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 Intermittent demand presents significant challenges in demand 

forecasting and inventory management, particularly in the document 

solutions industry, where demand is driven by both rental and sales 

activities. Forecasting accuracy alone does not necessarily translate 

into improved inventory performance. This study evaluates the 

forecasting performance of the Teunter–Syntetos–Babai (TSB) 

method and machine learning models, including Random Forest, 

XGBoost, and LightGBM, across total, rental, and sales demand 

categories and examines their implications for inventory service 

levels. A quantitative analysis was conducted using supply demand 

data for 134 stock-keeping units (SKUs) of Brand Z at PT X from 

August 2023 to November 2025. Demand patterns were classified 

using the Average Demand Interval (ADI) and the squared 

coefficient of variation (CV²). Forecasting models incorporated 

historical demand, lead times, new printer installations, and new 

printer sales. Forecasting performance was evaluated using root 

mean squared error (RMSE) and mean absolute error (MAE), while 

inventory performance was assessed using an order-up-to-level (S) 

policy based on the probability of no stockout (S1), fill rate (S2), 

and ready rate (S3). Random Forest demonstrated superior overall 

performance in terms of forecasting accuracy and inventory service 

levels, particularly for intermittent and lumpy demand patterns. 

However, greater forecasting accuracy did not consistently translate 

into better inventory performance. The TSB method performed 

better for smooth demand patterns and on several service-level 

indicators for erratic demand. Demand decomposition also revealed 

distinct characteristics between rental and sales demand. These 

findings indicate that forecasting accuracy alone is insufficient for 

selecting an appropriate forecasting method. Demand characteristics 

and inventory service-level performance must also be considered to 

support effective inventory management. 

 

 

 

 

INTRODUCTION 

Industries that rely heavily on global imports and supply chain activities are 

particularly vulnerable to supply chain uncertainty. Production yield uncertainty arises 

from defective products, which reduce the quantity of goods available for supply. Capacity 

uncertainty also creates discrepancies in supply quantities due to suppliers' limited 
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production capacities. Furthermore, lead time uncertainty results in variations in the time 

required to receive ordered goods due to stock shortages, changes in production schedules, 

and disruptions in deliveries from suppliers (Snyder & Shen, 2019). 

Uncertainty can also arise from demand variability resulting from increased 

product variety, new product launches, and short product life cycles, including product 

discontinuation. Demand patterns may differ considerably across products. Some products 

exhibit stable and predictable demand, while others experience infrequent and irregular 

demand characterized by varying intervals between demand occurrences and fluctuations 

in demand quantities (Sheffi, 2004). 

The document solutions industry is particularly vulnerable to supply chain 

uncertainty. Company X procures goods from its principal supplier's warehouses located 

in several countries. The lead times specified by the principal supplier vary across 

products. For example, toner A has a lead time of one month, whereas toner B has a lead 

time of two months. However, actual lead times are also influenced by the availability of 

raw materials and finished goods. Deliveries may be completed earlier when the principal 

supplier maintains sufficient inventory. Conversely, disruptions in raw material supply or 

shortages of finished goods may extend actual lead times beyond the initially specified 

periods. 

Table 1. Demand Distribution 

Demand Categories Demand Size Percentage (%) 

Rental 0 68.36 

Rental > 0 31.64 

TOTAL 100.00 

Sales 0 71.16 

Sales > 0 28.84 

TOTAL 100.00 

Aggregate (Total) 0 58.66 

Aggregate (Total) > 0 41.34 

TOTAL 100.00 

 

An analysis of demand distribution data for 134 Brand Z supply stock-keeping 

units (SKUs) at Company X from August 2023 to November 2025 revealed that no 

demand was recorded during 58.66% of the observation periods for aggregate demand. 

However, decomposing demand by source revealed that zero-demand periods accounted 

for 68.36% of the observation periods in the rental category and an even higher proportion 

of 71.16% in the sales category. These differences indicate that aggregate demand analysis 

can obscure the distinct characteristics of each demand category by reducing the apparent 

degree of demand intermittency, as rental and sales demand may occur in different periods 

and offset each other's zero-demand intervals when aggregated. 

Demand classification is essential for identifying demand characteristics and 

selecting appropriate forecasting methods. The classification framework proposed by 

Syntetos et al., (2005), which uses the Average Demand Interval (ADI) and the squared 

coefficient of variation of nonzero demand sizes (CV²), categorizes demand patterns into 

four types: smooth, intermittent, erratic, and lumpy (Syntetos et al., 2005). Disaggregating 

demand by category or operational source is also important because different demand 

sources may exhibit distinct patterns and variability, necessitating separate analyses to 
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improve forecasting accuracy and support inventory management decisions (Altug & 

Ceryan, 2022). 

Table 2. Demand Type Classification (Syntetos et al., 2005) 

Demand 

Type 

Demand 

Intermittency 

(ADI) 

Demand 

Variability 

(CV²) 

Key Characteristics 

Smooth ADI ≤ 1.32 CV² ≤ 0.49 
Demand occurs in almost every period with low 

variability 

Intermittent ADI > 1.32 CV² ≤ 0.49 
Demand occurs infrequently but demand sizes are 

relatively stable when they occur 

Erratic ADI ≤ 1.32 CV² > 0.49 
Demand occurs frequently but demand sizes are 

highly variable 

Lumpy ADI > 1.32 CV² > 0.49 
Demand occurs infrequently and demand sizes are 

highly variable 

 

Intermittent demand is characterized by irregular demand occurrences, with zero 

demand in some periods and varying demand quantities in others (Teunter et al., 2011). 

These characteristics make demand forecasting particularly challenging, especially when 

prolonged periods of zero demand occur. Forecasting becomes even more complex for 

products at risk of obsolescence, as the probability of demand may decline over time. 

Under these conditions, traditional forecasting methods may fail to adequately capture 

changes in demand patterns, resulting in reduced forecasting accuracy and challenges in 

inventory management (Sanguri et al., 2024). 

Teunter et al. (2011) developed the Teunter–Syntetos–Babai (TSB) method to 

address the challenges associated with intermittent demand forecasting. This method 

separately estimates the probability of demand occurrence and the expected nonzero 

demand size. The demand occurrence probability is updated in every period, including 

periods with zero demand, while the estimated demand size is updated only when positive 

demand occurs. This approach enables the forecasting model to remain responsive to 

changes in demand occurrence, particularly during prolonged periods of zero demand 

(Teunter et al., 2011). 

Previous studies have provided substantial evidence that machine learning (ML) 

methods can achieve greater forecasting accuracy than traditional statistical approaches 

under certain conditions. For example, a comparison between autoregressive integrated 

moving average (ARIMA) and Extreme Gradient Boosting (XGBoost) demonstrated that, 

although ARIMA can be effective in modeling temporal patterns and seasonal variations 

when appropriately specified, XGBoost may perform better when forecasting complex and 

nonlinear relationships (Bai, 2024). Another study comparing XGBoost and Light 

Gradient Boosting Machine (LightGBM) revealed that forecasting performance varied 

depending on the evaluation metrics employed. LightGBM achieved lower root mean 

squared logarithmic error (RMSLE), whereas XGBoost demonstrated better performance 

in terms of mean absolute error (MAE) and the coefficient of determination (R²) (Nguyen 

et al., 2025). Similarly, a comparison between ARIMA and Random Forest indicated that 

Random Forest achieved greater forecasting accuracy by capturing both linear and 

nonlinear relationships among variables (Kumar et al., 2025). Random Forest may be 

particularly effective when demand forecasting incorporates explanatory variables, 
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whereas ARIMA is generally more suitable for modeling temporal dependencies in 

univariate time series data (Amnay et al., 2025). Furthermore, traditional intermittent 

demand forecasting methods, including Croston's method, the Syntetos–Boylan 

Approximation (SBA), and TSB, have been reported to exhibit lower forecasting accuracy 

than Random Forest and gradient-boosted trees in certain daily stock-keeping unit (SKU)-

level forecasting applications (Spiliotis et al., 2022). 

Recent advances in computing technology have substantially expanded the 

application of ML techniques across various predictive tasks, including demand 

forecasting. Compared with conventional statistical approaches, ML methods can capture 

complex patterns in historical data and identify nonlinear relationships and interactions 

among variables that may be difficult to model using traditional techniques (Hastie et al., 

2009; James et al., 2013). These capabilities have created new opportunities in supply 

chain analytics, enabling organizations to improve forecasting processes and support more 

informed, data-driven decision-making. By integrating historical demand, operational 

information, and logistical variables, ML models can identify complex relationships that 

contribute to improved forecasting performance and inventory management (Maniah, 

2026). Furthermore, SHapley Additive exPlanations (SHAP) provide a model-agnostic 

interpretability framework based on Shapley values, enabling the assessment of individual 

feature contributions to model predictions. This approach enhances the transparency and 

interpretability of ML models and supports the evaluation of their predictive behavior 

(Lundberg & Lee, 2017). 

However, forecasting accuracy should not be the sole criterion for determining 

business policies and selecting forecasting methods. Forecasting performance should also 

be evaluated in terms of operational outcomes, particularly inventory service levels and 

the ability to meet customer demand (Theodorou et al., 2025). Accordingly, forecasting 

methods should be assessed based on their practical utility in supporting business 

decision-making rather than solely on statistical accuracy measures. A forecasting method 

with slightly lower predictive accuracy may still be preferable if it produces more stable 

inventory decisions, reduces operational costs, or improves overall inventory performance 

(Petropoulos et al., 2019). 

The order-up-to-level (S) policy is an inventory control policy in which the 

replenishment quantity is determined by the difference between a predetermined target 

inventory position (S) and the current inventory position at the time of review. Under this 

policy, the inventory position, defined as on-hand inventory plus outstanding orders minus 

backorders, is restored to the target level at each scheduled review. Consequently, the 

replenishment quantity varies according to the inventory position when the ordering 

decision is made. Inventory service-level performance can be evaluated using three 

indicators: the probability of no stockout (S1), the fill rate (S2), and the ready rate (S3) 

(Axsäter, 2015).  
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Table 3. Inventory Service Level (Axsäter, 2015) 

Service Level Definition 

S1 (Probability of 

No Stockout) 

Quantifies the likelihood that a stockout will not transpire during a single 

ordering cycle, which is assessed by the occurrence of any stockout within that 

period. 

S2 (Fill Rate) 
The fraction of total demand satisfied directly from existing inventory, 

measured by the volume of customer demand successfully met. 

S3 (Ready Rate) 

The proportion of time inventory levels remain positive, determined by the 

frequency of inventory being above zero at the observation period's 

conclusion. 

 

This study created an analytical framework for demand forecasting by classifying 

demand on the decomposition of demand sources using TSB and ML methods, and 

evaluating the results with service level indicators using data of Company X from the 

document solutions industry. Therefore, this study did not only compare accuracy, but also to 

find out whether the results of forecasting with the best accuracy also resulted in a better 

service level. 

 

METHOD 

This study used secondary data obtained from Company X's historical records and 

Enterprise Resource Planning (ERP) system, including rental and sales demand for 

supplies, Brand Z printer sales and installation records, and supplier and delivery lead 

times. The dataset covered the period from August 2023 to November 2025. Data 

processing was performed using Python and included preprocessing, demand classification 

based on the Average Demand Interval (ADI) and squared coefficient of variation (CV²), 

and demand forecasting using the Teunter–Syntetos–Babai (TSB) method and machine 

learning (ML) models, including Random Forest, XGBoost, and LightGBM. The ML 

modeling process involved feature engineering, hyperparameter optimization, and 

performance evaluation. The TSB method and the best-performing ML model were 

subsequently used to evaluate inventory performance under an order-up-to-level (S) policy 

using inventory service-level indicators.  

Demand Classification 

Demand classification using ADI and CV2 were calculated by these formulas: 

𝐴𝐷𝐼 =
𝑁

∑ 𝐼(𝑦𝑡 > 0)𝑁
𝑡=1

 

 

𝑁  = total number of periods 

𝑡  = time period index 

𝑦𝑡  = actual demand in period 𝑡 

𝐼(𝑦𝑡 >  0) = demand occurrence indicator in period 𝑡, 1 when demand occurs and 0 

otherwise  

 

 

 



Fitrotun Hasanah, Melia Eka Lestiani* , Maniah  

 

Available online a https://locus.rivierapublishing.id/index.php/jl/index 9657 
 

𝐶𝑉2 = (
σ

μ
)

2

 

 

𝜎  = standard deviation of demand 

𝜇  = mean of demand 

 

TSB Method Forecasting 

The TSB method was calculated with this mathematical formula: 

𝑝̂𝑡      = {
𝑝̂𝑡−1 + β(0 − 𝑝̂𝑡−1), if 𝑝𝑡 = 0

𝑝̂𝑡−1 + β(1 − 𝑝̂𝑡−1), if 𝑝𝑡 > 0
 

 

𝑧̂𝑡      = 𝑧𝑡−1, if 𝑝𝑡 = 0  

𝑧̂𝑡      = 𝑧̂𝑡−1 + α(𝑧𝑡 − 𝑧̂𝑡−1), if 𝑝𝑡 > 0  

𝑦̂𝑡
𝑇𝑆𝐵 = 𝑝̂𝑡 × 𝑧̂𝑡  

 

𝑦̂𝑡  = forecasted demand in period 𝑡 

𝑧̂𝑡  = estimated demand size in period 𝑡 

𝑝̂𝑡  = estimated non-zero demand interval in period 𝑡 

𝑧𝑡  = actual demand size in period 𝑡 

𝑝𝑡  = actual interval between non-zero demands 

𝑝̂𝑡−1  = previous period’s estimate of the demand interval 

𝑧̂𝑡−1  = previous period’s estimate of demand size 

𝑞𝑡  = number of periods since the last non-zero demand  

𝛼  = smoothing parameter for demand size 

𝛽  = smoothing parameter for demand probability occurrence 

The smoothing parameters in the TSB method were determined using a search grid 

in the search space α = 0.05–0.30 and β = 0.01–0.30 with an increment of 0.01, following 

the range of values used in the previous TSB method research (Teunter et al., 2011). The 

combination with the lowest error value is selected as the optimal parameter. For Stock 

Keeping Units (SKUs) with a demand frequency of no more than once during the 

observation period, the default parameter (α = 0.05; β = 0.01) was used to make the model 

less responsive to very rare demand events, so that the forecast results remained stable. 

 

Machine Learning Forecasting 

Feature engineering 

The predictive variables formed consisted of rolling demand, lag features of sales 

and printer installation, rolling lead time principal and delivery, calendar variables, and 

SKU identities that were converted into dummy variables through one-hot encoding. 

Missing values are marked with a value of −1 after the rolling feature formation process, 

to avoid confusion with a zero value that can be interpreted as the availability of goods on 

the same day as the booking period.  
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Table 4. Feature Engineering Summary 

Feature Categories Variable 

Rolling demand 
avg_demand_3m, std_demand_3m, avg_rent_3m, std_rent_3m, 

avg_sales_3m, std_sales_3m 

Sales lag sales_lag_1, sales_lag_2, sales_lag_3, sales_lag_6 

Install lag install_lag_1, install_lag_2, install_lag_3, install_lag_6 

Lead time 
avg_LT_principal_6m, std_LT_principal_6m, avg_LT_delivery_6m, 

std_LT_delivery_6m 

Calendar month_number, year 

Product identity one-hot encoding SKU 

 

Hyperparameter optimization 

Hyperparameter optimization was carried out using a random search combined with a 

three-fold Time Series Cross Validation (TSCV). TSCV was chosen because it is specifically 

designed for time-series data, where the temporal order must be preserved since each 

observation depends on preceding ones (Owen, 2022). The parameter range determined based 

on the literature, characteristics of each algorithm, and test results on the research data. Each 

combination of hyperparameters was evaluated using the RMSE and MAE on all three folds, 

and the model with lowest error was selected as the best configuration. The model's 

performance was compared to determine the best model, which was further interpreted using 

SHAP. 

Table 5. Split Fold Time Series Cross Validation 

Fold Training period Testing Period 

1 August 2023 – February 2024 March 2024 – September 2024 

2 August 2023 – September 2024 October 2024 – April 2025 

3 August 2023 – April 2025 May 2025 – November 2025 

 

Table 6. Machine Learning Model Hyperparameter Search Space 

Models Hyperparameter Rental Sales Total 

Random 

Forest 

n_estimators 100–1000 100–800 100–1000 

max_depth 3–30 3–30 3–30 

min_samples_split 2–20 2–20 2–20 

min_samples_leaf 1–10 1–10 1–10 

max_features 
sqrt, log2, None, 

0.5, 0.7, 1.0 

sqrt, log2, None, 

0.5, 0.7, 1.0  

sqrt, log2, None, 

0.5, 0.7, 1.0  

XGBoost 

n_estimators 100–500 100–800 100–1000 

max_depth 3–20 3–30 3–30 

learning_rate 0,01–0,30 0,01–0,30 0,01–0,30 

subsample 0,6–1,0 0,6–1,0 0,6–1,0 

colsample_bytree 0,6–1,0 0,6–1,0 0,6–1,0 

LightGBM 

n_estimators 100–800 100–800 100–1000 

max_depth 3–20 3–30 3–20 

learning_rate 0,01–0,20 0,01–0,20 0,01–0,20 

num_leaves 31–150 31–150 31–128 

min_child_samples 10–50 10–50 10–50 

feature_fraction 0,7–1,0 0,7–1,0 0,7–1,0 

 

Forecasting Accuracy Evaluation 

The forecasting result of each method was evaluated using the Root Mean Squared 

Error (RMSE) and Mean Absolute Error (MAE) metrics, with below calculation: 
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𝑅𝑀𝑆𝐸 =

 √
1

𝑇
∑ (𝑦𝑡 −  𝑦̂𝑡)2𝑇

𝑡=1    

 

𝑀𝐴𝐸    =  
1

𝑇
∑ |𝑦𝑡 −  𝑦̂𝑡|𝑇

𝑡=1    

 

𝑡 = time period index 

𝑇 = total number of periods  

𝑦𝑡 = actual demand 

𝑦̂𝑡 = forecasted demand 

 

Inventory Performance Evaluation 

The simulation used forecasting results from the TSB method and the best ML model 

as the basis for replenishment decisions. All SKUs are assumed to have an initial inventory of 

zero units to equalize the initial conditions between SKUs, so that performance comparisons 

between forecasting methods could be done objectively. To reduce the impact of initial 

inventory initialization, a warm-up period until the first replenishment was applied to each 

SKU (Goldsman, 1992). The period before the first replenishment received was not included 

in the calculation of inventory performance indicators (Waters, 2003). The order up-to S was 

calculated by this formula. 

𝑄 = 𝑆 − 𝐼𝑃 

 
𝐼𝑃 = 𝑂𝐻 + 𝑂𝑂 − 𝐵𝑂 

𝑆 =  𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡(𝑇+𝐿𝑇) +  𝑆𝑆 

𝑆𝑆 =  𝑍 × 𝜎 × √(𝑇 + 𝐿𝑇) 

 

𝑄 = Order Quantity 

𝑆 = Target inventory level (order-up-to level) 

𝐼𝑃 = Inventory Position 

𝑂𝐻 = On-Hand Inventory 

𝑂𝑂 = Outstanding Order 

𝐵𝑂 = Unfulfilled Customer Order (backorder) 

𝑆𝑆 = Safety Stock 

𝑍 = Z-score based on service level target 

𝜎 = standard deviation of demand 

𝑇 = periodic review 

𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡(𝑇+𝐿𝑇) = Forecasted Demand T+LT  

𝐿𝑇 = Lead Time 

 

Inventory performance was measured using service level indicators S1, S2, and S3 that 

were compared between the TSB method and the best ML model in each category and 

demand classification. This approach was used to evaluate differences in inventory 

performance on various demand characteristics, as well as to identify whether the method 

with the best forecasting performance also results in better inventory performance. Service 

level was calculated by this fromula (Axsäter, 2015): 
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𝑆1 =
∑ 𝐼(𝑆𝑡𝑜𝑐𝑘𝑜𝑢𝑡𝑡 = 0)𝑇

𝑡=1

𝑇
× 100% 

 

𝑆2 = (
∑ 𝐷𝑒𝑚𝑎𝑛𝑑𝑡

𝑇
𝑡=1 − ∑ 𝑆𝑡𝑜𝑐𝑘𝑜𝑢𝑡𝑡

𝑇
𝑡=1

∑ 𝐷𝑒𝑚𝑎𝑛𝑑𝑡
𝑇
𝑡=1

)

× 100% 

 

𝑆3 =
∑ 𝐼(𝐸𝑛𝑑𝑖𝑛𝑔 𝑆𝑡𝑜𝑐𝑘𝑡 > 0)𝑇

𝑡=1

𝑇
× 100% 

 

  

𝑇   = total observation period 

𝐼   = flag indicators 

𝑡   = observation period index 

𝐷𝑒𝑚𝑎𝑛𝑑𝑡  = total actual demand in period 𝑡 

𝑆𝑡𝑜𝑐𝑘𝑜𝑢𝑡𝑡  = total unfulfilled demand in period 𝑡 

𝐸𝑛𝑑𝑖𝑛𝑔 𝑆𝑡𝑜𝑐𝑘𝑡 = ending inventory in period 𝑡 

 

RESULTS AND DISCUSSION 

Research Results 

a. Demand Classification 

Table IV.5 showed the results of the classification of demand based on ADI and CV2 values.  

Table 7. Demand Classification Result 

Demand Type 
Total Rental  Sales  

SKU % SKU % SKU % 

Smooth 18 13.43 26 19.41 9 6.71 

Intermittent 68 50.75 93 69.40 76 56.72 

Erratic 21 15.67 0 0 6 4.48 

Lumpy 27 20.15 15 11.19 43 32.09 

Total Amount 134 100.00 134 100.00 134 100.00 

Company X's demand characteristics were predominantly intermittent type which was 

shown with more than 50% across all demand categories classified as this type. These results 

showed that many SKUs have irregular demand patterns, but fairly stable demand variability. 

The difference in demand classification results in each demand category showed that 

rental categories tended to have a rare but more stable demand pattern, which was shown by 

the intermittent type dominating, but followed by smooth and no erratic type. The sales 

category dominated by intermittent and lumpy proved that demand was not only rare, but also 

had high variability. While the total category had the lowest percentage of intermittent types 

due to data aggregation that caused data to overlap to cover the demand gap in the rental and 

sales categories.  

b. TSB Forecasting 

1. Grid Search Results 

Table 8. Grid Search Result  

Demand 

Categories 

α 

Dominant 

Number of 

SKUs 

β 

Dominant 

Number of 

SKUs 

Default 

SKUs 

Rental 0.05 97 0.01 82 50 

Sales 0.05 78 0.30 57 18 

Total 0.05 62 0.01 59 8 
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The table showed that the value of α = 0.05 was the most frequently selected 

parameter in all demand categories. This small α value made the estimate of demand size less 

sensitive to demand fluctuations. In contrast, the β value that governed the update of the 

probability of the demand occurring resulted in a different dominant value in each demand 

category. In the total and rental categories, the value of β = 0.01 was more dominant because 

demand was more stable than sales with a value of β = 0.30 which required greater smoothing 

to capture the pattern of demand variability due to the lumpy type that was quite dominant. 

There were a number of SKUs that use default parameters because the frequency of demands 

was very limited during the observation period. 

2. Evaluation of TSB Method Forecasting 

Table 9. TSB Method Evaluation Result 

Demand 

Type 

Total Rental Sales 

RMSE MAE RMSE MAE RMSE MAE 

Smooth 17.05 13.24 6.38 4.91 9.82 8.07 

Intermittent 1.77 1.36 0.96 0.78 1.88 1.48 

Erratic 11.75 8.53 - - 23.29 18.73 

Lumpy 6.92 4.56 5.50 4.33 8.41 5.89 

 

A comparison of results by demand category showed that rental demands resulted in 

lower error values than total and sales demands. These results indicated that the data structure 

in rental activities was more stationary so that it could provide more optimal predictions on 

the TSB method. Meanwhile, sales demands showed higher error values in all types and 

categories of demands, especially in erratic and lumpy types. These results indicated that 

sales demand had a greater level of uncertainty than rental demand. 

In total demand, the smooth type produced the highest error value compared to other 

demand types. This condition indicated that TSB method which was made specifically for 

intermittent demand showed low-performing capability to capture demand patterns that occur 

regularly. Evaluation of the overall results showed that the TSB method tended to provide 

decreased prediction accuracy in demand types with higher variability in demand size and 

timing such as smooth and erratic. 

c. Machine Learning Forecasting  

1. Results of Total Demand Evaluation of Machine Learning Model 

Table 10. Total Demand Machine Learning Evaluation Result 

Demand 

Type 

LightGBM Random Forest XGBoost 

RMSE MAE RMSE MAE RMSE MAE 

Smooth 20.15 15.79 18.53 14.29 20.47 15.97 

Intermittent 1.59 1.01 1.50 0.95 1.52 0.96 

Erratic 10.82 8.13 10.70 8.48 10.99 8.68 

Lumpy 4.21 2.23 4.22 2.45 4.09 2.25 

 

The results of the ML model evaluation showed that the forecasting of the total 

demand category with the best level of accuracy is in the Random Forest model compared to 

other ML models. Of the four types of demands, only the lumpy type had a lower accuracy 

level but with a small difference, namely 0.13 compared to RMSE XGBoost and 0.22 

compared to MAE LightGBM. 
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2. Evaluation Results of Machine Learning Model Rental Demands 

Table 11. Rental Demand Machine Learning Evaluation Result 

Demand 

Type 

LightGBM Random Forest XGBoost 

RMSE MAE RMSE MAE RMSE MAE 

Smooth 6.96 5.49 7.21 5.60 7.95 6.30 

Intermittent 0.72 0.40 0.67 0.37 0.69 0.37 

Erratic - - - - - - 

Lumpy 2.77 1.46 2.93 1.54 2.80 1.40 

 

The intermittent type obtained the lowest RMSE value of 0.67 in the Random Forest 

model, while MAE obtained Random Forest and XGBoost with the same error value of 0.37. 

The best accuracy results for the smooth type were in the LightGBM model with an RMSE 

value of 6.96 and MAE 5.49, while the best lumpy RMSE type was in the LightGBM and 

MAE in XGBoost with a small error difference. All of these results showed that all three ML 

models have equivalent forecasting capabilities on rental category demand data. 

3. Results of Sales Demand Evaluation Machine Learning Model 

Table 121. Sales Demand Machine Learning Evaluation Result 

Demand 

Type 

LightGBM Random Forest XGBoost 

RMSE MAE RMSE MAE RMSE MAE 

Smooth 10.81 8.84 10.18 8.39 10.38 8.49 

Intermittent 1.55 0.98 1.41 0.86 1.46 0.94 

Erratic 27.12 21.21 24.86 20.23 27.82 22.86 

Lumpy 6.92 4.85 7.19 5.51 7.20 5.33 

 

Random Forest produced the lowest RMSE and MAE values on all three types of 

demand, except for lumpy where the lowest error value is in the LightGBM model. In the 

sales demand category, the XGBoost model did not generate the lowest error value across all 

demand types. The Random Forest model was proven to provide better forecasting accuracy 

than other ML models. 

4. Machine Learning Model Selection 

Evaluation of all ML models by category and demand type showed that Random 

Forest was the most stable ML model compared to LightGBM and XGBoost. Although in the 

rental category all ML models provided equal performance, Random Forest was chosen as 

the best ML model because it produced the highest accuracy in all three demand categories 

compared to other ML models. 
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d. SHAP Analysis of the Random Forest Model 

1. Total Demand 

 
Figure 1. Total Demand SHAP Analysis 

The feature with the most contribution was the historical demand feature, which was 

the average demand for the last 3 months (avg_demand_3m) and the standard demand 

deviation for the last 3 months (std_demand_3m). Other features such as printer sales in the 

last 3 months (sales_lag_3) and printer installations in the last 1 and 2 months (install_lag_1 

and install_lag_2) also contributed to this model. Some features such as lead time and SKUs 

such as SKU P, U, and T also appeared as features that impacted the forecast results.  

This analysis explained that the model relied heavily on short-term demand features 

(3m) and the characteristics of specific SKUs. The long-term lead time (6m) and the increase 

in printer sales up to the last 3 months also affect the model's forecasting results. The addition 

of new printer rentals has only a small impact on the model compared to printer sales. 
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2. Rental Demand 

 
Figure 2. Rental Demand SHAP Analysis 

 

Visualization of SHAP analysis results for rental demand in the Random Forest model 

showed that the historical rental demand feature was the feature that had the most impact on 

forecasting results through the average rental demand over the last 3 months (avg_rent_3m) 

and the standard rental demand deviation over the last 3 months (std_rent_3m).  

The top three SKUs in this rental model were slightly different from the total model, 

namely SKU U, P, and DX, which added evidence that data aggregation could disguise the 

true characteristics of each SKU. This analysis also provided information that the addition of 

printer rentals over the last 2 months contributed more to the forecast results than other new 

install horizons. In accordance with the characteristics of rental demand, where the need for 

supplies will arise after the installation of a new printer. Based on this SHAP analysis, it was 

known that the addition of new installations would have an impact on rental demand on 

average 2 months after the installation was carried out. 
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3. Sales Demand  

 
Figure 3. Sales Demand SHAP Analysis 

 

The interpretation of the Random Forest model for the sales demand category 

presented information on the features that contribute a lot to the model's results, namely the 

historical sales demand feature followed by the lead time feature, several SKUs such as 

SKUS P, A, and N, as well as new sales features. Historical data on short-term demand (3m) 

contributed more than long-term (6m). The lead time feature (6m) also had more influence on 

forecasting results such as total demand and rental categories. The new printer sales feature 

for the last 3 months (sales_lag_3) was considered to have an effect on the increase in 

demand for supplies in the 3 months after the sale of printers occurred.  

In contrast to rental demand where new install features in the last 1 and 6 months were 

in the lower rankings and tend to have negative values, in sales demand, all new sales 

features made a positive contribution even though they were not in the top position. The 

proportion of the formation of sales demand patterns was highly dependent on the sales of 

new printers. Meanwhile, in rentals, demand could arise from printers that had been rented 

more than the research horizon. 

e. Comparison of TSB and Random Forest Forecasting Performance 

Table 132. Forecasting Accuracy of TSB and Random Forest in Total Demand 

Demand Type TSB Random Forest 

RMSE MAE RMSE MAE 

Smooth 17.05 13.24 18.53 14.29 

Intermittent 1.77 1.36 1.50 0.95 

Erratic 11.75 8.53 10.70 8.48 

Lumpy 6.92 4.56 4.22 2.45 
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Table 143. Forecasting Accuracy of TSB and Random Forest in Rental Demand 

Demand 

Type 

TSB Random Forest 

RMSE MAE RMSE MAE 

Smooth 6.38 4.91 7.21 5.60 

Intermittent 0.96 0.78 0.67 0.37 

Erratic - - - - 

Lumpy 5.50 4.33 2.93 1.54 

 

Table 154. Forecasting Accuracy of TSB and Random Forest in Sales Demand 

Demand 

Type 

TSB Random Forest 

RMSE MAE RMSE MAE 

Smooth 9.82 8.07 10.18 8.39 

Intermittent 1.88 1.48 1.41 0.86 

Erratic 23.29 18.73 24.86 20.23 

Lumpy 8.41 5.89 7.19 5.51 

 

Random Forest had proven to be more resilient on some types of demands across all 

demand categories, especially in intermittent types. TSB method which was specifically 

made to deal with intermittent patterns, could not outperform the accuracy of Random Forest. 

TSB showed its best performance in the smooth type which had a stable frequency demand 

pattern. Random Forest with its additional features could not capture smooth patterns any 

better than TSB which relied only on historical data on demands. This table also corroborated 

the evidence related to the potential disguise of demand characteristics as evidenced by 

erratic types. This type was outperformed by TSB for accuracy in the separation of the sales 

category demand sources, but the total was won by Random Forest due to data aggregation. 

f. Inventory Performance Evaluation 

1. Total Demand Service Level 

Table 16. Total Demand Service Level 

Demand 

Type 

TSB Random Forest 

S1 S2 S3 S1 S2 S3 

Smooth 92.41 97.87 91.11 94.79 97.86 94.14 

Intermittent 97.88 94.43 85.19 99.05 95.61 91.89 

Erratic 96.90 96.13 95.63 96.36 97.54 94.90 

Lumpy 95.06 81.63 89.27 98.16 95.96 92.37 

 

Random Forest was proven as a forecasting technique that provided the best 

performance on service level indicators of total demand. TSB still had better performance in 

several types and indicators, but it was mostly won by Random Forest who was only less thin 

in S2 smooth and erratic in S1 and S3. These erratic results were in contrast to Table XIII 

which pointed to the best Random Forest for accuracy. Inventory conditions through order 

up-to-S simulation provided information that existing inventory was indeed able to meet most 

customer demands. However, the stockout frequency was slightly more frequent than TSB. 

On the other hand, the smooth type, which was won by TSB in absolute accuracy, turned out 

to be only slightly better in the total category in meeting customer demand, but often 

stockout. Some customers had to wait a little longer to get their orders. 
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2. Rental Demand Service Level 

Table 18. Rental Demand Service Level 

Demand 

Type 

TSB Random Forest 

S1 S2 S3 S1 S2 S3 

Smooth 94.20 98.39 91.82 96.43 99.37 94.05 

Intermittent 98.98 92.21 48.30 99.51 98.31 48.47 

Erratic - - - - - - 

Lumpy 95.88 89.30 88.92 99.48 98.93 92.53 

 

All types of rental demands won by Random Forest. It turned out that TSB, which 

was a landslide winner in Table XIV, was not accompanied by its service level. The value of 

S3 in the intermittent type was only below 50% for both forecasting methods according to the 

nature of the intermittent type. Although the percentage of replenishment and the proportion 

of customer needs met was high, stockouts were very frequent. This was a result of the 

infrequent emergence of demand while the variability was stable. So that the forecasting 

method made predictions not to maintain inventory because of the potential for its infrequent 

appearance. 

3. Service Level Sales Demand  

Table 19. Sales Demand Service Level 

Demand 

Type 

TSB Random Forest 

S1 S2 S3 S1 S2 S3 

Smooth 93.45 93.66 92.14 97.38 97.06 95.63 

Intermittent 98.40 92.88 70.83 98.55 92.68 87.07 

Erratic 96.79 98.20 95.51 94.23 95.78 92.95 

Lumpy 96.54 92.84 92.19 97.87 95.41 95.21 

 

The service level of sales demand made Random Forest's superiority clear. Most of 

the demand types were dominated by Random Forest. For the intermittent type, Random 

Forest was slightly inferior to TSB in fulfilling customer orders, but stockout conditions were 

more controlled than TSB. Just like rentals, the smooth type and service level were different 

from Table XIV, where smooth was won by TSB. Even so, this result was consistent with the 

erratic type, whose service level results were in the direction of forecasting accuracy.  

 

Discussion  

The overall results of the forecasting accuracy evaluation provided information related 

to the excellence of Random Forest over the TSB method. Especially in the intermittent and 

lumpy types that excelled in all demand categories.  The TSB method was very resilient in 

the smooth type which swept away accuracy performance across all demand categories. 

Smooth type demand occurred in almost every period with low variation, making the update 

of the probability of demand occurrence and demand size on TSB worked effectively. Even 

though it was made specifically for intermittent, it turned out that TSB actually lacked of 

accuracy performance in this type. 

Intermittent and lumpy, whose demand rarely appears, made TSB less good at 

capturing its patterns. Random Forest, which had additional features, such as rolling statistics, 

lag, lead time, new installs, and new sales, made the ML model recognized more complex 
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demand patterns and the results were more accurate. These findings proved that demand 

characteristics had an impact on forecasting results. 

The erratic type indicated a continuity between accuracy and inventory performance. 

The service level provided by TSB was consistently better than Random Forest. However, the 

results of the evaluation for other types stated otherwise. The smooth type with the best 

accuracy in all demand categories, when tested for its inventory performance, it turned out 

that TSB only won in S2 total demand. This indicated the best accuracy TSB was only able to 

do slightly better at fulfilling customer orders in total demand.  

The results also indicated that no single model consistently outperformed the others 

across all service level indicators. For instance, while Random Forest dominated in handling 

intermittent sales demand, TSB held a slight edge in S2. So even though customer orders 

from most data horizons could be fulfilled, the infrequent occurrence of demand could make 

inventory systems unable to read patterns for demand predictions.  

The TSB method, which was several times better than its S2, revealed that its forecast 

results were able to serve customer needs better than Random Forest, but stockouts often 

occurred. Random Forest, which could be helped by additional features, could better capture 

patterns on most of the demand data, which was only a very thin margin from TSB. 

Demands with frequent zeros and small variations made the prediction stable at zero. 

When there was a demand, it often could not be fully met due to a lack of inventory. The 

lumpy type, although it had rare emergent of demand, such as intermittent, tends to had a 

high variability of demand. In cases like this, it was easier to read the demand pattern. 

 

 
Figure 4. SKU AR From Intermittent Sales 

 

 
Figure 5. SKU F From Intermittent Sales 

The accuracy of the forecasting provided by the RMSE and MAE values did not 

necessarily have any one-way implications to the service level. Error metrics were used in 
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aggregate for all SKUs in the demand type. While inventory simulations with order up-to-S 

policy were carried out in each period at the SKU level. As a result, large error values in 

some SKUs could be masked by small error values if those SKUs were on the same demand 

type. This debit-credit effect could not be applied to order up-to-S policy which calculated 

the shortage of inventory and fulfillment of customer orders in each period before then 

aggregating the value per type of demand. Demand forecasting evaluations should consider 

their impact on the company's operational performance. High forecasting accuracy did not 

always encourage effective inventory management. 

 

CONCLUSION 

The results showed that the Random Forest model achieved greater forecasting 

accuracy and higher inventory service levels than the Teunter–Syntetos–Babai (TSB) 

method, particularly for intermittent and lumpy demand patterns. Random Forest's superior 

performance was attributed to its ability to incorporate various predictive features, including 

rolling statistics, lagged demand variables, lead times, and business activities such as new 

printer sales and installations. Meanwhile, the TSB method demonstrated good forecasting 

accuracy for smooth demand patterns, although this advantage did not consistently translate 

into higher inventory service levels. Interestingly, TSB also achieved favorable service-level 

performance for erratic demand patterns, despite being primarily designed to address 

intermittent demand. For erratic demand, particularly in the sales category, forecasting 

accuracy was more closely aligned with inventory service-level performance, with TSB 

demonstrating superior results. For other demand patterns, Random Forest generally 

outperformed TSB in terms of both forecasting accuracy and inventory service levels. 

Furthermore, the findings indicated that demand aggregation could obscure the underlying 

characteristics of individual demand patterns. Disaggregating demand by source, specifically 

rental and sales, provided more detailed insights into demand characteristics and their 

variability, including differences in SKU classifications across demand categories. For 

smooth demand, Random Forest achieved the highest service levels in the rental and sales 

categories. However, for aggregate demand, TSB achieved a slightly higher fill rate (S2), 

with a marginal difference of only 0.01. Overall, the findings confirmed that improvements in 

forecasting accuracy did not necessarily correspond to improvements in inventory service 

levels. Models with greater forecasting accuracy did not consistently achieve higher service 

levels, and under certain conditions, improved forecasting accuracy was associated with 

lower service-level performance. Therefore, forecasting method selection should consider not 

only predictive accuracy but also inventory service-level outcomes and the characteristics of 

the underlying demand patterns. Future research could extend the evaluation of inventory 

performance by incorporating additional operational measures, particularly inventory holding 

costs, stockout costs, and total inventory costs. Moreover, ML model performance could be 

enhanced by incorporating additional information on supply chain disruptions and other 

relevant external factors. Further studies could also investigate alternative machine learning 

and deep learning forecasting approaches, apply additional performance evaluation metrics, 

and validate the findings using datasets covering different observation periods, industries, and 

demand characteristics.  
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