
Primacy of feature engineering 
over architectural complexity for 
intermittent demand forecasting
B. Sendhil Nathan1,2, P. M. Aravinth1, B. Veera Siva Reddy1, C. Chandrasekhara Sastry1, 
Sachin Salunkhe3 & Robert Cep4

Intermittent demand forecasting remains a fundamental challenge in large-scale supply chains due 
to extreme demand sparsity, irregular occurrence patterns, and highly variable demand magnitudes. 
While recent studies have increasingly adopted complex multi-stage model architectures to address 
these challenges, the role of statistically grounded feature engineering has received comparatively 
less attention. This study proposes the Smoothed Hybrid Occurrence-Size (SHOS) framework, which 
generates adaptive, series-specific estimates of demand occurrence probability and conditional 
demand size using sparsity-aware exponential smoothing. These estimates are incorporated as 
features into supervised machine learning models trained on large-scale, zero-padded panel data. 
The proposed approach is evaluated on an automotive aftermarket dataset comprising approximately 
1.4 million monthly observations across 56,000 spare-part time series, using an 11-fold rolling-
window cross-validation protocol. Empirical results demonstrate that SHOS-enhanced models 
achieve substantial performance improvements over baseline feature sets, reducing mean absolute 
error (MAE) by approximately 50% and weighted mean absolute percentage error (WMAPE) by 
over 40% in highly intermittent demand segments. Notably, despite their increased architectural 
complexity, two-stage hurdle-based models do not outperform the proposed single-stage SHOS-
enhanced framework. Formal statistical testing using the Wilcoxon signed-rank test confirms that 
the performance advantage of the single-stage SHOS model is consistent and statistically significant 
across all validation folds (p < 0.001). These findings reveal an unexpected but practically important 
insight: robust, statistically informed feature engineering can be more effective than increased 
model complexity for intermittent demand forecasting. The results highlight the value of simple, 
interpretable, and computationally efficient forecasting frameworks for large-scale operational 
deployment, while motivating future validation across additional application domains.
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Intermittent demand forecasting is characterized by long periods of zero demand punctuated by irregular, low-
frequency demand events remain a fundamental challenge in supply chain and inventory management. This 
challenge is particularly pronounced in automotive aftermarket and spare-parts systems, where organizations 
must manage tens of thousands of slow-moving stock keeping units (SKUs) across distributed dealer networks. 
Inaccurate forecasts in such settings lead to a costly trade-off between excessive inventory holding and 
obsolescence on one hand, and service-level failures and lost revenue on the other1–3. As supply chains scale in 
size and complexity, the need for forecasting methods that are both robust to sparsity and scalable across large 
item populations has become increasingly critical.

Classical intermittent demand forecasting methods, beginning with Croston’s decomposition and later 
extended through the Syntetos-Boylan Approximation (SBA) and the Teunter-Syntetos-Babai (TSB) method, 
explicitly model demand as the product of a demand occurrence process and a conditional demand size process4–6. 
These methods offer strong interpretability and stability under sparsity, but they are inherently univariate and 
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operate independently on each time series. As a result, they are unable to exploit auxiliary information or cross-
sectional structure that is increasingly available in modern enterprise systems.

In contrast, modern machine learning (ML) models such as gradient-boosted decision trees (e.g., LightGBM 
and XGBoost) can leverage rich, multivariate feature representations and capture complex nonlinear relationships 
across large panels of time series7,8. However, when applied directly to intermittent demand data, these models 
often suffer from degraded performance due to extreme sparsity, weak signal-to-noise ratios, and a tendency to 
overfit rare demand events9,10. This has motivated the use of increasingly complex modeling strategies, including 
multi-stage or hurdle-based architectures, under the assumption that structural complexity is necessary to 
handle intermittent demand.

Despite these developments, an important gap remains in the literature. Much of the recent focus has been 
placed on architectural complexity, while the role of statistically grounded feature representation has received 
comparatively less systematic attention. Evidence from recent forecasting competitions and empirical studies 
suggests that hybrid approaches where statistical signals are embedded into machine learning pipelines can yield 
substantial performance gains without resorting to complex model structures11,12. This raises a fundamental 
question: can carefully designed statistical features capture the essential dynamics of intermittent demand more 
effectively than increasingly complex model architectures?

To address this question, we propose the Smoothed Hybrid Occurrence-Size (SHOS) framework. SHOS is an 
adaptive statistical procedure that generates series-specific estimates of two latent components of intermittent 
demand: (i) the probability of demand occurrence and (ii) the conditional demand size given occurrence. 
These components are estimated using sparsity-aware exponential smoothing that accounts for both prolonged 
inactivity and demand reactivation. Importantly, SHOS is not used as a standalone forecasting model; instead, 
its outputs referred to as SHOS features are incorporated directly as input features within standard supervised 
machine learning models. This design enables the integration of statistically meaningful demand signals into 
scalable ML pipelines without altering downstream model architectures.

The proposed framework is evaluated on a large-scale automotive aftermarket dataset comprising more 
than 56,000 dealer-part time series, expanded to approximately 1.4 million monthly observations through zero 
padding. All models are assessed using an 11-fold rolling-window cross-validation protocol, ensuring temporal 
integrity and realistic deployment conditions. Comparative experiments include standard machine learning 
baselines, SHOS-enhanced single-stage models, and more complex two-stage hurdle-based architectures.

The results demonstrate that SHOS feature augmentation leads to substantial and statistically significant 
improvements in forecasting accuracy, with mean absolute error reductions of approximately 50% in highly 
intermittent demand segments. Notably, despite their greater structural sophistication, two-stage hurdle models 
do not consistently outperform a single-stage regressor augmented with SHOS features. This finding reveals a 
key and somewhat unexpected insight: in large-scale intermittent demand forecasting, representation quality 
and statistically informed feature engineering can outweigh architectural complexity. The study thus contributes 
both a practical forecasting framework and a conceptual clarification of where performance gains truly arise in 
intermittent demand modeling.

Literature review
The challenge of forecasting intermittent demand has a rich history, with research evolving from foundational 
statistical decompositions to complex, data driven machine learning architectures. This review synthesizes the 
key methodological streams to contextualize the contributions of this paper.

Foundational paradigms for intermittent demand modelling
The bedrock of intermittent demand forecasting is the principle of decomposition. Recognizing that standard 
time series models fail when demand is frequently zero, early research focused on methods that separately model 
the two underlying stochastic processes: the occurrence of a demand event and the size of that demand.

The seminal contribution in this area is Croston’s method, which applies separate exponential smoothing to 
the inter demand intervals and the positive demand sizes4. While foundational, Croston’s method was later shown 
to possess a positive statistical bias, a finding that spurred a series of crucial refinements13. The Syntetos Boylan 
Approximation (SBA) introduced a debiasing factor that has been empirically shown to improve both forecast 
accuracy5 and inventory performance14. A further significant evolution came with the Teunter Syntetos Babai 
(TSB) method, which shifted from smoothing the inter demand interval to smoothing the demand probability 
itself6. By updating this probability in every period including zeros the TSB method is more responsive to 
changes in demand frequency. The SHOS algorithm proposed in this work is conceptually related to the TSB 
method, as it also focuses on the direct smoothing of occurrence probability and conditional size.

The Teunter-Syntetos-Babai (TSB) method represents an important advancement over Croston-style 
estimators by directly smoothing the probability of demand occurrence rather than inter-demand intervals. 
By updating the occurrence probability in every period, including zero-demand periods, TSB improves 
responsiveness to changes in demand frequency. However, the method relies on fixed smoothing parameters 
and uniform update rules across all series, which can introduce systematic bias under extreme intermittency.

In highly sparse demand environments, TSB may exhibit two limitations. First, prolonged zero-demand 
periods can cause the smoothed occurrence probability to decay slowly, leading to delayed adaptation when 
demand resumes. Second, isolated demand spikes can exert disproportionate influence on both the occurrence 
and size estimates, particularly when the smoothing parameters are not calibrated to series-specific sparsity. 
These effects can result in biased or unstable forecasts in non-stationary intermittent demand scenarios.

The SHOS algorithm builds upon the conceptual decomposition introduced by TSB while explicitly 
addressing these limitations through adaptive and recency-aware mechanisms, as detailed in “The SHOS 
algorithm: adaptive statistical priors”.
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These classical methods are robust, interpretable, and remain important benchmarks. However, their critical 
limitation is their univariate nature. They operate solely on the historical demand series, which prevents them 
from incorporating the rich external feature sets (e.g., price, product attributes) that often drive demand in real 
world supply chains.

Machine learning and deep learning approaches
With the proliferation of data, machine learning (ML) and deep learning (DL) models have become powerful 
tools for forecasting, valued for their ability to learn complex, nonlinear relationships from a wide array of 
features. Tree based ensembles like LightGBM, XGBoost, and CatBoost are now considered state of the art for 
many tabular forecasting tasks7,8,15. Concurrently, deep learning has introduced sequential architectures like 
Recurrent Neural Networks (RNNs) to capture complex temporal dependencies16. However, the primary failure 
of these powerful models is their data hungry nature, which makes their performance on highly sparse time 
series unstable; they are prone to overfitting to the few non zero data points and often struggle in the low signal 
environment where long periods of zero demand provide weak gradients for learning9.

Hybridization and the identified research gap
Recognizing the respective limitations of pure statistical and pure ML models, the frontier of forecasting 
research has moved towards hybridization. The principle is to combine the strengths of different modeling 
paradigms to achieve performance superior to any single model. This approach has been validated at scale in 
major forecasting competitions, where the winning methods were overwhelmingly hybrid. The 4th and 5th 
Makridakis Competitions (M4 and M5)11,12, which are major benchmarks for time series forecasting, conclusively 
demonstrated that top performing models often combined statistical methods with ML components, such as the 
M4 winner’s hybrid of exponential smoothing and an LSTM network17.

Recent work has explored embedding statistical signals directly into ML pipelines not as after ensembles, 
but as input features that guide learning18. However, a critical gap remains: there is limited research on adaptive, 
series-specific statistical priors that are both theoretically grounded and computationally efficient for large scale 
deployment. Moreover, it remains an open question whether complex, specialized architectures such as two 
stage or zero inflated models are necessary when ML regressors are equipped with high quality statistical features 
that already encode demand occurrence and size dynamics.

Recent forecasting literature increasingly emphasizes the role of feature design over model complexity, 
particularly in sparse and noisy settings. Feature-based forecasting and hybrid statistical-machine learning 
approaches have shown that incorporating domain-consistent statistical signals as model inputs can substantially 
improve generalization and stability. Rather than relying solely on raw lagged values, these approaches embed 
structural knowledge of the demand-generating process into features that guide learning.

In the context of intermittent demand, features that explicitly encode demand occurrence and conditional 
size are especially important, as they reflect the underlying renewal structure of the process. The SHOS algorithm 
follows this principle by generating adaptive, series-specific statistical estimates that are subsequently used as 
input features for machine learning models.

This work addresses these gaps by introducing the SHOS algorithm as a feature generation mechanism and 
demonstrating that a single stage regressor, when augmented with SHOS derived signals, achieves performance 
that matches or exceeds more complex alternatives. The results support the hypothesis that, in intermittent 
demand forecasting, feature engineering can supersede architectural complexity.

Feature representation, model complexity, and generalization in modern ML
Recent studies in machine learning increasingly highlight that predictive performance and generalization 
are governed not only by model architecture, but more critically by the quality and structure of feature 
representations. Across engineering, measurement science, geoscience, and risk-assessment applications, hybrid 
learning frameworks that integrate statistically meaningful features, uncertainty modeling, or domain knowledge 
with machine learning have consistently demonstrated improved robustness and interpretability compared to 
purely data-driven approaches19–22.

A growing body of work has shown that explicitly engineered or adaptively learned feature representations 
often combined with ensemble models such as XGBoost or LightGBM can dominate architectural complexity 
in determining model generalization. Several recent studies employing feature importance and explainability 
techniques (e.g., SHAP) have demonstrated that informative features derived from physical insight, entropy 
measures, or statistical priors contribute more significantly to predictive accuracy than increasing model depth 
or complexity23–26. These findings are particularly pronounced in sparse, noisy, or highly nonlinear systems, 
where over-parameterized models tend to suffer from instability and overfitting.

Parallel developments in uncertainty-aware and physics-informed machine learning further reinforce the 
importance of structured representations. Hybrid models incorporating entropy theory, cloud models, or 
physics-guided constraints have been shown to enhance generalization under limited data availability and non-
stationary conditions, emphasizing the limitations of black-box learning in such regimes26–28.

The present study aligns with these emerging directions by prioritizing feature representation over 
architectural innovation. The proposed SHOS framework generates adaptive statistical representations of 
intermittent demand by explicitly modeling demand occurrence probability and conditional demand size. These 
SHOS-derived features encode sparsity, recency, and demand reactivation dynamics in a statistically grounded 
and interpretable manner, enabling improved generalization when used with standard machine learning 
models. Consistent with recent literature, our results demonstrate that representation-centric design can yield 
substantial performance gains without increasing model complexity, particularly in highly intermittent demand 
environments19–22.
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Methodology and experimental setup
This section details the SHOS algorithm, the machine learning frameworks under evaluation, and the experimental 
design used to compare their performance. The overall methodological framework from data preprocessing to 
final performance analysis is illustrated in Fig.  1. The pipeline begins with raw transactional data, which is 
aggregated to a monthly frequency and zero padded to ensure a consistent temporal grid. A comprehensive 
feature engineering process then generates a rich set of predictors, including statistically grounded signals from 
the SHOS algorithm. Finally, a suite of forecasting models is trained using hyperparameters and evaluated via a 
rolling window cross validation protocol that respects temporal order.

Dataset description
The experiments use a large-scale intermittent demand dataset from the automotive aftermarket sector, 
comprising daily dealer part sales transactions from 2022 to 2024. The raw data includes 59 dealers and 7,702 
unique parts, yielding approximately 56,000 active dealer part time series. Due to extreme sparsity at the daily 
level, the data are aggregated to a monthly frequency. To enable consistent feature engineering across all series, 
the monthly data are zero padded over the full date range, resulting in a final dataset of approximately 1.4 million 
observations. This padded dataset preserves the high intermittency of the original data, with a median Average 
Demand Interval (ADI) of 25 and median coefficient of variation squared cv2 of 24 as shown in Fig. 2. The target 
variable is the total monthly part quantity sold (PartQty). Covariates include static part attributes such as price, 
weight, and cube dimensions.

All experimental analyses in this study are conducted on the zero-padded, monthly-aggregated dataset 
described above. The zero-padding step establishes a consistent temporal grid across all dealer-part time series, 
which is a prerequisite for uniform feature engineering, rolling-window cross-validation, and fair comparison 
across models. No results are reported on raw, unpadded transactional data.

The zero-filling of monthly demand series is a statistically meaningful transformation rather than a purely 
engineering-driven choice. In the context of intermittent demand, zero-valued observations explicitly represent 
periods of non-occurrence and therefore carry essential information for modeling demand sparsity and renewal 
dynamics. Treating these periods as missing values would eliminate critical signals required for estimating 
demand occurrence probabilities and bias feature distributions.

Fig. 1.  End-to-end experimental workflow for intermittent demand forecasting, illustrating data 
preprocessing, SHOS feature generation, model training, and rolling-window evaluation.
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Preprocessing and feature engineering
A structured feature engineering pipeline transforms the padded monthly data into a high dimensional feature 
set. The pipeline includes:

 

•	   Temporal features: lagged values of sales quantity up to 12 months, rolling sums and means (3- and 6-month 
windows), count of non-zero periods in the last 6 months, and time elapsed since the last sale.

•	    Algorithmic features: forecasts from Croston’s method4 and the three core outputs of the SHOS algorithm: 
smoothed occurrence probability ( qshos) smoothed conditional size ( zshos), and the SHOS point forecast. 
Crucially, SHOS features are computed using an adaptive smoothing mechanism with sparsity scaling factor 
k = 0.1, and an improved initialization that uses the first three months of data or falls back to the global mean 
of positive demands.

•	    Global and latent features: dealer and part level historical averages, and low rank embeddings (12 dimen-
sions). To strictly preserve temporal integrity and prevent data leakage, the Truncated SVD factorization is 
dynamically recomputed within each cross-validation fold. The dealer part activity matrix is constructed 
exclusively using the training data available in that specific fold, ensuring no future information influences 
the embeddings.  

 
For fairness, baseline ML models are trained on base features only (temporal, global, and latent), while SHOS 

features are reserved for ablation studies.

Forecasting models for comparison
The evaluation includes five machine learning models: LightGBM, XGBoost, ElasticNet, Ridge, and Random 
Forest. Models labeled + SHOS use the full feature set (including SHOS derived features), while baseline variants 
use only base features. Two stage (hurdle) variants are also evaluated, where a LightGBM classifier predicts 
demand occurrence and a separate LightGBM regressor (trained on positive demands with a Tweedie objective) 
predicts conditional size.

All models use fixed, pre optimized hyperparameters, determined through a preliminary hyperparameter 
search using time series cross validation on a validation fold. The final values were then hard coded for all folds 
to ensure consistent and efficient evaluation. The specific parameters used are presented in Table 1.

Gradient boosted models (LightGBM and XGBoost) employ a Tweedie objective to better handle the zero 
inflated and skewed nature of intermittent demand. To independently assess the impact of feature engineering 
and model architecture, the experimental design follows a controlled ablation framework. All forecasting models 
are trained on the same zero-padded dataset using identical cross-validation folds, preprocessing steps, and fixed 
hyperparameters. The only controlled variations are (i) the inclusion or exclusion of SHOS-derived features and 
(ii) the use of a single-stage versus two-stage (hurdle) architecture.

This design ensures that differences in predictive performance can be attributed specifically to feature 
engineering or architectural complexity, rather than to confounding factors such as data preprocessing, 
hyperparameter tuning, or evaluation protocol. Importantly, all evaluation metrics reported in this study are 
computed on the test windows derived from the processed dataset, ensuring a direct correspondence between 
the data preparation steps, the experimental protocol, and the reported results.

Classical intermittent demand forecasting methods such as Croston, SBA, and TSB are not included in the 
primary benchmark comparison. This is because the present study focuses on feature-based learning within 
a supervised machine learning framework operating on zero-padded panel data, where models are trained 
across a large cross-section of series using engineered features. In contrast, classical methods generate direct 
time-series forecasts for individual series and do not naturally produce feature representations compatible with 

Fig. 2.  Empirical distribution of intermittency characteristics (ADI and CV²) across 56,000 active dealer-part 
time series.
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cross-sectional learning or model-based attribution analysis. TSB, in particular, serves as a conceptual basis for 
the proposed SHOS algorithm and is therefore discussed in the methodological section rather than treated as 
a competing baseline. This design choice ensures a fair and internally consistent comparison among models 
operating under the same learning paradigm.

Evaluation protocol and metrics
Model performance is evaluated using a rolling-window cross-validation protocol designed to respect temporal 
ordering and prevent look-ahead bias. In each fold, models are trained on a contiguous historical window 
and evaluated on the immediately following test window, thereby closely simulating real-world deployment 
conditions. All data-dependent transformations including feature scaling and the construction of low-rank 
latent embeddings using truncated singular value decomposition (SVD) are fitted exclusively on the training 
data of each fold and then applied to the corresponding test data. This ensures strict temporal integrity and 
avoids information leakage. Model performance is reported as the mean and standard deviation of evaluation 
metrics computed across all eleven rolling validation folds.

Let yi denote the observed demand and ŷi the corresponding forecast for observation i, with N
representing the total number of observations in the evaluation set and 

′
ydenoting the mean of the observed 

demand. Forecast accuracy is assessed using multiple complementary metrics that capture both absolute and 
relative error characteristics relevant to intermittent demand forecasting.

The Root Mean Squared Error (RMSE) is used to quantify sensitivity to large forecast errors and is particularly 
important for avoiding severe underprediction that can lead to stockouts. It is defined as

	
RMSE =

√
1
N

∑
N
i=1(yi − ŷi)2

.� (1)

The Mean Absolute Error (MAE) measures the average magnitude of forecast errors and provides an intuitive 
measure of typical deviation between predicted and observed demand. It is computed as

	
MAE = 1

N

∑
N
i=1 | yi − ŷi | .� (2)

The coefficient of determination, R2, evaluates the proportion of variance in the observed demand explained by 
the model and serves as a normalized measure of explanatory power. It is given by

	

R2 = 1 −
∑

N
i=1(yi − ŷi)2

∑
N
i=1

(
yi−

′
y
)2 .� (3)

To assess relative forecast accuracy in a volume-weighted manner, the Weighted Mean Absolute Percentage Error 
(WMAPE) is employed. Unlike conventional percentage errors, WMAPE remains well-defined for intermittent 
demand series with frequent zero values. It is defined as

	
WMAPE =

∑
N
i=1 | yi − ŷi |∑

N
i=1 | yi |

× 100%.� (4)

In addition to aggregate accuracy metrics, overfitting is diagnosed by comparing training and test errors across 
validation folds to assess generalization behavior. Model interpretability and feature-level contributions are 

Model Hyperparameter Value

Ridge regression Alpha 0.01

XGBoost

n_estimators 500

max_depth 9

learning_rate 0.05

Subsample 0.8

LightGBM

n_estimators 500

max_depth 9

learning_rate 0.05

num_leaves 31

Hurdle model base regressor LightGBM

SHOS

alpha_base 0.2

beta_base 0.2

Sparsity scaling (k) 0.1

Table 1.  Hyperparameter settings for all evaluated models.
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further examined using SHAP (SHapley Additive exPlanations) analysis, providing insight into the drivers of 
predictive performance.

To reporting aggregate error metrics, statistical significance testing is performed to assess whether observed 
performance differences between competing models are meaningful. Given the paired structure of rolling-
window cross-validation and the non-normal error distributions typical of intermittent demand, the Wilcoxon 
signed-rank test is employed to compare per-fold MAE and WMAPE values between models. All tests are 
conducted at a 5% significance level.

Problem formulation
Following the foundational work on intermittent demand forecasting4,6, a time series of demand {yt}T

t=1 is 
modeled as the product of two latent processes: an occurrence process and a size process. Let yt denote the 
observed demand quantity in period t, with Ot = I (yt > 0) indicating whether a demand event occurred, 
and zt = yt | yt > 0 representing the conditional size. The forecasting objective is to estimate the conditional 
expectation:

	 E [yt+1|Ft] = P (yt+1 > 0|Ft) · E [yt+1|yt+1 > 0, Ft] ,� (5)

where Ft is the information set available up to time t. This work focuses on generating robust, series-specific 
estimates of these two components and incorporating them as features into machine learning models. In this 
formulation, the forecasting objective is to estimate the conditional expectation of demand given the information 
set Ft−1, which includes all historical demand observations and available covariates up to time t − 1.

The SHOS algorithm: adaptive statistical priors
The SHOS (Smoothed Hybrid Occurrence Size) algorithm is an adaptive statistical feature-generation 
framework designed to operate robustly under extreme demand intermittency, where time series are dominated 
by long sequences of zero demand punctuated by sporadic, irregular non-zero observations. The algorithm 
decomposes intermittent demand into two latent components estimated at each time step: the probability 
of demand occurrence and the conditional demand size given that demand occurs. This formulation allows 
SHOS to update continuously over time, including during prolonged zero-demand periods, which is essential 
for maintaining stable estimates in highly sparse demand environments. The overall logical flow of the SHOS 
algorithm is illustrated in Fig. 3. The SHOS algorithm explicitly leverages zero-filled observations as informative 
indicators of demand non-occurrence, enabling continuous updating of occurrence probability during inactivity 
periods and ensuring statistically consistent estimation under extreme sparsity.
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Fig. 3.  Algorithmic flow of the SHOS framework, illustrating adaptive smoothing, recency adjustment, and 
occurrence-size updates.
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Input: Demand series { } ; base smoothing parameters , ∈ (0,1); sparsity 

scaling factor [0,1]; recency window ; cap , ∈ (0,1]. 

Output: SHOS features { , ̂ , } . 

1. Compute demand indicator: for all , set ( > 0). 

2. Compute series sparsity: 

sparsity ← 1 −
1

. 

 3. Set sparsity-adaptive smoothing: 

(1 sparsity), (1 sparsity). 

Initialize and ̂ : compute from the first three periods if sufficient positive observations 

exist; otherwise set to the empirical occurrence rate in the initialization window and ̂ to the 

global mean of positive demands (computed on the training data of the fold). 

4. For = 1,2, … , do: 

1. Recency-aware boost (optional): let be the number of periods since the most 

recent positive demand. If , set 

← ( nim , ), ← ( nim , ); 

otherwise set and . 

2. Update occurrence probability: 

 + (1 ) , 

with defined from the initialization window. 

3. Update conditional size: 

̂
 + (1 ) ̂ , if > 0,

̂ , if = 0,
 

with defined from the initialization window. 

4. Compute SHOS point forecast: 

̂ . 

Return { , ̂ , } . 

Algorithm.  SHOS feature-generation procedure.

Note: In the rolling-window cross-validation protocol, all statistics required for initialization (e.g., global 
mean of positive demands) are computed using only the training window of the corresponding fold to avoid 
leakage.

Let yt denote the observed demand quantity at time period t, and let It = 1(yt > 0)be a binary indicator 
that equals 1 when demand occurs and 0 otherwise. SHOS maintains a smoothed estimate of the probability of 
demand occurrence, denoted by q̂t, and a smoothed estimate of the conditional demand size, denoted by ẑt. 
The SHOS point forecast of expected demand is given by ŷt = q̂t · ẑt.
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Smoothed occurrence probability and conditional size
In highly intermittent demand series, naive estimators of occurrence probability and demand magnitude are 
often unstable or unresponsive due to the dominance of zero observations. SHOS mitigates this issue by explicitly 
updating the demand occurrence probability at every time step, including periods with zero demand. This 
ensures that the estimated occurrence probability decays gradually during inactivity rather than remaining fixed, 
thereby preventing persistent overestimation following isolated demand events. The occurrence probability is 
updated using exponential smoothing as

	 q̂t = β · It−1 + (1 − β ) · q̂t−1,� (6)

where β ∈ (0,1)is the smoothing parameter controlling the responsiveness of the occurrence estimate. The 
conditional demand size ẑtis updated only when a positive demand is observed, thereby avoiding contamination 
of magnitude estimates by zero-demand periods. Specifically, the update rule is defined as

	
ẑt =

{
α · yt−1 + (1 − α ) · ẑt−1, if yt−1 > 0,

ẑt−1, if yt−1 = 0,
� (7)

where α ∈ (0,1) is the smoothing parameter for the conditional size process. By separating the update 
mechanisms for occurrence and size, SHOS ensures that magnitude estimates remain statistically meaningful 
even when non-zero observations are rare.

Adaptive smoothing, sparsity handling, and initialization
To further stabilize estimation under anomalous intermittent demand patterns, SHOS employs sparsity-adaptive 
smoothing. Series-specific sparsity is quantified using the proportion of zero-demand periods over the observed 
horizon T , defined as

	
sparsity = 1 − 1

T

∑
T
t=1I(yt > 0).� (8)

The effective smoothing parameters are dynamically adjusted as a function of this sparsity measure according to

	 α = α base · (1 − k · sparsity), β = β base · (1 − k · sparsity),� (9)

where α baseand β baseare base smoothing values and kis a sparsity scaling factor controlling the strength of 
adaptation. In this study, α base = β base = 0.2and k = 0.1, which provides stronger smoothing for highly 
sparse series while preserving responsiveness for less intermittent ones.

To evaluate the sensitivity of SHOS to the sparsity scaling factor k, a sensitivity analysis was conducted over 
a wide range k ∈ [0.1,0.9]. The mean MAE values obtained for representative kvalues are 0.6647 ( k = 0.1), 
0.6654 ( k = 0.3), 0.6657 ( k = 0.5), 0.6611 ( k = 0.7), and 0.6665 ( k = 0.9). The maximum relative variation 
in MAE across this range is only 0.81%, indicating that SHOS performance is highly robust to the choice of 
k. Based on this analysis, k = 0.1 is adopted in this study as it provides stable smoothing while maintaining 
responsiveness to demand reactivation.

To improve robustness in short or extremely sparse series, SHOS employs a conservative initialization 
strategy. Initial estimates q̂0and ẑ0are computed from the first three observed periods when sufficient positive 
demand exists; otherwise, they default to the global mean of positive demand across the dataset. In addition, 
a recency-aware adjustment mechanism temporarily increases the effective smoothing weights (subject to an 
upper bound of 0.9) when demand occurs after an extended zero-demand run. This allows SHOS to respond 
rapidly to genuine demand reactivation without destabilizing long-term estimates.

SHOS versus TSB: bias mitigation and adaptivity
Although SHOS and the Teunter-Syntetos-Babai (TSB) method shares a common conceptual foundation 
by modeling demand as the product of an occurrence probability and a conditional size, their estimation 
mechanisms differ fundamentally. In TSB, both components are updated using fixed exponential smoothing 
parameters, implicitly assuming homogeneous intermittency and stationarity across all series. While effective 
under moderate intermittency, this assumption can lead to delayed responsiveness and variance-induced bias in 
highly sparse or non-stationary demand environments.

SHOS addresses these limitations by introducing sparsity-adaptive smoothing, whereby the degree of 
smoothing is dynamically scaled according to series-specific intermittency. This reduces overreaction to isolated 
demand events in highly sparse series while maintaining responsiveness in less intermittent ones. Furthermore, 
the recency-sensitive adjustment mechanism enables SHOS to adapt more rapidly than TSB when demand 
reappears after prolonged inactivity, mitigating the delayed-response bias commonly observed in fixed-
parameter smoothing approaches29.

Finally, the robust initialization strategy employed by SHOS stabilizes early estimates in short or highly 
intermittent series, further reducing estimation bias relative to classical methods. Collectively, these mechanisms 
enable SHOS to generate stable, informative, and adaptive estimates of demand occurrence probability and 
conditional size, making it particularly well suited for feature generation in anomalous intermittent demand 
scenarios.
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Machine learning frameworks
To systematically examine the relative importance of feature representation versus model architectural 
complexity, two machine learning frameworks are evaluated. Both frameworks use the raw monthly demand 
quantity (PartQty) as the prediction target and operate under identical data preprocessing, feature construction, 
and evaluation protocols. All models are trained using pre-tuned hyperparameters obtained from the initial 
tuning stage to ensure a fair and controlled comparison.

Importantly, the outputs of the SHOS algorithm namely the estimated demand occurrence probability qshos
and conditional demand size zshos, are incorporated exclusively as input features in both frameworks. No hybrid 
or transformed target variables are introduced, ensuring that any observed performance differences arise solely 
from feature augmentation rather than changes to the prediction objective.

Single-stage regressor (+ SHOS)
In the single-stage framework, a LightGBM regressor is trained directly on the full feature set, which includes 
SHOS-derived features, temporal lag features, intermittency indicators, learned embeddings, and static part 
and dealer attributes. The model produces a direct estimate of expected demand for each time period. This 
framework serves as the primary benchmark for evaluating the effectiveness of SHOS-based feature engineering 
in a standard supervised learning setting, without introducing additional architectural complexity.

Two-stage hurdle model (+ SHOS)
The two-stage hurdle framework adopts a decomposed modeling strategy that explicitly separates demand 
occurrence and demand magnitude. It consists of two sequential components:

•	 Stage 1 (occurrence model): a LightGBM classifier estimates the probability of observing non-zero demand, 
P (yt > 0), using the full base feature set augmented with the SHOS occurrence prior qshos.

•	 Stage 2 (conditional size model): a LightGBM regressor with a Tweedie objective predicts the expected de-
mand quantity yt | yt > 0, using the same base features augmented with the SHOS conditional size estimate 
zshos.

The final demand forecast is obtained by multiplying the outputs of the two stages, yielding an estimate of 
expected demand that accounts for both occurrence likelihood and conditional magnitude30. The overall 
modeling pipeline for this two-stage framework is illustrated in Fig. 4.

Results and discussions
The results presented in this section follow directly from the experimental protocol described in Sect. 3. All 
models are trained and evaluated on the same zero-padded, monthly-aggregated automotive aftermarket dataset 
using an identical rolling-window cross-validation framework. This dataset comprises approximately 1.4 million 
monthly observations derived from 56,000 dealer-part time series. By holding the data selection, preprocessing, 
feature construction, and evaluation protocol constant across all experiments, any observed differences in 
forecasting performance can be attributed solely to variations in feature sets or model architectures. Within 
this controlled setting, we compare the predictive performance of machine-learning models augmented with 
SHOS-derived features against a suite of baseline machine-learning approaches, thereby providing a rigorous 
empirical assessment of the contribution of statistically grounded feature engineering under extreme demand 
intermittency.

Quantitative comparison of all forecasting models
The complete performance results are presented in Table  2. Models augmented with SHOS features achieve 
substantially lower error than all ML baselines. The single stage + SHOS model achieves a mean R² of 
0.8430 ± 0.0460, MAE of 0.0712 ± 0.0028, and WMAPE of 20.39% ± 0.57%. The proposed model achieves a 
substantial reduction in MAE compared to the baseline, computed as (0.1417 − 0.0712)/0.1417 ≈ 49.75%, 
which corresponds to an approximately 50% improvement.

The two stage Hurdle_SHOS model achieves comparable performance (MAE = 0.0701, R² = 0.8186), 
confirming that architectural complexity provides no consistent advantage when high quality SHOS features 
are available.

Fig. 4.  Two-stage hurdle model architecture illustrating separate demand-occurrence classification and 
conditional-quantity regression with optional SHOS feature integration.
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To ensure low error rates were not artifacts of sparsity, we benchmarked against a ‘Naive Zero baseline. The 
naive strategy failed to capture variance ( R2 = -0.0176, MAE = 0.3492), whereas the + SHOS model achieved 
an R2of 0.8430 and an MAE of 0.0712 an 80% error reduction. This confirms the model successfully captures 
genuine demand signals rather than merely exploiting the target’s zero inflation31.

To assess the statistical significance of the performance difference between the single-stage SHOS model and 
the two-stage hurdle structure, a Wilcoxon signed-rank test was applied to per-fold MAE and WMAPE values 
across the 11 rolling validation folds. The test results indicate statistically significant differences for both metrics 
(MAE: W = 0.0, p = 0.00098; WMAPE: W = 0.0, p = 0.00098) are presented in Table  3. This finding 
confirms that the single-stage SHOS model consistently outperforms the hurdle-based formulation under the 
evaluated experimental setting.

Fig. 5.  Comparison of absolute forecasting error metrics (MAE and RMSE) across models, reported as 
mean ± standard deviation over rolling validation folds.

 

Metric Test Test statistic (W) p-value Significance (α = 0.05)

MAE Wilcoxon signed-rank 0.0 0.00098 Significant

WMAPE Wilcoxon signed-rank 0.0 0.00098 Significant

Table 3.  Statistical significance testing between SHOS and hurdle models.

 

Model MAE RMSE MAPE (%) WMAPE (%) R2  Score

SHOS 0.0712 ± 0.0028 1.0310 ± 0.1416 17.73 ± 0.47 20.39 ± 0.57 0.8430 ± 0.0460

Hurdle_SHOS 0.0701 ± 0.0023 1.1136 ± 0.1102 16.84 ± 0.44 20.10 ± 0.47 0.8186 ± 0.0413

Hurdle_baseline 0.1341 ± 0.0050 1.2911 ± 0.0934 37.91 ± 1.29 38.41 ± 0.71 0.7577 ± 0.0379

LightGBM 0.1326 ± 0.0046 1.2900 ± 0.1079 38.25 ± 1.20 38.00 ± 0.68 0.7578 ± 0.0418

XGBoost 0.1413 ± 0.0045 1.3960 ± 0.1074 40.41 ± 1.37 40.49 ± 1.26 0.7156 ± 0.0494

Random forest 0.1364 ± 0.0046 1.3411 ± 0.1057 40.28 ± 1.54 39.08 ± 1.03 0.7377 ± 0.0484

Ridge 0.3439 ± 0.0134 1.5101 ± 0.1161 69.99 ± 0.61 98.57 ± 4.28 0.6685 ± 0.0535

ElasticNet 0.3439 ± 0.0134 1.5101 ± 0.1160 70.00 ± 0.61 98.59 ± 4.26 0.6685 ± 0.0535

Naive zero 0.3492 ± 0.0137 2.6557 ± 0.0643 - 100.00 ± 0.00 -0.0176 ± 0.0014

Table 2.  Comparative performance of machine learning models (Mean ± Std). MAPE is undefined for the 
Naive Zero model due to zero actual demand values, rendering percentage error metrics meaningless.
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Visual analysis of model performance
To visually synthesize the key findings, a series of plots were generated. Figure 5 shows a grouped bar chart 
of the absolute error metrics (RMSE and MAE). The + SHOS model achieves the lowest average error. Error 
bars indicate the standard deviation across rolling validation folds and highlight performance stability. Figure 6 
compares percentage-based metrics (WMAPE and MAPE). WMAPE is volume-weighted and is therefore 
especially relevant for supply chain decision-making. The + SHOS model performs best on this metric.

Component analysis
To isolate the sources of performance improvement, we conducted a controlled component (ablation) analysis. 
We compare models that differ in only one factor at a time. This allows performance differences to be attributed 
directly to feature design or architecture. Table 4 presents a feature-controlled comparison between a baseline 
LightGBM regressor and the same model augmented with SHOS-derived features. Since model architecture, 
hyperparameters, training data, and evaluation protocol are identical, the substantial reduction in MAE (≈ 50%) 
and RMSE (> 28%) can be directly attributed to the inclusion of SHOS features. This confirms that feature 
engineering alone accounts for the majority of the observed performance gain.

The Table  5 isolates the effect of architectural complexity by comparing a single-stage regressor and a 
two-stage hurdle architecture trained on the same SHOS-enhanced feature set. The comparable performance 
across MAE, WMAPE, and R² demonstrates that increasing architectural complexity provides no consistent 
advantage once statistically grounded SHOS features are available. This result validates that the primary driver 
of performance is feature quality rather than architectural decomposition.

The conclusion regarding architectural complexity is based on a controlled comparison between single-
stage and two-stage forecasting frameworks trained on identical data, using the same feature representations, 

Model Name R² score RMSE MAE

Hurdle_SHOS 0.8186 1.1136 0.0701

+SHOS 0.843 1.031 0.0712

Table 5.  Component analysis: impact of architectural complexity.

 

Model Name R² score RMSE MAE

Baseline 0.7279 1.3657 0.1417

+SHOS 0.843 1.031 0.0712

Table 4.  Component analysis: impact of SHOS Features.

 

Fig. 6.  Comparison of percentage-based forecasting error metrics (MAPE and WMAPE) across models, 
reported as mean ± standard deviation over rolling validation folds.
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hyperparameter settings, and rolling-window evaluation protocol. Under these controlled conditions, the two-
stage hurdle architecture does not provide a performance advantage over the single-stage SHOS-enhanced 
model. Statistical significance testing using the Wilcoxon signed-rank test further confirms that the performance 
differences are consistent and not attributable to random variation. These results indicate that, once statistically 
grounded SHOS features are incorporated, additional architectural complexity does not yield meaningful gains 
within the evaluated setting.

Overfitting diagnosis
To assess generalization, a diagnostic comparison of training and test performance was performed. Figure 7 
shows a bar chart comparing the mean MAE on the training set versus the test set for each model. The top-
performing models show only a small gap between train and test MAE. For + SHOS the difference is + 0.0212, 
and for Hurdle_SHOS it is + 0.0335. Models without SHOS priors (e.g., XGBoost and Random Forest) show 
larger gaps (+ 0.06–0.07), suggesting stronger overfitting. These results indicate that SHOS features regularize 
learning and improve out-of-sample generalization.

Although the experimental evaluation in this study is conducted using a large-scale automotive aftermarket 
spare parts dataset, the proposed SHOS framework is not domain-specific. SHOS is designed to model core 
properties of intermittent demand such as high sparsity, irregular demand occurrence, and variable conditional 
demand size which are commonly observed in other application domains, including aerospace and defense 
spare parts, industrial maintenance inventories, healthcare consumables, and slow-moving retail items32. As the 
framework operates on aggregated demand histories and does not rely on domain-specific covariates, it can be 
readily transferred to other settings where intermittent demand is prevalent. Nevertheless, empirical validation 
in additional domains and under different temporal aggregation schemes remains an important direction for 
future work.

Diagnostic analysis of the top models
A diagnostic analysis of the top performing models was performed to assess their predictive behaviour. Figure 8 
show scatter plots of predicted versus actual values for the first rolling validation fold for the baseline LightGBM 
and the + SHOS model, respectively. The points for both models are tightly clustered around the diagonal y = x 
line, indicating strong calibration and the absence of significant systematic bias. The + SHOS model demonstrates 
superior alignment with the true demand, as evidenced by its higher R² = 0.86 compared to the baseline R² = 
0.813.

SHAP based interpretability analysis
To understand the drivers of predictive performance, SHAP (SHapley Additive exPlanations) analysis was 
performed on the all models. Figure 9 shows the global feature importance plot, where each point represents 
a SHAP value for a feature in a single prediction. The analysis reveals that the SHOS derived features 
q_shos (occurrence probability) and z_shos (conditional size) rank among the top three most important 

features globally, confirming their critical role in guiding the model’s forecasts. This provides direct empirical 
support for the efficacy of the SHOS algorithm as a feature generator.

Fig. 7.  Overfitting diagnosis across models based on train-test MAE comparison, where positive gaps indicate 
reduced generalization performance.
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The SHAP-based analysis provides further evidence for this interpretation. While conventional features such 
as recent lags, rolling averages, and static attributes contribute to model performance, SHOS-derived occurrence 
probability and conditional size consistently rank among the most influential predictors across models. This 
indicates that the benefit of SHOS features arises from their alignment with the underlying intermittent demand 
structure, rather than from arbitrary feature proliferation. Together, the ablation results and interpretability 
analysis form a systematic comparative evaluation, demonstrating that statistically grounded, domain-consistent 
features play a dominant role in stabilizing and improving forecasts under extreme intermittency.

Beyond indicating global feature importance, the SHAP analysis provides direct insight into the model’s 
decision-making process. The SHOS-derived occurrence probability and conditional size features consistently 
exhibit the largest absolute SHAP values, indicating that they contribute most strongly to individual predictions. 

Fig. 9.  Global feature importance based on mean absolute SHAP values aggregated across forecasting models.

 

Fig. 8.  Predicted versus actual demand values for the SHOS-enhanced single-stage model (+ SHOS) and the 
LightGBM baseline, illustrating calibration and bias under intermittent demand.
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This demonstrates that the model does not merely use SHOS features as auxiliary signals, but instead relies on 
them as primary drivers when forming demand estimates.

Positive SHAP values for the SHOS occurrence probability correspond to increased predicted demand during 
periods of recent activity, while negative contributions suppress predictions during extended zero-demand 
regimes. Similarly, the SHOS conditional size feature governs the magnitude of forecasts once demand is deemed 
likely, allowing the model to decouple whether demand will occur from how much demand is expected.

The Fig.  10 provides a side-by-side comparison of feature importance for the baseline LightGBM model 
(using base features only) and the + SHOS model (using full features). In the baseline model, static features like 
dealer price dominate, while in the + SHOS model, the SHOS features q_shos and z_shos become central, 
highlighting the shift in the model’s decision-making process when provided with statistically grounded signals.

A representative case illustrates this behavior. For a highly intermittent dealer-part series characterized by 
long zero-demand runs, the baseline LightGBM model relies primarily on static features and recent lag values, 
often producing noisy or unstable predictions. In contrast, the + SHOS model first anchors its forecast using 
a low SHOS occurrence probability during inactivity, effectively dampening spurious demand signals. When 
demand reappears after prolonged inactivity, the recency-adjusted SHOS occurrence probability increases 
sharply, resulting in a corresponding positive SHAP contribution that elevates the forecast in a controlled 
manner. The SHOS conditional size feature then determines the forecast magnitude, preventing overreaction to 
isolated demand spikes.

This behavior confirms that SHOS features act as statistically grounded priors that shape the model’s response 
to sparse and irregular demand patterns, rather than merely improving performance through indirect correlation 
effects.

The SHAP analysis for the hurdle models further illustrates this effect. As shown in Fig. 11, for the occurrence 
classifier in the Hurdle_SHOS model, q_shos is a key input, while for the quantity regressor, z_shos is the 
dominant feature. This confirms that the two-stage architecture leverages the SHOS priors effectively but does 
not surpass the simpler single stage model in overall performance.

From a process-level perspective, the effectiveness of the SHOS framework can be explained by the physical 
nature of intermittent demand generation in supply chains. Demand for slow-moving spare parts is typically 
driven by discrete operational events such as equipment failure, scheduled maintenance, or delayed replacement 
cycles, rather than continuous consumption. This results in long periods of inactivity punctuated by irregular 
demand events with highly variable magnitudes. SHOS explicitly models this mechanism by decoupling 
demand occurrence from conditional demand size and allowing both components to evolve adaptively over 
time. By doing so, SHOS-derived features encode latent demand readiness and reactivation dynamics that are 
not directly observable from raw demand histories. These features provide machine learning models with a 
physically meaningful representation of the underlying demand-generating process, explaining why improved 
generalization is achieved without increasing architectural complexity33.

The dominance of statistically grounded feature engineering
The performance gains observed with SHOS-enhanced models should be interpreted in the context of systematic 
feature comparison rather than as an inherent dominance of a specific feature set. The central question addressed 
in this study is not whether SHOS features are universally superior, but whether features that encode the structural 
properties of intermittent demand provide more informative signals than generic lag-based or static covariates. 
This question is evaluated through controlled ablation experiments, where identical models are trained with and 
without SHOS-derived features, and through interpretability analysis that reveals how different feature groups 
contribute to predictions.

The most significant finding of this study is the dramatic performance improvement achieved by integrating 
SHOS derived priors into a standard machine learning framework. The comparison between the baseline 

Fig. 10.  Comparison of SHAP-based feature importance for the baseline LightGBM model and the SHOS-
enhanced model (+ SHOS).
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LightGBM Regressor (MAE = 0.1417, RMSE = 1.3657) and the + SHOS model (MAE = 0.0712, RMSE = 1.0310) 
demonstrates that the core of the predictive power comes not from architectural novelty, but from providing the 
machine learning model with a stable, statistically grounded signal of the underlying demand pattern a concept 
aligned with recent advances in feature based forecast combination18.

The SHOS algorithm effectively acts as a denoising and signal processing layer. While a standard ML model 
struggles to learn from the raw, sparse, and noisy time series9, the SHOS features provide robust, adaptive 
estimates of demand occurrence probability qshos and conditional size ( zshos) The machine learning model can 
then learn nuanced, nonlinear adjustments to this statistical prior using rich temporal and static features. This 
synergy where SHOS supplies a strong baseline and the ML model captures residual signal is the primary driver 
of the observed performance gains.

This insight is empirically validated by SHAP analysis (Fig. 9), which shows that qshos and zshos rank among 
the top three most important features globally, confirming their central role in the model’s decision-making 
process.

The case for simplicity: feature quality over architectural complexity
This study’s second critical insight emerges from the comparison between the + SHOS model and the more 
complex Hurdle_SHOS architecture. The results show that the simpler single stage regressor achieves comparable 
or slightly better performance on key operational metrics: MAE (0.0712 vs. 0.0701), WMAPE (20.39% vs. 
20.10%), and R² (0.8430 vs. 0.8186). Although the Hurdle model has a marginally lower MAE, the + SHOS 
model achieves a higher R² and demonstrates superior calibration (R = 0.860 vs. lower for Hurdle variants), 
indicating better variance capture.

This finding challenges the assumption that specialized, multi stage architectures such as zero inflated or 
hurdle models34,35 are inherently superior for intermittent demand. A likely explanation is the avoidance of error 
propagation in the two-stage framework, miscalibration in the occurrence classifier directly compounds in the 
final forecast. In contrast, the single stage model learns a direct, end to end mapping from features including 
SHOS priors to expected demand, resulting in greater robustness. Importantly, these conclusions are not based on 
isolated model comparisons but on controlled ablation experiments that independently vary feature engineering 
and architectural complexity. This structured evaluation supports the central claim that, for intermittent demand 
forecasting, high-quality statistically grounded features dominate the choice of model architecture.

These results strongly support the principle of parsimony: when equipped with high quality statistical 
features, a simple architecture not only matches but often exceeds the performance of more complex alternatives.

Practical implications for inventory management
From a practical point of view, the performance of the + SHOS model in error metrics such as RMSE and MAE 
is critical for supply chain operations. Forecast errors in intermittent demand contexts are highly asymmetric36: 
under prediction causes stockouts and lost sales3, while over prediction leads to obsolescence and holding costs6. 

Fig. 11.  SHAP-based feature importance for two-stage hurdle model components, comparing occurrence 
classification and conditional quantity regression with and without SHOS features.

 

Scientific Reports |         (2026) 16:4792 17| https://doi.org/10.1038/s41598-026-35197-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


The + SHOS model’s low MAE and tight error distribution confirmed by scatter plots showing strong alignment 
with actuals (Fig. 8) indicate it is both accurate and reliable, providing the statistical foundation necessary to 
minimize costly deviations.

Furthermore, the model’s simplicity enhances deplorability. A single stage LightGBM regressor is easier to 
train, maintain, monitor, and explain to stakeholders than a multi component pipeline. This makes the proposed 
methodology not only accuracy but also practical for real world implementation in large scale automotive supply 
chains. Finally, overfitting diagnostics confirm that the model generalizes well indicating robust out of sample 
performance essential for dynamic inventory planning under uncertainty37.

While the empirical evaluation in this study is conducted on an automotive aftermarket spare-parts dataset, 
this setting represents a prototypical intermittent demand environment characterized by extreme sparsity, 
long inactivity periods, and irregular demand reactivation. As such, it provides a rigorous testbed for assessing 
forecasting methods under challenging intermittency conditions. Nevertheless, the reported results should be 
interpreted within the scope of this domain, and direct extrapolation to other industries should be made with 
appropriate caution.

The reliance on fully zero-filled monthly panel data has important statistical implications. Zero-filling 
establishes a regular temporal structure that allows for consistent feature construction, rolling-window 
validation, and fair model comparison. However, it also encodes a specific assumption regarding the demand-
generating process namely that periods without transactions correspond to true demand absence rather 
than censored or unobserved events. While this assumption is standard in intermittent demand forecasting, 
alternative representations based on irregular-time or event-driven modeling may lead to different conclusions 
and warrant further investigation.

The conclusions drawn in this study should be interpreted within the scope of the evaluated dataset, 
temporal aggregation level, and modelling framework. While the results demonstrate that statistically grounded 
feature representations dominate architectural complexity in the present setting, alternative feature designs, 
hyperparameter optimization strategies, or evaluation protocols may influence outcomes under different 
conditions. In this study, hyperparameter tuning, preprocessing, and evaluation procedures are held constant 
across models to isolate the effects of feature representation and architectural structure.

Beyond performance improvements, the present study reveals a notable and study-specific phenomenon in 
intermittent demand forecasting: once demand sparsity and occurrence dynamics are explicitly captured through 
statistically grounded features, additional architectural complexity offers limited marginal benefit. Despite the 
widespread assumption that multi-stage or hurdle-based structures are necessary to model intermittent demand, 
our results demonstrate that a single-stage learning framework enriched with SHOS-derived features can more 
effectively internalize demand occurrence and magnitude information. This finding highlights the dominant 
role of representation quality over structural complexity in large-scale intermittent demand forecasting.

Conclusions
Forecasting intermittent demand remains a persistent challenge in large-scale supply chains due to extreme 
sparsity, long zero-demand periods, and irregular demand reactivation. In this study, we investigated whether 
improvements in forecasting performance arise primarily from increasing model architectural complexity or 
from incorporating statistically grounded, domain-consistent features. To this end, we introduced the SHOS 
(Smoothed Hybrid Occurrence Size) algorithm as an adaptive feature-generation mechanism and evaluated its 
effectiveness within a large-scale automotive aftermarket spare-parts dataset. The key findings of this study can 
be summarized as follows:

	1.	 Statistically grounded feature engineering is the dominant driver of performance.
	2.	 Incorporating SHOS-derived features specifically smoothed demand occurrence probability and conditional 

demand size into standard machine learning regressors leads to substantial improvements in forecasting 
accuracy compared to models relying solely on conventional temporal and static features.

	3.	 Adaptive, series-specific priors improve robustness under extreme intermittency.
	4.	 The SHOS algorithm stabilizes learning in highly sparse demand series by dynamically adjusting smoothing 

strength based on series-level intermittency and by incorporating recency-aware updates that enable con-
trolled adaptation when demand reactivates.

	5.	 Architectural complexity provides limited additional benefit once informative features are available. Con-
trolled ablation experiments demonstrate that a single-stage LightGBM regressor augmented with SHOS 
features achieves performance comparable to, or better than, a more complex two-stage hurdle architecture 
trained on the same feature set. This indicates that explicit architectural decomposition is not necessary when 
high-quality statistical features already encode the underlying demand structure.

	6.	 Interpretability analysis confirms the mechanistic role of SHOS features. SHAP-based analysis shows that 
SHOS-derived occurrence probability and conditional size consistently rank among the most influential pre-
dictors, directly shaping model decisions by suppressing spurious predictions during inactivity and guiding 
magnitude estimation when demand occurs.

	7.	 The conclusions are supported within the evaluated intermittent demand context. All empirical results are 
based on a large-scale automotive spare-parts dataset aggregated at a monthly level, which represents a ca-
nonical and operationally relevant example of extreme intermittent demand.

From a practical deployment perspective, the SHOS algorithm is computationally lightweight and introduces 
minimal additional cost beyond standard exponential smoothing operations. The feature-generation process 
operates in linear time with respect to the number of time periods and does not require iterative optimization 
or model retraining, making it suitable for large-scale supply chain systems with tens of thousands of items. 
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SHOS-derived features can be computed offline or incrementally and integrated directly into existing machine 
learning pipelines without modifying downstream model architectures. Implementation constraints are 
therefore primarily related to data availability and aggregation choices rather than computational burden. As 
with other feature-based approaches, the effectiveness of SHOS depends on consistent temporal granularity 
and reliable historical demand records, which are standard in most enterprise resource planning systems. These 
characteristics make SHOS a practical and scalable solution for real-world intermittent demand forecasting 
applications.

While the results clearly demonstrate the effectiveness of SHOS-enhanced feature engineering within the 
studied setting, the findings should be interpreted in the context of the evaluated data characteristics and 
aggregation level. Future work will focus on validating the proposed framework across additional intermittent 
demand domains, such as high-volatility retail and seasonal consumer goods, as well as at alternative temporal 
resolutions. Further extensions include integrating exogenous drivers (e.g., promotions or pricing effects) and 
learning SHOS smoothing parameters in a data-driven or meta-learning framework. Collectively, this study 
highlights that carefully designed, statistically informed features can offer a practical, interpretable, and scalable 
alternative to increasing architectural complexity in intermittent demand forecasting.

Data availability
All the data and material used in this study is available in the manuscript, and further details if required, the 
corresponding author will provide the same, through proper requisition.
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