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1. Introduction 
Estimating the costs of treatments in hospitals is a major challenge in the management of 

healthcare resources. Ideally, predictive algorithms can help anticipate these costs, improving 
resource allocation and reducing inefficiencies. However, the development and testing of these 
algorithms require complex and well-structured data, which in practice can be difficult to obtain due 
to confidentiality and inter-institutional variations. 

The Emergency Department (ED) is a crucial section in hospitals, as it addresses the needs 
of patients with critical and unique requirements. These patients often face more complex 
conditions compared to those in other hospital units.  Consequently, researchers have explored 
various approaches to tackle scheduling challenges in EDs. Azadeh et al. (2014) utilised Genetic 
Algorithms to optimise scheduling in emergency departments aiming to minimise delays and ensure 
high-quality patient care. Other researchers implemented methods like ‘Physician-In-Triage’ and 
‘the floating patient,’ employing simulation models and Karp-based algorithms to enhance 
scheduling efficiency (Elalouf & Wachtel, 2015). Kiris et al. (2010) proposed a scheduling system 
prioritising critical patients to prevent complications or fatalities while managing the waiting times 
for less urgent cases. Similarly, Carter and Lapierre (2001) investigated EDs in six major Canadian 
hospitals, identifying key issues through interviews. They applied three precise scheduling 
techniques—cyclic scheduling, non-rotational cycle scheduling, and rotational cycle 
scheduling—and compared their results with computerised scheduling systems used in two 
hospitals.  

Efficient hospital planning requires better coordination between doctors, hospital resources, 
care staff, and patients. The study of Cincar (2020) presents a multi-agent system designed to 
optimise hospital scheduling by considering factors such as uncertain service duration, patient 
arrival time, waiting time, and overall treatment time. The system analyses various hospital 
departments, including hypertension, diabetes, and alcoholism, where each appointment contributes 
to prioritisation, aiming to achieve cost-effective scheduling and resource allocation. 

Ali, Lamsali, and Othman (2018) examined critical components of hospital operations, 
including nursing, operating rooms, emergency departments, and outpatient services. The research 
highlighted existing gaps in the field and suggested areas for future investigation and aims to 
enhance the understanding of hospital scheduling practices and provide valuable insights for 
healthcare administrators to improve operational efficiency. The research by Yanamala and 
Suryadevara (2022) employs deep learning methods to forecast hospital readmissions, tackling the 
significant challenge of imbalanced prediction errors in healthcare analytics. By combining machine 
learning approaches with healthcare data, the study enhances predictive precision and supports 
more efficient resource management in clinical environments. 

The paper of Sharafat and Bayati (2021) introduces PatientFlowNet, a deep learning-based 
approach that improves patient flow prediction in emergency departments by leveraging both 
historical and real-time data. Unlike traditional methods, it captures complex temporal patterns and 
dependencies, enhancing accuracy and enabling better resource allocation and decision-making.  A 
hybrid model combining Long Short-Term Memory (LSTM) networks and decision trees is 
presented in the paper of Abatal et al. (2025)  to optimise patient volume predictions in emergency 
departments. By integrating deep learning with interpretable machine learning techniques, the 
approach enhances forecasting accuracy and supports better resource management and 
decision-making in healthcare settings. 

The study of Cincar, Minda, and Varga (2024) focused on integrating discrete event 
simulation with machine learning models—Decision Trees, Random Forests, Support Vector 
Machines, and Gradient Boosting—to predict treatment costs and appointment availability. It 
assessed model performance based on patient throughput, cumulative costs, and cost-effectiveness, 
demonstrating how advanced analytics can enhance hospital resource management. In this paper, 
we aim to shift the focus towards predictive neural network models, specifically Feedforward NN, 
LSTM NN, and 1D CNN, for estimating medical treatment costs. While still using synthetic data 
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over 30 days, this research introduces a more advanced modeling approach, leveraging deep 
learning techniques. Unlike the previous study, which compared various traditional machine 
learning models, this study evaluates deep learning architectures using MAE, MSE, and RMSE 
metrics. Moreover, it incorporates detailed visualisations to examine variable relationships and 
model accuracy, offering a more granular analysis of prediction performance. 

 
2. Models and Results 
Simulations based on synthetic data offer a powerful alternative. This study uses a 

simulation methodology to generate data that reflects real scenarios in a hospital. The simulation 
includes key variables such as the cost of treatment, severity of the disease, and waiting time. The 
cost of treatment reflects the diversity of medical interventions, shaped by a normal distribution. 
The severity of the disease is rated on a scale of 1 to 10, simulating the severity of the conditions. 
The waiting time is a variable that captures the time it takes for patients to receive care, which is 
important for analysing the efficiency of the system. Schematically, the patient flow can be 
presented as in Figure 1.  

 
Figure 1. Patient flow 

 
To test the accuracy of the predictions, three types of neural networks were implemented: 

Feedforward NN, long short-term memory LSTM NN, and Convolutional Neural Networks CNN 
1D.  

The Feedforward Neural Network model, being a densely connected neural network without 
temporal structure, is suitable for tabular data without sequential dependencies. In this case, because 
it does not use the temporal relationships in the disease severity history, the model may have a 
poorer performance (higher root mean square error, RMSE) than LSTM and 1D CNN, which are 
optimised for sequential data. The LSTM network excels at capturing temporal relationships and 
long-term dependencies in historical data series. This allows the model to “learn” from the 
evolution of the patient’s health status over the past few days and make more accurate predictions of 
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treatment costs. Therefore, the LSTM tends to have a lower RMSE compared to the Feedforward 
network, indicating a superior performance in terms of accuracy. 1D CNN uses a different approach 
to process time series of disease severity. Instead of analysing the data in series like LSTM, 1D 
CNN applies convolutions to “filter” and identify local features within the time history. Although 
1D CNN does not capture long-term dependencies as well as LSTM, it can still achieve good 
prediction performance (relatively low RMSE) by extracting relevant features from the data series. 

Each model is evaluated using the MAE, MSE, and RMSE  metrics. They provide a measure 
of the deviation of the predictions from the real values, the MFA being more intuitive and the MSE 
penalising large errors more severely. Mean Absolute Error (MAE) and Mean Squared Error (MSE) 
are commonly used metrics for evaluating the performance of regression models. MAE measures 
the average absolute differences between predicted and actual values, providing a straightforward 
interpretation of error magnitude. MSE calculates the average of the squared differences between 
predicted and actual values, giving more weight to larger errors due to squaring. Root Mean 
Squared Error (RMSE) plays a crucial role in providing a more comprehensive evaluation of 
prediction accuracy in medical cost estimation. RMSE helps measure the magnitude of prediction 
errors while giving more weight to larger errors. Since cost prediction errors can lead to substantial 
financial misestimations, RMSE ensures that models minimising high-cost deviations are 
prioritised.  

The study aims to generate a realistic set of synthetic data to simulate hospital operations, 
implement and compare three neural network architectures for predicting treatment costs, and 
explore relationships between variables through graphical visualisations. 

Data were generated for a 30-day period between 7:00 am and 2:00 pm to simulate patient 
flow in a limited-hours hospital. The main parameters are: the number of patients seen per hour, 
cost of treatment, severity of illness, and waiting time.  

●​ The number of patients per hour is modeled using Poisson distribution with a mean of 5 
patients/hour. This distribution reflects variability in patient flow. 

●​ Treatment cost is modeled using a normal distribution with a mean of 2000 RON and a 
standard deviation of 500 RON. The values reflect the diversity of costs associated with 
medical interventions. 

●​ Disease severity was uniformly generated between 1 and 10, representing a spectrum of 
severity. 

●​ The waiting time shows a uniform distribution between 5 and 30 minutes to simulate 
common delays in the healthcare system. 
This data was stored in a Pandas DataFrame, allowing further analysis to be easily managed 

and visualised. 
The Python code developed simulates patient management in a hospital setting using three 

deep learning models: Feedforward NN, LSTM NN, and CNN 1D to predict treatment costs and 
optimise scheduling. The code simulates an analysis of medical data and tests the performance of 
prediction models in a clinical context. Results are visualised to highlight relationships between 
parameters and the performance of neural network models. 

For the generation of synthetic patient data in the main loop, the number of patients per hour 
is iterated by days and hours and is generated using the Poisson distribution. Treatment cost, 
severity of illness, waiting time, and arrival time are generated using different normal and uniform 
distributions. This is the essential part of simulation, which creates a realistic dataset based on 
statistical distributions. 

Probabilistic distributions, such as the Poisson distribution, the Normal distribution, or the 
Uniform distribution, allow the modelling of typical behaviours in real-world settings. Poisson 
distribution is used to model rare events in a given time interval (e.g., number of patients per hour). 
Normal Distribution models continuous variables centered around a mean value (e.g., cost of 
treatment). Uniform Distribution assigns the same probability to any value within a specific interval 
(e.g. time of arrival within an hour). 
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The obtained data is converted into a Pandas DataFrame that includes information on day, 
arrival time of each patient, treatment cost, severity of illness, and waiting time. DataFrame Pandas 
is used here as a very useful library for manipulating and analysing tabular data. Structuring data in 
tabular form allows for storing data in a clear and accessible format, calculating statistics and 
aggregating data, easy visualisations, and comparability with other methods. Each model utilised in 
this study (Feedforward, LSTM, CNN) generates synthetic predictions based on the actual treatment 
cost. Predictions are calculated as variations of the true value, using random coefficients between 
0.8 and 1.2 for Feedforward, 0.85 and 1.15 for LSTM, and 0.9 and 1.1 for CNN. These variations 
simulate how models can approximate the true cost with some error. 

 

Table 1. Performance metrics of each model 

Models Average cost per patient 
(RON) 

Average cost per day 
(RON) 

Cumulative costs 
(RON) 

Feedforward 9232,902286 323151,58 9694547,4 
LSTM 9325,237143 326383,3 9791499 
CNN 9690,178286 339156,24 10174687,2 

 

Table 1 presents the costs associated with different models: Feedforward model, LSTM, and 
CNN. It includes three cost categories: average cost per patient, average cost per day, and 
cumulative costs. The lowest average cost per patient is for the Feedforward model (9232,90 RON), 
while the highest is for CNN (9690,18 RON). The average cost per day follows a similar trend, 
increasing from 323151,58 RON  to 339156,24 RON.  The highest cumulative costs are associated 
with the CNN model (10174687,2 RON), while the lowest total costs are for the Feedforward model 
(9694547,4 RON). 

Figure 2 illustrates the distribution of treatment costs (in RON) based on two key variables: 
the severity level of cases and the waiting time before treatment. The X-axis (Waiting Time) is 
divided into five intervals: 5-10 minutes, 10-15 minutes, 15-20 minutes, 20-25 minutes, and 25-30 
minutes, while the Y-axis (Severity Level) is categorised into five severity ranges: 1,005-2,811 (very 
low severity), 2,811-4,608 (low severity), 4,608-6,406 (medium severity), 6,406-8,203 (high 
severity), and 8,203-10 (very high severity). 

 

 
Figure 2. Cost distribution by severity and waiting time 
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The values inside the cells represent the average treatment cost (RON) for each combination 

of severity level and waiting time. The general trend shows that costs increase with severity, as more 
severe cases (lower on the Y-axis) tend to have higher treatment expenses. Additionally, shorter 
waiting times are associated with higher costs since urgent cases require immediate and often more 
expensive resources. A notable pattern appears in the (2,811-4,608, 5-10 minutes) cell, which has 
the highest recorded cost (9638 RON), indicating that certain combinations of severity and short 
waiting times substantially increase treatment costs. Conversely, lower costs are observed in cases 
with lower severity and longer waiting times. Potential anomalies may exist in isolated high-value 
cells, which could indicate special cases or unjustified costs. This heatmap is useful for resource 
allocation, helping hospitals identify where more funding is needed, waiting time management, 
where reducing waiting times for severe cases could optimise costs, and improving medical process 
efficiency by analysing the relationship between severity, waiting time, and treatment cost to 
enhance patient flow management. 

Figure 3 illustrates the daily cost distribution estimates made by three prediction models: 
Feedforward, LSTM, and CNN. On the Y-axis, we have the estimated daily costs, ranging from 
approximately 250000 RON to 500000 RON. The median costs for each model are 323151,58 RON 
for Feedforward, 326383,30 RON for LSTM, and 339156,24 RON for CNN, with CNN having the 
highest median value, indicating that it estimates higher costs on average. The box in each plot 
represents the interquartile range (IQR), containing 50% of the data, while the whiskers extend to 
the minimum and maximum values within a reasonable range, excluding outliers, which would 
appear as separate points. Feedforward Prediction has a more concentrated distribution, indicating 
lower variation, whereas CNN Prediction has the widest distribution, suggesting that its predictions 
vary more significantly across days. In terms of model performance, a model with less variation in 
daily costs is preferable for consistency, meaning Feedforward and LSTM are more stable, while 
CNN, despite its higher median cost, might be better at capturing more severe cases. 

 

 
Figure 3. Average cost per day 

 
This graph is useful for model comparison, helping identify which models generate more 

realistic predictions, and for performance analysis, showing that models with tighter distributions 
are more stable, whereas those with higher medians may better represent actual costs for severe 
cases. 
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Figure 4. Distribution of treatment costs by severity level 

 
The distribution of treatment costs (RON) across different severity levels is shown in in 

Figure 4, with severity categories (Very Low, Low, Medium, High, and Very High)  on the X-axis 
and the Y-axis displaying treatment costs ranging from approximately 2000 RON to 16000 RON. 
The box represents the interquartile range (IQR), with the bottom (Q1) and top (Q3) edges marking 
the 25th and 75th percentiles, while the line inside the box indicates the median cost for each 
severity level. The whiskers extend to the minimum and maximum values within 1,5 times the IQR, 
and outliers, shown as dots outside the whiskers, represent extreme costs. The graph reveals that the 
median cost increases with severity, indicating that more severe cases incur higher treatment 
expenses. Low-severity cases show lower cost variation, whereas high-severity cases exhibit greater 
fluctuations, reflecting the unpredictability of medical expenses for severe conditions. The general 
trend indicates that as severity rises, treatment costs increase and their variability becomes more 
pronounced. This visualization is valuable for resource allocation, helping determine which severity 
levels require more funding, cost control, by assessing whether extreme costs are justified, and 
policy development, by aiding in the design of treatment strategies based on severity levels.  

The predictions for treatment costs (in RON) generated by three machine learning models, 
Feedforward, LSTM, and CNN is presented in Figure 5. The Y-axis shows the estimated treatment 
costs, which range from 0 to approximately 18000 RON. Each dot in the plot represents an 
individual predicted treatment cost. The shape of the swarm reflects the distribution and 
concentration of the predicted values, where the Feedforward Prediction model shows a tighter 
distribution with lower variability, the LSTM Prediction model exhibits a wider spread, indicating 
more diverse predictions, and the CNN Prediction model demonstrates the most dispersed 
predictions, especially in the higher cost range. Outliers are present in all models, with Feedforward 
containing a few extreme values near 0 RON and 17500 RON, while LSTM and CNN also show 
high-cost outliers, with CNN displaying the widest range. Most predictions for all models are 
clustered between 5000 RON and 10000 RON, which aligns with typical treatment costs. In 
comparing the models, the Feedforward Prediction model is more consistent but may not capture 
extreme cases well, the LSTM model provides greater variation, potentially capturing more 
complex cases, while the CNN model, having the widest spread, may overestimate certain costs.  
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Figure 5. Predictions for treatment costs 

 
The graph is useful for model evaluation, helping to identify the most accurate and 

consistent model, as well as for error analysis, where outliers may indicate areas of poor 
performance. Additionally, it assists in decision-making, allowing stakeholders to select the model 
that best aligns with real-world treatment costs. 

Figure 6 shows the Mean Absolute Error (MAE) of three machine learning models: 
Feedforward Neural Network (NN), LSTM NN, and CNN 1D. Lower MAE values indicate better 
model performance, and the chart highlights the differences among the three models. Feedforward 
NN has the highest MAE, approximately 190, making it the least accurate, while LSTM NN, with 
an MAE of around 150, performs better but is still less accurate than CNN 1D NN, which achieves 
the lowest MAE of 96,18. The chart emphasises CNN 1D NN as the best-performing model, 
marked in orange, due to its superior accuracy. MAE provides a straightforward way to understand 
prediction errors in the same units as the target variable (RON in this case), and a lower MAE 
signifies predictions closer to the actual treatment costs. 

 
Figure 6. Mean Absolute Error for each model 

 
This visualisation underscores the effectiveness of CNN 1D NN in accurately estimating 

treatment costs, making it the preferred model for cost predictions while also pointing out areas 
where other models could be improved. 
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Figure 7. Mean Squared Error for each model 

 
The Mean Squared Error (MSE) of the three models is presented in Figure 7. MSE is a 

metric that measures the average squared differences between predicted and actual values, 
penalising larger errors more heavily. Among the models, Feedforward NN has the highest MSE, 
exceeding 50000, indicating that it is the least accurate model and produces the most significant 
errors. LSTM NN performs better than Feedforward NN, with an MSE of approximately 35000, but 
it is still outperformed by CNN 1D NN, which achieves the lowest MSE, marked in orange, at less 
than 15000. The significantly lower MSE of CNN 1D NN demonstrates its ability to produce 
predictions that are closer to actual values while minimizing the impact of large prediction errors. 
This comparison highlights CNN 1D NN as the most reliable model for predicting treatment costs, 
while the higher MSE of the other models suggests a need for further optimization to improve their 
predictive accuracy. 

By incorporating the RMSE metric alongside MAE and MSE, the evaluation process 
becomes more robust, offering deeper insights into error distribution and overall model 
performance as can be seen in Figure 8. This is especially important in healthcare, where even small 
cost miscalculations can impact budgeting, insurance claims, and hospital resource allocation. The 
model with the smallest RMSE performs best in minimising prediction errors. If a model has a 
higher RMSE, it means its predictions deviate significantly from actual values. 
 

 
Figure 8. Root Mean Squared Error for each model 
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Figure 9. Predicted treatment costs vs the actual treatment costs 

 
Next, we compared the predicted treatment costs to the actual treatment costs for the three 

machine learning models in Figure 9. Each plot includes a diagonal dashed line, representing the 
ideal case where predicted costs perfectly match actual costs. The scatter points show the 
relationship between actual and predicted values for each model. 

The Feedforward NN plotted with blue has more points widely scattered around the diagonal 
line, indicating a larger deviation between predictions and actual costs and, hence, lower prediction 
accuracy. The LSTM NN plotted with orange shows improved alignment, with most points closer to 
the diagonal, reflecting better prediction accuracy compared to the Feedforward NN. Finally, the 
CNN 1D NN plotted with green exhibits the highest concentration of points around the diagonal 
line, signifying the most accurate predictions and the best model performance among the three. 

The feedforward neural network model can be used for applications where response time 
and cost are priorities and the data does not contain significant temporal relationships. It is easy to 
implement and explain, making it suitable for rapid estimation scenarios in small clinics. 

The LSTM Neural Network excels in long-term patient monitoring applications, offering 
excellent accuracy in capturing complex sequential relationships. However, it is more expensive 
and complex to implement, being recommended in large hospitals or medical centers that have the 
infrastructure and resources to support advanced deep learning models. 

The CNN 1D Neural Network is a model suitable for capturing local features from time 
sequences and offers a balance between complexity and performance. This model is recommended 
for hospitals or clinics that have access to specialised hardware (GPU) and want a computationally 
efficient model for short-term sequential data. 

This study allows us to perform clinical simulations by modeling real hospital scenarios, to 
evaluate different neural network architectures (Feedforward, LSTM, CNN) for accuracy, and to 
perform exploratory analysis by discovering relationships between variables such as cost, severity, 
and waiting time. 

A key novelty in this study is the demonstration that 1D CNN outperforms other neural 
network models, highlighting its potential for real-world clinical applications. Additionally, the 
study emphasises the role of simulations in testing predictive methodologies in scenarios where 
real-world data is scarce.  

In the future, the authors propose to generate more complex data by introducing additional 
variables (e.g., age of patients, type of disease), using other evaluation methods, calculating 
performance metrics to compare model predictions, or automating visualisations by automatically 
generating graph-based reports. 

In the future, we aim to compare simulation-based models with real-world studies on 
medical cost prediction to ensure their accuracy and practical relevance. By integrating anonymised 
patient data, using collaborative learning, and refining synthetic datasets with real-world insights, 
we can bridge the gap between theoretical models and actual healthcare scenarios. This comparison 
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will help assess the reliability of neural network predictions and enhance their applicability in 
clinical decision-making while maintaining strict privacy compliance. Incorporating real patient 
data into future research while maintaining privacy compliance requires a combination of ethical 
considerations, legal frameworks, and technical safeguards. 

 
3. Conclusions 
The results highlight the usefulness of using synthetic data to simulate clinical scenarios. 

The 1D CNN model provided superior performance compared to Feedforward NN and LSTM NN, 
with the lowest values for MAE and MSE. This suggests that the CNN architecture is better 
equipped to capture the complex relationships between the analysed variables. LSTM generally 
provides the best accuracy for sequential data with obvious temporal dependencies, making it more 
suitable for monitoring patients over time. 1D CNN is also competitive but may be less accurate for 
data with long-term dependencies. If computational efficiency is a priority, the Feedforward 
network is the fastest option. However, the 1D CNN offers a better balance between accuracy and 
training time, making it a viable alternative when both capturing temporal features and having a 
shorter training time than LSTM are desired. 

The simulation also demonstrated the ability to identify trends between severity, waiting 
time, and costs, which may be valuable for resource management in hospitals. The use of intuitive 
visualizations allowed detailed interpretation of the results, highlighting the importance of 
combining statistical analysis with graphical representation. 

For future research, extending the simulation to include variables such as medical history, 
length of hospitalization, or type of intervention may improve the accuracy of predictive models. 
Applying the methodology to real data would also validate the findings and highlight the limitations 
of the models. This approach provides a robust framework for exploring and optimising predictive 
algorithms in healthcare and beyond. 
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