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1. INTRODUCTION 

Forecasting is a process used to predict the future value of variables based on historical data. In various sectors, including 

healthcare, forecasting plays a crucial role in more informed decision-making. The accuracy of forecasting results 

significantly impacts the effectiveness of implemented strategies, such as in inventory management, which aims to balance 

resource availability and demand (Bamba et al., 2021). In the healthcare context, accurate forecasting is essential to 

anticipate the need for vital resources, such as blood bags. 

According to the WHO (2021), approximately 118.5 million bags of blood are collected annually worldwide. However, 

developing countries like Indonesia still face a significant challenge in the form of a gap between blood demand and 

availability. This imbalance is exacerbated by various factors, including fluctuations in the number of donors, limited blood 

shelf life, and unpredictable demand dynamics (Setiawan, 2020). In Indonesia, the average annual blood demand reaches 

5.1 million bags, yet the level of blood supply remains suboptimal. With a limited shelf life of blood red blood cells 35–42 

days, platelets 5 days, and fresh frozen plasma 1 year stock management is crucial. The blood donation rate of only 6–10 

donors per 1,000 residents also indicates that the supply system is not robust enough to meet demand sustainably 

(Primasari et al., 2021). 

A similar situation occurs at the Lhokseumawe City Red Cross (PMI) Blood Donor Unit (UDD). Data from the 

Lhokseumawe City Red Cross (PMI) (2023) indicates a 23% imbalance between blood bag demand and supply throughout 

the year. Fluctuating demand, particularly during holidays or pandemics, often results in blood supplies not meeting actual 

needs. Overstocking can lead to expired blood and waste, while understocking risks the safety of patients requiring 

transfusions. Therefore, a system capable of predicting blood bag needs more accurately and adaptively is needed. 

One approach is to utilize machine learning-based forecasting methods, such as Random Forest. Research by Anshori et 

al. (2023) demonstrated that the Random Forest method was successfully used to predict cardiovascular disease with a high 

accuracy rate of 98%. This method is capable of handling data with complex variables and provides superior evaluation 

results compared to other methods. Furthermore, research by Ananda et al. (2022) demonstrated that Random Forest is 

also effective in predicting blood demand based on historical hospital data, with an accuracy rate of 85%. 

 

ABSTRACT 

This study aims to develop a blood bag inventory forecasting system at the Blood Donation Unit (UDD) of the Indonesian 

Red Cross (PMI) in Lhokseumawe City and the UDD of PMI North Aceh using the Random Forest (RF) algorithm. The 

background of this study focuses on the imbalance between demand and availability of blood bags, which can have 

serious implications for patient safety. Using historical data comprising 574 records from the period 2022 to 2025, this 

study employs a quantitative approach with variables such as month, year, PMI location, blood type, incoming blood, 

and blood distribution. The research methodology includes preprocessing and feature engineering steps, resulting in 17 

features for training the Random Forest (RF) model. This process was completed with hyperparameter optimization 

using RandomizedSearchCV to improve model accuracy. The results show that the PMI UDD Aceh Utara achieved 

excellent performance with an RMSE of 9.113 for incoming blood and 8.750 for distribution. On the other hand, the UDD 

PMI Lhokseumawe had an RMSE of 24.635 and 22.737, respectively. Comprehensive predictions for the 2025-2030 

period indicate an optimistic projection with 94% surplus months and a positive net balance of 4,406.7 bags. The 

implemented web-based system supports real-time forecasting and strategic decision-making in blood bag inventory 

management within the PMI organization. 
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Implementing predictive technology in blood management is a highly potential strategy for improving distribution 

efficiency, reducing the risk of blood shortages, and ensuring timely blood availability. Considering the urgency of the 

problem and the effectiveness of the Random Forest method in previous studies, this study aims to design a blood bag 

availability forecasting system at the Lhokseumawe City Indonesian Red Cross (PMI) Unit (UDD) and the North Aceh PMI 

Unit (UDD). The primary focus is to produce an accurate and applicable predictive model to support a more responsive and 

efficient blood distribution system. 

 

2. RESEARCH METHOD 

2.1 Random Forest Method  

In this research, the Random Forest algorithm is an extension of Decision Tree that uses a combination of k trees to form a 

forest. Research shows that Random Forest combines prediction results from each tree using a random subset of training 

data. The research found that this model is able to handle large data variations, produce accurate predictions, and is 

resistant to outliers through conditional logic calculations (Apriliah et al., 2021). 

in this study random forest has advantages in Ensemble Learning Capability and Overfitting Handling (Permana, et al., 

2023) while the disadvantage is that Random Forest shows limitations in terms of interpretability (Wungkana et al., 2022). 

The stages of Random Forest Development according to (Kesuma, M., 2023) are as follows: 

1. Take a random dataset of n (total amount of data) from the training dataset in turn, so that each dataset has the same 

data. 

2. Make a decision tree from the random dataset. Because this research uses regression type random forest, then to 

determine each tree on the target variable must use the right conditional logic.  

The following conditional logic is used:      

𝑓(𝑥) =  {
𝐴1  𝑖𝑓 𝑋 <  𝑇1

𝐴2  𝑖𝑓 𝑇1  ≤ 𝑥 <  𝑇2
                 (2.1) 

Where: 

f(x)   : function for decision tree logic 

T1,T2 : Threshold limits that determine the separation of data 

A1,A2 : The resulting value based on the fulfilled condition 

3. After forming the tree, the average prediction of all trees will be calculated, with the following formula: 

𝑌̂𝑖 =  
1

𝑁𝑡𝑟𝑒𝑒

∑ 𝑌̂𝑛
𝑁𝑡𝑟𝑒𝑒
𝑛=1                                                                                      (2.2) 

4. Calculating Error Evaluation 

𝐿𝑜𝑔𝑖𝑛_𝐸𝑟𝑟𝑜𝑟 =  |𝐴𝑐𝑡𝑢𝑎𝑙𝐿𝑜𝑔𝑖𝑛(𝑖) −  𝑅𝐹𝐵𝑙𝑜𝑜𝑑𝑖𝑛(𝑖)
|           (2.3) 

𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛_𝐸𝑟𝑟𝑜𝑟(𝑖)  =  |𝐴𝑐𝑡𝑢𝑎𝑙𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛(𝑖) −  𝑅𝐹𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛(𝑖)|        (2.4) 

 

2.2 System Scheme  

This research developed a blood bag stock availability forecasting system using the Random Forest algorithm based on 

historical data obtained from the Lhokseumawe City PMI UDD and the North Aceh PMI UDD for the 2022-2025 period. 

The system development process was carried out through a series of structured stages described in the prediction system 

schematic. 
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Figure 1. System Schematic 

 

3. RESULTS AND DISCUSSION 

3.1 Research Result  

This study aims to apply the Random Forest method in forecasting the availability of blood bag stocks at the PMI Blood 

Donor Unit (UDD) of Lhokseumawe City and North Aceh. The system developed is web-based using the Python 

programming language, which is designed to provide accurate predictions of blood stock availability based on 574 historical 

data with 6 variables namely month, year, PMI location, blood type, incoming blood, and blood distribution. In the process 

of data processing, data cleaning and pre-processing are carried out to improve the consistency and accuracy of forecasting 

results. 

 

3.1.1 Sample Data Preparation 

For the demonstration of the manual calculation of the Random Forest algorithm, a representative data subset consisting 

of 21 records of observations of the stock of blood bags from UDD PMI North Aceh for the period January to March 2022 

was used. 
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Table 1. Manual Calculation Sample Data 

Month Year PMI Location Blood Type Blood In Blood Distribution 

January 2022 North Aceh A+ 91 81 

January 2022 North Aceh B+ 53 56 

January 2022 North Aceh O+ 168 159 

January 2022 North Aceh AB+ 5 4 

January 2022 North Aceh A- 0 0 

January 2022 North Aceh B- 1 0 

January 2022 North Aceh O- 2 1 

February 2022 North Aceh A+ 69 63 

February 2022 North Aceh B+ 86 78 

February 2022 North Aceh O+ 221 223 

February 2022 North Aceh AB+ 2 1 

February 2022 North Aceh A- 2 1 

February 2022 North Aceh B- 0 0 

February 2022 North Aceh O- 1 1 

February 2022 North Aceh O- 1 1 

March 2022 North Aceh A+ 62 50 

March 2022 North Aceh B+ 45 44 

March 2022 North Aceh O+ 157 145 

March 2022 North Aceh AB+ 11 10 

March 2022 North Aceh A- 2 2 

March 2022 North Aceh B- 2 2 

March 2022 North Aceh O- 0 0 

 

3.1.2 Categorical Data Transformation 

For numerical processing, the month variable was converted normally into a numerical form ranging from 1 to 12, while the 

blood type was encoded into eight unique numerical classes. A new feature is added, which is the ratio of incoming blood to 

distribution: 

After that, the distribution ratio is calculated: 

Ratio = 
𝐼𝑛𝑐𝑜𝑚𝑖𝑛𝑔 𝐵𝑙𝑜𝑜𝑑

𝐵𝑙𝑜𝑜𝑑 𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
=

91

81
= 1,12 

Table 2. Categorical Data Transformation 

Month Numeric Numeric Group Distribution Entry Ratio 

1 1 1.12 

1 3 0.95 

1 7 1.06 

1 5 1.25 

1 2 0 

1 4 0 

1 8 2 

2 1 1.10 
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The resulting transformation tables (Table 1 and Table 2) show the numerical results of each data entry, which are 

then used as input for each decision tree. 

Table 3. Categorical Data Transformation (continued) 

Month Numeric Numeric Group Distribution_Entry_Ratio 

2 3 1.10 

2 7 0.99 

2 5 2 

3 1 1.24 

3 3 1.02 

3 7 1.08 

3 5 1.1 

3 2 1 

3 4 1 

3 8 0 

 

3.1.3 Split Data 

In this study, researchers divided the data into 2 parts, namely training data (training data) as much as 80%, namely 458 

data and testing data (test data) as much as 20%, namely 116 data. To make it clear, the following randomly selected data 

samples are presented in the form of a table below: 

Table 4. Data Training 

No. Month Year PMI Location Blood Type Blood in  Blood Distribution 

1. January 2022 Lhokseumawe O+ 162 220 

2. January 2022 Lhokseumawe AB+ 5 4 

3. January 2022 Lhokseumawe A- 2 2 

5. February 2022 Lhokseumawe O- 2 2 

6. February 2022 Lhokseumawe A+ 60 57 

… … … … … … … 

       

455. May 2025 North Aceh B- 0 0 

456. May 2025 North Aceh A+ 73 70 

457. May 2025 North Aceh B+ 61 59 

458. May 2025 North Aceh B- 2 2 

Table 5. Data Test 

No. Month Year PMI Location Blood Type Blood in  Blood Distribution 

1. January 2022 Lhokseumawe B+ 59 51 

2. February 2022 Lhokseumawe O+ 156 198 

3. February 2022 Lhokseumawe AB+ 6 4 

4. March 2022 Lhokseumawe A- 1 1 

6. May 2023 Lhokseumawe O+ 210 210 

... ... ... ... ... ... ... 

106. July 2024 North Aceh O+ 191 200 

107. July 2024 North Aceh A- 1 2 

108. August 2024 North Aceh B+ 72 75 
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3.1.4 Manual Simulation Of Random Forest Algorithm  

In this simulation, three independent decision trees (Tree1, Tree2, and Tree3) were constructed based on different data 

subsets and used to predict two target variables: Blood Intake and Blood Distribution. The simulation was conducted using 

21 observation data records from the UDD PMI North Aceh from January to March 2022. This data includes blood type 

variations, incoming blood volume, and distribution volume, and represents surplus, deficit, and balanced stock conditions. 

1. Individual Decision Tree Simulation 

Three decision tree models were manually constructed for both targets. The threshold-based tree structure (x₁: month, 

x₂: blood type) was designed as a piecewise function. An example formula at 2.1 for Tree1 Blood In is: 

  f₁(x₁, x₂) = { 

   prediction 50, if x₁ ≤ 2 and x₂ ≤ 4 

   prediction 100, if x₁ ≤ 2 and x₂ > 4 

   prediction 80, if x₁ > 2 and x₂ ≤ 4 

   prediction 150, if x₁ > 2, and x₂ > 4 

  } 

A similar structure is applied for blood distribution prediction with the categories in table 4.2 categorical transformation 

and customized output values, The threshold-based tree structure (x₁: month, x₂: blood type) was designed as a piecewise 

function: 

     g₁(x₁, x₂)  =  { 

   prediction 45, if x₁ ≤ 2 and x₂ ≤ 4 

   prediction 95, if x₁ ≤ 2 and x₂ > 4 

   prediction 75, if x₁ > 2 and x₂ ≤ 4 

   prediction 140, if x₁ >2, and x₂ > 4 

} 

Similar formulas were designed for Tree2 and Tree3, both for Blood Intake and Blood Distribution predictions. 

Simulations of all three decision trees yielded individual prediction values (Table 5), which were then used in the 

aggregation process. The following whole tree prediction results are presented in the table: 

Table 6. Simulation of Individual Decision Trees Prediction 

Tree1_ 

Blood in 
Tree2_Blood Type Tree3_Blood Type 

Tree1_ 

Distribution 

Tree2_ 

Distribution 

Tree3_ 

Distribution 

50 90 80 45 85 75 

50 60 40 45 55 35 

100 120 80 95 115 75 

100 120 80 95 115 75 

… … … … … … 

80 60 90 75 55 85 

80 70 90 75 65 85 

150 70 90 140 65 85 

150 120 130 140 115 125 

 

2. Ensemble Aggregation and Error Evaluation 

The final Random Forest prediction is calculated as the average of the three decision trees for each observation. The 

prediction aggregation formula is written as: 

RF Blood_In(x) =(𝑓1(𝑥) + 𝑓2(𝑥) + 𝑓3(𝑥)) 3⁄  

And 

RF Distribution(x) =(𝑔1(𝑥) + 𝑔2(𝑥) + 𝑔3(𝑥)) 3⁄  
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Example ensemble prediction for January A+ record: 

RF In = (50 + 90 + 80) / 3 = 220 / 3 = 73.33; 

RF Distribution = (45 + 85 + 75) / 3 = 220 / 3 = 68 .33; 

Therefore:  

In Error = |91 − 73.33| = 17.67 

Distribution Error = |81 − 68.33| = 12.67 

After the prediction results are obtained, the final step is to calculate the evaluation metric using root mean square 

error. The first step is to calculate the difference between the actual value and the prediction, namely the input error and 

distribution error, as follows: 

Known: 

In Error = 17.67 → for blood type A+ in January. 

After that, it can be calculated using the following RMSE formula: 

RMSE 𝐵𝑙𝑜𝑜𝑑 𝑖𝑛 = √
1

n
∑ (x − x̂1)

n

i=1

2

 

    RMSE 𝐵𝑙𝑜𝑜𝑑 𝑖𝑛 = √
1

21
∑ (91 − 73,33)21

i=1
2
 

RMSE 𝐵𝑙𝑜𝑜𝑑 𝑖𝑛 = √
(17,67)2

21
 

RMSE 𝐵𝑙𝑜𝑜𝑑 𝑖𝑛 = √14,86 

RMSE 𝐵𝑙𝑜𝑜𝑑 𝑖𝑛 = 3,85 

Error evaluation is done by calculating the Absolute Error between the actual value and the ensemble prediction, then 

calculating the average squared error as the Root Mean Square Error (RMSE) for both targets.The final result shows the 

values: 

1. RMSE of Incoming Blood: 76.46 

2. Blood Distribution RMSE:73.84 

This manual simulation validates the consistency of the Random Forest algorithm that has been implemented in a digital 

system for PMI blood stock prediction, and demonstrates the importance of ensemble learning in producing a model that is 

robust to historical data fluctuations. 

 

3.1.5 Prediction Results 

 

 

 

 

 

 

 

 

Figure 2. Incoming Blood Trend Comparison Chart 
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Figure 3. Blood Distribution Trend Comparison Chart 

 

 

 

 
Figure 4. Incoming Blood RMSE Result Chart 

 

 

 

 

Figure 5. Blood Distribution RMSE Result Graph 
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3.2  Discussion  

3.2.1 System Implementation 

1. The login Page 

Page is professionally designed and displays the logo, system description, and UDD location options (Lhokseumawe and 

North Aceh). A simple authentication panel facilitates access for PMI internal users. 

 

Figure 6. Login Page Display 

 

The Dashboard page presents a navigation menu structured into three categories: Main Menu, Machine Learning, and 

System. Location statistics are presented separately for the Lhokseumawe and North Aceh UDDs, each displaying 287 records, 

allowing for visualization of data distribution per location. 

 

Figure 7. Dashboard Page View 

2. Dataset Management 

The Research Dataset module allows data filtering by blood type and PMI location. The main table contains key information 

such as month, year, blood type, number of blood donations, and number of distributions. Each attribute is supported by a 

visual icon for improved readability. Interactive filters speed up data analysis and efficiently manage data. 

 

Figure 8. Initial View of the Research Dataset Page 
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3. Model Training History 

On the Training History page, the system records the entire training process of the Random Forest model, including the 

last training time (June 23, 2025). Four key performance indicators are displayed: RMSE of Blood Intake (18,512), RMSE 

of Distribution (17,171), number of datasets (574 records), and data coverage (2022–2025). The performance comparison 

between locations is visualized in the Ranking Table, which confirms the dominance of model accuracy in North Aceh. This 

finding aligns with strategic recommendations for implementing location-specific prediction strategies. 

 

Figure 9. Training History Display 

4. Comprehensive Prediction 

The Comprehensive Prediction Module allows users to make predictions for all blood types and all months within a specific 

timeframe. Prediction parameters can be customized, such as PMI location and year range (2025–2030). The system 

generates a comprehensive report with predictive analysis and visualization. 

 

Figure 10. Prediction Page View 

 

The prediction results for the North Aceh PMI show that out of a total of 504 months, 474 (94%) experienced a surplus, 

30 (6%) a deficit, and no months were in balance. The total predicted blood received reached 24,245.9 bags, while distribution 

reached 19,839.2 bags, resulting in a net surplus of 4,406.7 bags. Blood type O- had the highest surplus (1,246.9 bags), while 

blood type A+ had the lowest surplus (79 bags), indicating the need for a specific strategy for this group. This prediction 

supports the cross-regional stock distribution strategy to address local deficits. 

 

4. CONCLUSION 

Based on the results of the research that has been conducted, it can be concluded that the Random Forest algorithm 

implemented in the blood bag stock prediction system has succeeded in providing significant performance, especially in the 

context of the dual PMI system. The model showed excellent predictive performance in the North Aceh PMI UDD with an 

RMSE value of 9.113 for incoming blood prediction and 8.750 for blood distribution, while the model's performance in the 

Lhokseumawe PMI UDD still needs to be improved because it showed a higher RMSE value, namely 24.635 and 22.737. 

The success of this model is inseparable from the effective feature engineering process, where the six original features were 

developed into 17 features through the addition of temporal, categorical, interaction, and operational variables. These new 

features have been proven to significantly improve the accuracy and predictive power of the model. Validation of the dual 

PMI system also showed success in implementing the stratified splitting technique based on the combination of PMI 
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location and blood type. This approach ensures a balanced data allocation of 60% for training, 20% for validation, and 20% 

for testing, resulting in improved model generalization. The hyperparameter optimization process was performed using 

Randomized Search CV and 5-fold cross-validation, which were able to identify optimal parameters separately for the target 

variables of incoming blood and blood distribution, according to the characteristics of each data. Furthermore, the system 

successfully performed comprehensive predictions for the period 2025 to 2030, specifically for the UDD PMI North Aceh. 

The prediction results showed that 474 months (94.0%) were projected to experience a blood stock surplus with a total 

surplus of 4,572.9 bags, while only 30 months (6.0%) experienced a deficit with a total deficit of 166.2 bags. The final balance 

projection showed a very positive condition with a net balance surplus of 4,406.7 bags. In terms of implementation, the 

developed web-based system has succeeded in providing an intuitive and user-friendly interface, including dashboard 

features, dataset management, training history, comprehensive predictions, and user management. This allows PMI UDD 

staff to access and run prediction processes in real-time to support faster and more accurate operational decision-making. 
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