predicts 

outputs by averaging the target values of the k nearest neighbors 

in feature space. Its simplicity and non-parametric nature make 

it adaptable to various distributions, although its performance is 

highly sensitive to feature scaling and the choice of k. 

Each model was evaluated using three standard regression 

metrics: Mean Squared Error (MSE), Root Mean Squared Error 

(RMSE), and the Coefficient of Determination (R²). These 

metrics enabled a comprehensive comparison of predictive 

accuracy, error magnitude, and explained variance. Together, 

these models form the foundation for ensemble strategies 

described in the next section, allowing both individual and 

combined performance to be systematically assessed. 
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D. Ensemble Approaches 

Ensemble learning combines multiple base models to obtain 

more accurate and robust predictions than those achievable by 

any single model alone [30]. In this study, three complementary 

ensemble strategies were implemented: averaging, stacking, and 

blending. Their mathematical definitions and conceptual roles 

are presented below. 

1) Averaging Ensemble: The simplest ensemble strategy is 

averaging, where predictions of several base learners are 

aggregated by computing their arithmetic mean [31]. Let 

 denote the predictions of B base models for an input 

feature vector z. The averaged prediction is defined as 

            𝑦̂avg (𝐳) =
1

𝐵
∑  𝐵

𝑏=1 𝑓𝑏(𝐳)                          (1) 

weighted variant can also be expressed as 

       𝑦̂w−avg(𝐳) = ∑  𝐵
𝑏=1 𝑤𝑏𝑓𝑏(𝐳), ∑  𝐵

𝑏=1 𝑤𝑏 = 1, 𝑤𝑏 ≥ 0        (2) 

In this study, XGBoost, Gradient Boosting, and Random Forest 

were selected as base models for averaging. This approach 

reduces variance by smoothing out fluctuations from individual 

learners. 

2) Stacking Ensemble: Stacking introduces a meta-learner that 

learns how to best combine the outputs of base models [32]. 

Suppose f1,...,fB are base learners trained on the training set. 

Their predictions on held-out folds generate metafeatures: 

                 𝐮𝑖 = (𝑓1
oof (𝐳𝑖), 𝑓2

oof (𝐳𝑖), … , 𝑓𝐵
oof (𝐳𝑖))                   (3) 

where fb
oof denotes out-of-fold predictions for instance i. 

A meta-model g(·) is then trained on {(ui,yi)} to minimize 

squared loss: 

   𝑔⋆ = arg 𝑚𝑖𝑛
𝑔

 
1

𝑛
∑  𝑛

𝑖=1 (𝑦𝑖 − 𝑔(𝐮𝑖))
2
                   (4) 

The final stacked prediction for a new sample z is; 

     𝑦̂stack (𝐳) = 𝑔⋆(𝑓1(𝐳), 𝑓2(𝐳), … , 𝑓𝐵(𝐳))                (5) 

In this work, Linear Regression was employed as metalearners, 

leveraging their transparency and low variance. 

3) Blending Ensemble: Blending is conceptually similar to 

stacking but uses a dedicated validation set to construct 

metafeatures [33]. Let the training data be split into Dtrain and 

Dval. Base learners fb are trained on Dtrain, and their predictions 

on the validation set yield; 

         𝐮𝑖 = (𝑓1(𝐳𝑖), 𝑓2(𝐳𝑖), … , 𝑓𝐵(𝐳𝑖)), 𝑖 ∈ 𝒟val                (6) 

A meta-learner g is trained on (ui,yi) from the validation set. At 

inference, the blended ensemble produces; 

            𝑦̂blend (𝐳) = 𝑔(𝑓1(𝐳), 𝑓2(𝐳), … , 𝑓𝐵(𝐳))                 (7) 

This strategy reduces information leakage, since the metamodel 

never sees base learner predictions on the training set. In our 

experiments, Linear Regression and Ridge Regression were 

again employed as blending meta-learners, and this approach 

achieved the best overall performance. 

Ensemble methods enhance predictions by smoothing out 

variance through averages, building the best linear (or 

nonlinear) combination of the outputs from their respective 

predictors using stacking (and baseline output). The isolating of 

the predictions used for validation from the final prediction 

provides a high degree of generalizability through blending 

these ensemble strategies together; this has led to substantially 

greater Resource Utilization Efficiency prediction accuracy than 

any other single model. 

E. Hyperparameter Optimization 

To ensure robust and high-performing models, hyperparameter 

optimization was applied, particularly to tree-based algorithms 

such as Random Forest and Gradient Boosting [34]. 

Hyperparameters (e.g., number of estimators, maximum tree 

depth, learning rate) strongly influence model complexity, 

variance, and bias. 

Formally, let fθ denote a model parameterized by 

hyperparameters θ ∈ Θ, and let  be the cross-validation 

error estimate. The goal is to find; 

𝜽⋆ = arg 𝑚𝑖𝑛
𝜽∈Θ

 𝑅̂CV(𝜽)            (8) 

 

where 

         𝑅̂CV(𝜽) =
1

𝐾
∑  𝐾

𝑘=1
1

|𝑉𝑘|
∑  𝑖∈𝑉𝑘

(𝑦𝑖 − 𝑓𝜽(𝐳𝑖))
2
          (9) 

with Vk denoting the validation fold in K-fold

 crossvalidation. 

In this study, both GridSearchCV, which exhaustively explores 

a predefined hyperparameter grid, and Bayesian optimization 

(Optuna) were utilized. These approaches systematically 

identify hyperparameter settings that minimize prediction error, 

thereby improving both accuracy and stability of ensemble 

models. 

F. Model Explainability 

SHAP values were calculated using the appropriate SHAP 

explainer to ensure the robustness of the SHAP explainability 

analysis. The basis of SHAP is that the method of determining 

informational attribution is derived from cooperative game 

theory and that information provided is additive. The 

explanation provided was then analyzed globally and locally to 

confirm its consistency with the system model assumptions. The 

validated key factors of network speed, sojourned time, and 

health status were consistent with the health care experience or 

expected operational driver of use and therefore support the 

trustworthiness and intuition of the proposed system. 

For a model f and feature vector z, the SHAP value ϕj(z) for 

feature j is defined as the Shapley value over all coalitions 

S ⊆ F \ {j}: 

       𝜙𝑗(𝐳) = ∑  𝑆⊆ℱ∖{𝑗}
|𝑆|!(𝑑−|𝑆|−1)!

𝑑!
(𝑓(𝐳𝑆∪{𝑗}) − 𝑓(𝐳𝑆))      (10) 

where F is the full set of features, and f(zS) denotes the expected 

prediction conditioned on the subset S. 

The SHAP framework satisfies the additivity property, ensuring 

that the model prediction can be decomposed as; 

             𝑓(𝐳) = 𝜙0 + ∑  𝑑
𝑗=1 𝜙𝑗(𝐳)                     (11) 

where ϕ0 = E[f(Z)] is the average model output. 

This decomposition enables transparent, instance-level 

explanations of predictions. In our experiments, SHAP analysis 

revealed that Network Speed, Duration of Stay, and Health 

Status were the most influential factors driving Resource 

Utilization Efficiency predictions. Such interpretability not only 

enhances trust in the model but also provides actionable insights 

for healthcare administrators. 
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G. Performance Metrics 

To assess the predictive accuracy and generalization ability of 

the proposed models, three standard regression metrics were 

employed: Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), and the Coefficient of Determination (R2). 

1) Mean Squared Error (MSE): MSE quantifies the average 

squared difference between the true target values yi and the 

predicted values yˆi. It is defined as; 

          MSE =
1

𝑛
∑  𝑛

𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)
2            (12) 

where n denotes the number of test samples. 

2) Root Mean Squared Error (RMSE): RMSE provides the 

square root of the MSE, thus expressing the error in the same 

unit as the target variable: 

RMSE = √
1

𝑛
∑  𝑛

𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)
2                 (13) 

3) Coefficient of Determination (R2): The R2 score evaluates the 

proportion of variance in the target variable that can be 

explained by the model predictions. It is defined as; 

   𝑅2 = 1 −
∑  𝑛

𝑖=1 (𝑦𝑖−𝑦̂𝑖)2

∑  𝑛
𝑖=1 (𝑦𝑖−𝑦̅)2             (14) 

Where 𝑦̂  = 
1

𝑛
∑  𝑛

𝑖=1 𝑦𝑖   is the mean of the observed values. 

4) Interpretation: Lower values of MSE and RMSE indicate 

higher predictive accuracy, while an R2 score closer to 1 suggests 

better explanatory power. Together, these metrics provide a 

comprehensive evaluation of both the error magnitude and the 

proportion of explained variance in the predictions. 

IV. EXPERIMENTAL RESULTS 

To ensure data reproduction and avoid leaking data from the test 

set into the training set, the dataset was split into two parts: a 

training set consisting of 80% of the original dataset and a 

testing set containing the remaining 20% of the data. 

Preprocessing steps such as imputing missing values, treating 

outliers, encoding, and feature scaling were completed only on 

the training dataset and then applied to the test set after 

preprocessing was finished. Hyperparameter Tuning using 

GridSearchCV (with grid search and Cross Validation) was 

done for all tree-based models. Overall model performance 

metrics (MSE, RMSE, and R2) were used to assess final model 

performance. Additionally, to increase robustness of result 

reporting, the mean of all fold results was reported. 

A. Baseline Regression Models 

Table II summarizes the performance of six baseline regressors. 

Among them, the Random Forest model achieved the best 

overall accuracy with an MSE of 2.16×10−5, RMSE of 0.00465, 

and an R2 score of 0.999784. This indicates that the model 

captures nearly all variance in the target variable with negligible 

error. 

XGBoost and Gradient Boosting followed closely, with R2 

scores of 0.999415 and 0.999314, respectively. Their RMSE 

values (0.0077 and 0.0083) show slightly higher error than 

Random Forest but still demonstrate excellent predictive 

performance. Linear Regression achieved a strong baseline with 

R2 = 0.995744, yet it was unable to fully capture nonlinear 

dependencies, reflected in its higher RMSE of 0.02067. KNN 

showed weaker generalization, yielding R2 = 0.989092 and 

RMSE of 0.03310. SVR was the least effective, with R2 = 

0.915114 and an RMSE exceeding 0.09234, indicating 

substantial error compared to ensemble-based approaches. 

Table II. Baseline regression result. 

Model MSE RMSE R2 

Random Forest 2.16×10−5 0.004647 0.999784 

XGBoost 5.87×10−5 0.007660 0.999415 

Gradient Boosting 6.89×10−5 0.008299 0.999314 

Linear Regression 4.28×10−4 0.020673 0.995744 

KNN 1.10×10−3 0.033101 0.989092 

SVR 8.53×10−3 0.092344 0.915114 

The results clearly show that tree-based ensemble method 

(Random Forest, XGBoost, Gradient Boosting) significantly 

outperform both linear and kernel/distance-based approaches. 

Random Forest in particular demonstrates superior robustness 

and lower variance, benefiting from its bagging mechanism. 

Linear Regression, while relatively strong, fails to capture 

nonlinear interactions, while KNN and SVR underperform, 

highlighting sensitivity to parameterization and feature scaling 

in high-dimensional healthcare data. These findings validate the 

hypothesis that ensemble regressors are best suited for modeling 

Resource Utilization Efficiency, as they can capture 

nonlinearities and complex feature interactions with high 

fidelity. 

B. Averaging Ensemble 

Averaging ensembles represent a straightforward means of 

combining several models’ predictions through the simple 

average of the predicted values generated by multiple base 

learners. The use of an average allows for the capture of the 

inherent bias in one model or algorithm by providing an 

“average” of the forecasts obtained from multiple models or 

algorithms. In this research project, three of the strongest models 

for tree-based regression (XGBoost, Gradient Boosting and 

Random Forest) have been selected as member models within 

the ensemble. All three member models can effectively capture 

non-linear trends and complex interactions between features, 

albeit with different predicted errors for any given set of 

features. Therefore, the prediction produced will be a 

combination of the predictions from each of the individual 

models – thus generating a better and more representative 

measure of Resource Utilization Efficiency through the use of an 

arithmetic average of the predicted outputs produced by each of 

the member models. 

Table III. Performance of averaging ensemble vs. random 

forest baseline. 

Model MSE RMSE R2 

Random Forest (baseline) 2.16×10−5 0.004647 0.999784 

Averaging (XGB + GBT + RF) 3.28×10−5 0.005727 0.999674 

The results indicate that the Averaging ensemble performs 

slightly worse than the best single model, Random Forest as 

shown in Table III. Specifically, its MSE and RMSE are higher, 

and its R2 is marginally lower. This outcome highlights that 

simple averaging does not always surpass the strongest 

individual learner, especially when one model (Random Forest) 

already demonstrates highly stable and accurate predictions. 

Including weaker models in the averaging process may dilute 

the performance of the best performer. 

Nevertheless, the Averaging ensemble still achieved extremely 

high accuracy (R2 = 0.99967), confirming its robustness and 

reliability. This finding emphasizes that while averaging 

provides a solid ensemble strategy, more advanced approaches 

such as stacking or blending may deliver superior performance 
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by learning optimal model combinations instead of assigning 

equal weights. 

C. Blending Ensemble 

Blending is an ensemble strategy closely related to stacking, but 

it constructs meta-features on a held-out validation split instead 

of out-of-fold predictions. Concretely, we split the training set 

into Dtr and Dval, fit three base learners XGBoost, Gradient 

Boosting, and Random Forest on Dtr, and obtain their 

predictions on Dval to form the meta-design matrix. We then train 

a linear meta-learner on these meta-features. At test time, base 

learners are refit on the full training data and the meta-learner 

combines their test predictions. 

Table IV. Blending results (linear and ridge meta-learners) 

compared with averaging and baseline models. 

Model MSE RMSE R2 

RF (baseline) 2.16×10−5 0.004647 0.999784 

Avg (XGB+GBT+RF) 3.2798×10−5 0.005727 0.999674 

Blend (LR) 2.1891×10−5 0.004679 0.999782 

Blend (Ridge) 2.2098×10−4 0.014865 0.997800 

The Linear-Regression meta-learner delivers the strongest 

blending configuration, achieving MSE = 2.19 × 10−5, RMSE = 

0.00468, and R2 = 0.999782. This slightly outperforms simple 

Averaging (R2 = 0.999674), indicating that learning data-driven 

weights across the base learners provides a small but consistent 

gain as shown in Table IV. In contrast, the Ridge meta-learner 
underperforms (R2 = 0.9978), suggesting that coefficient 

shrinkage can be overly conservative in this setting (small 

validation split and highly correlated base predictions), leading 

to underfitting. Overall, blending with a linear meta-learner is 

competitive with the best single model and approaches the 

performance achieved by stacking in our experiments. 

D. Stacking Ensemble 

In this study, three strong tree-based regressors were employed 

as base learners: XGBoost, Gradient Boosting, and Random 

Forest. These models were chosen due to their high predictive 

power and complementary error profiles: Random Forest 

effectively reduces variance via bagging, Gradient Boosting 

reduces bias through sequential residual learning, and XGBoost 

provides additional regularization and efficient optimization. As 

a meta-learner, a Linear Regression model was selected to 

combine the outputs of the base learners. Its transparency and 

low variance make it particularly suitable for learning stable 

linear relations among the predictions. The training process was 

implemented using 5-fold crossvalidation in order to prevent 

overfitting and to provide reliable out-of-fold predictions for 

meta-learning. 

The performance comparison between the stacking ensemble 

and other models is summarized in Table V. The stacking 

ensemble achieved outstanding performance, with a Mean 

Squared Error (MSE) of 1.86 × 10−5, Root Mean Squared Error 

(RMSE) of 0.004307, and R2 = 0.999815. For comparison, the 

best single baseline model, Random Forest, achieved MSE = 

2.16×10−5, RMSE = 0.00465, and R2 = 0.999784. Although the 

numerical improvement appears modest, the reduction in error 

is significant in high-precision healthcare applications, where 

even small gains in predictive accuracy can lead to more 

effective resource allocation and decisionmaking. For reference, 

the best single baseline (Random Forest) obtained MSE = 2.16 

× 10−5, RMSE = 0.004648, and R2 = 0.999785. Thus, stacking 

provides a consistent yet modest improvement in all three 

metrics. 

 
Fig. 2. Stacking ensemble model learning curve. 

The Fig. 2 illustrates the training and validation learning curves 

of the stacking ensemble model. The convergence trend 

indicates stable learning behavior, with both training and 

validation errors decreasing steadily and reaching low values. 

The close alignment of the two curves suggests that the model 

generalizes well without significant overfitting, confirming the 

robustness of the ensemble approach. 

 
Fig. 3. Error distribution of stacking ensemble model. 

The Fig. 3 depicts the distribution of prediction errors produced 

by the stacking ensemble on the test dataset. The majority of 

errors are tightly clustered around zero, indicating that the model 

achieves highly accurate predictions with minimal deviation 

from actual values. The symmetric and narrow error spread 

confirms the model’s robustness and its ability to generalize 

effectively, outperforming individual baseline regressors. 

Table V. Ensemble (stacking) vs. other models test set. 

Model MSE RMSE R2 

RF (baseline) 2.16 × 10−5 0.004647 0.999784 

Avg (XGB+GBT+RF) 3.2798 × 10−5 0.005727 0.999674 

Blend (LR) 2.1891 × 10−5 0.004679 0.999782 

Blend (Ridge) 2.2098 × 10−4 0.014865 0.997800 

Stacking 

(XGB+GBT+RF→LR) 

1.86 × 10−5 0.00431 0.999815 

The improvement aligns with the expectation that stacking can 

leverage complementary error profiles of heterogeneous base 

learners. In our setting, the meta-learner captures linear relations 

among base predictions and reduces residual variance, yielding 

the lowest error and the highest R2 among all evaluated 

configurations. 
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Fig. 4. SHAP summary – meta-model (base-level 

contributions). 

The Fig. 4 presents the SHAP summary analysis for the stacking 

ensemble meta-model, showing the relative contributions of 

base-level features to prediction outcomes. The visualization 

ranks features by importance and displays both the direction and 

magnitude of their influence. It reveals that variables such as 

Network Speed, Duration of Stay, and Health Status are among 

the most critical drivers of Resource Utilization Efficiency, 

aligning with domain knowledge. 

 
Fig. 5. Stacking meta-model SHAP (base predictions as 

features). 

The Fig. 5 shows the SHAP analysis of the stacking metamodel 

when the outputs of the base learners (XGBoost, Gradient 

Boosting, Random Forest) are treated as input features. The plot 

demonstrates how each base learner’s predictions contribute to 

the final ensemble decision. It highlights that the meta-learner 

assigns varying levels of importance to different base models, 

confirming that stacking leverages their complementary 

strengths to achieve superior performance. 

V. CONCLUSION AND FUTURE WORK 

In this paper, we explored the application of machine learning 

and ensemble learning techniques to predict Resource 

Utilization Efficiency in 6G-enabled healthcare systems. 

Baseline comparisons demonstrated that tree-based methods 

such as Random Forest, Gradient Boosting, and XGBoost 

outperform linear and kernel-based regressors, with Random 

Forest yielding the strongest single-model performance. 

Ensemble strategies were then examined, where stacking 

emerged as the most effective approach, delivering the lowest 

error rates and the highest R2. In addition, explainability through 

SHAP analysis provided valuable insights into the most 

influential predictors, including network speed, duration of stay, 

and health status, ensuring that the proposed system is both 

accurate and interpretable. 

Looking ahead, several promising directions remain open for 

exploration. First, the integration of deep learning architectures, 

such as recurrent or transformer-based models, could further 

enhance predictive power by capturing temporal dependencies 

in healthcare data. Second, using federated learning systems 

may help address privacy issues by allowing the training of 

multiple hospitals with no sharing of the actual data. Third, 

extending the proposed model to allow for realtime operation in 

hospital networks can provide a means to monitor continuously 

and adjust resources as needed while also providing a direct 

means to test scalability and robustness. Finally, expanding the 

feature set to support multimodal data (e.g., wearables, images, 

electronic health records) would allow for an even broader 

application and benefit from the system. By doing all of this, the 

framework presented in this paper will ultimately serve as a 

viable, full-featured solution for next-generation healthcare 

resource management in the 6G environment. 
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