
Academic Editors: Olga Valenzuela,

Fernando Rojas, Luis Javier Herrera,

Hector Pomares and Ignacio Rojas

Published: 25 July 2025

Citation: Syberg, M.; Polley, L.;

Deuse, J. Evaluating Sales Forecasting

Methods in Make-to-Order

Environments: A Cross-Industry

Benchmark Study. Comput. Sci. Math.

Forum 2025, 11, 1. https://doi.org/

10.3390/cmsf2025011001

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Proceeding Paper

Evaluating Sales Forecasting Methods in Make-to-Order
Environments: A Cross-Industry Benchmark Study †

Marius Syberg 1,*, Lucas Polley 1 and Jochen Deuse 1,2

1 Institute of Production Systems, Technical University Dortmund, Leonhard-Euler-Str. 5,
44227 Dortmund, Germany; lucas.polley@aps.rif-ev.de (L.P.); Jochen.deuse@uts.edu.au (J.D.)

2 Centre for Advanced Manufacturing, University of Technology Sydney, 15 Broadway,
Ultimo, NSW 2007, Australia

* Correspondence: marius.syberg@tu-dortmund.de
† Presented at the 11th International Conference on Time Series and Forecasting, Canaria, Spain, 16–18

July 2025.

Abstract

Sales forecasting in make-to-order (MTO) production is particularly challenging for small-
and medium-sized enterprises (SMEs) due to high product customization, volatile demand,
and limited historical data. This study evaluates the practical feasibility and accuracy
of statistical and machine learning (ML) forecasting methods in MTO settings across
three manufacturing sectors: electrical equipment, steel, and office supplies. A cross-
industry benchmark assesses models such as ARIMA, Holt–Winters, Random Forest,
LSTM, and Facebook Prophet. The evaluation considers error metrics (MAE, RMSE, and
sMAPE) as well as implementation aspects like computational demand and interpretability.
Special attention is given to data sensitivity and technical limitations typical in SMEs. The
findings show that ML models perform well under high volatility and when enriched
with external indicators, but they require significant expertise and resources. In contrast,
simpler statistical methods offer robust performance in more stable or seasonal demand
contexts and are better suited in certain cases. The study emphasizes the importance of
transparency, usability, and trust in forecasting tools and offers actionable recommendations
for selecting a suitable forecasting configuration based on context. By aligning technical
capabilities with operational needs, this research supports more effective decision-making
in data-constrained MTO environments.

Keywords: sales forecasting; make-to-order (MTO) production; small- and medium-sized
enterprises (SMEs); benchmarking; machine learning forecasting; demand volatility

1. Introduction
Sales forecasting in make-to-order (MTO) environments is particularly challenging

for small- and medium-sized enterprises (SMEs). Unlike make-to-stock (MTS) production,
MTO operations are characterized by high product customization and volatile demand,
which conventional planning methods often fail to handle [1].

Recent advancements in digitalization offer extensive data resources through ERP
systems, diverse sales channels, and external sources such as social media and economic
indicators. These data pools provide the potential for enhanced forecasting accuracy.
However, conventional statistical methods typically utilize only limited influencing factors
and are insufficient to handle the complexities associated with data-intensive forecasting
tasks [2].
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To address these challenges, we combined machine learning (ML) methods with
targeted data enrichment to improve sales forecasting in customer-specific MTO settings.
The goal was to develop a data-driven approach that enables SMEs to apply advanced
models despite limited data and infrastructure. This approach aimed to significantly reduce
digital barriers for SMEs [3,4] and facilitate proactive production planning by integrating
diverse internal and external data sources.

Specifically, we leveraged modern ML algorithms such as Long Short-Term Memory
(LSTM) [5] and Gated Recurrent Units (GRUs) [6], which are capable of capturing complex,
nonlinear demand patterns and dependencies within heterogeneous datasets. This allowed
accurate forecasts even under conditions of high demand variability and sporadic order
intake, which are common in SMEs as they often work in a contract-based manner [7].
Additionally, we emphasized transparency and usability in a developed IT tool to ensure
acceptance among users with varying technical expertise, thus promoting digital technology
adoption among SMEs [8].

This paper presents results from a cross-industry benchmark comparing statistical and
ML forecasting methods in three sectors—electrical equipment, steel, and office supplies.
It provides actionable insights into feasibility, accuracy, and resource needs for SMEs in
volatile MTO environments. The subsequent sections of the paper are organized as follows:
Section 2 reviews the relevant literature and the theoretical foundations of forecasting meth-
ods in MTO settings. Section 3 outlines the methodology and benchmarking framework
employed in the PrABCast study. Section 4 presents detailed results, followed by a critical
discussion in Section 5. Finally, Section 6 provides a profound conclusion and outlook.

2. Related Work
2.1. Challenges in Sales Forecasting for SMEs in MTO Environments

SMEs in MTO environments face high product variability, limited historical data, and
volatile demand, making traditional forecasting methods insufficient. At the same time,
resource constraints and limited trust in complex models often hinder the adoption of
advanced forecasting technologies [9].

2.2. Overview of Forecasting Methods

Several forecasting methods have been explored in the literature to address these
challenges. Traditional statistical methods, including ARIMA, SARIMA, and Holt–Winters,
are widely applied due to their interpretability and effectiveness in forecasting stable
and seasonal demand patterns [10]. Machine learning (ML) approaches, particularly tree-
based models like Random Forest, XGBoost, and LightGBM, have demonstrated superior
adaptability to volatile market conditions, achieving strong results in various forecasting
competitions, notably the M4- and M5-Forecasting competitions [11,12]. Neural networks,
specifically Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRUs), have
shown significant potential in capturing complex, nonlinear dependencies within demand
data [13,14]. Additionally, hybrid and ensemble methods combining different forecasting
techniques have exhibited enhanced accuracy compared to standalone models [15,16].
Prophet, developed by Facebook, and Transformer-based models represent emerging
methods suitable for highly seasonal and complex forecasting scenarios. However, their
widespread adoption remains limited [17,18].

2.3. Data Sources for Enhanced Forecasting

Historical sales data serve as the primary foundation for forecasting, supplemented
by sales information from related products and outstanding orders [19,20]. The integration
of external market indicators, including stock market indices, commodity prices, and
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currency exchange rates, can significantly improve forecasting accuracy by providing
early signals of economic changes [20–23]. Economic indicators such as business climate
indices and purchasing managers’ indices (PMIs) also offer valuable insights into future
demand conditions [24–26]. Furthermore, qualitative data sources like expert opinions,
customer sentiments, and marketing analytics can enrich predictive models, providing
context beyond purely quantitative inputs [21]. Other factors such as weather conditions,
holidays, and external crises play critical roles in specific industry sectors, notably retail
and food industries, and should be considered for comprehensive forecasting [23].

2.4. Research Gap and Contribution of This Study

While prior research has extensively compared forecasting methods and the influence
of different data sources on technical grounds such as accuracy, these studies often overlook
practical constraints faced by SMEs, especially in MTO settings. Most evaluations assume
ideal data conditions, perfect model tuning, and unlimited technical resources. In real-
world industrial environments, however, trust, interpretability, ease of use, and robustness
to imperfect data are often more decisive than marginal improvements in accuracy metrics.
This paper addresses this gap by benchmarking classical and machine learning forecasting
techniques not only across metrics, but across dimensions of usability, explainability, and
contextual suitability in real-world MTO settings. The findings aim to support SMEs in
finding the right configuration of forecasting methods and data sources that align with
their operational realities, rather than abstract theoretical optima.

3. Methodology
Sales forecasting in MTO environments is challenged by diverse product configura-

tions, infrequent orders, and limited data. This study uses a two-step empirical approach:
(1) a univariate benchmark across three industries and (2) case studies with multivariate
data enrichment. Beyond accuracy, the focus lies on practical applicability, interpretabil-
ity, and implementation effort. The design balances generalizability and realism, with
univariate models reflecting SME maturity and pilot studies testing the added value of
external indicators.

3.1. Study Design and Benchmarking Approach

The core study involves a cross-industry benchmark of forecasting models conducted
in collaboration with three companies from different manufacturing sectors:

• Company A (High-End Lighting Systems): A global premium manufacturer of light-
ing solutions used in different setups. The company operates internationally with
production and sales locations across Europe, North America, and Asia. Its product
portfolio is characterized by modular systems and long-lifecycle components.

• Company B (Consumer-Grade Durable Goods): A European producer of household
items, known for robust and cost-sensitive product designs. The company serves
both B2B and B2C channels and operates with large product variation and long
product lifecycles.

• Company C (Specialty Metal Distribution): A globally operating metals distributor
focused on high-performance materials for special applications. Its operations are
strongly influenced by raw material market fluctuations, and forecasting is used
primarily to support procurement and inventory strategies.

Each company provided product-level sales data, which was analyzed using a consis-
tent univariate forecasting framework across multiple horizons (1, 3, 6, 12, and 36 months).
Selected products were re-evaluated with multivariate models using external variables.
The benchmark included both statistical and ML methods and was designed to reflect
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industrial conditions—e.g., incomplete data, minimal preprocessing, and limited tuning.
Evaluation considered not only accuracy (MAE, RMSE, and sMAPE), but also robustness,
runtime, complexity, and explainability to ensure practical relevance for SMEs.

3.2. Forecasting Models Evaluated

To reflect varying data availability and technical maturity in SMEs, the benchmark
includes a broad set of forecasting models—ranging from simple statistical to advanced
machine learning methods—grouped into four categories: baseline (Naive and Seasonal
Naive), smoothing-based (Moving Average (MA), Seasonal Exponential Smoothing (SES),
and Holt–Winters (HW)), classical time series (ARIMA, SARIMA, and Prophet), and ma-
chine learning (Random Forest and XGBoost).

All models (see Figure 1) were implemented in Python 3.11 with minimal tuning to
reflect SME constraints. The first step used univariate models based solely on historical
sales. Selected products were later re-evaluated with multivariate models, incorporating
external data and engineered features like lags and seasonality. This setup enabled a broad
comparison of accuracy, robustness, runtime, and usability.

Figure 1. Model overview for benchmark study.

3.3. Evaluation Metrics and Criteria

Model performance was evaluated using MAE, RMSE, and sMAPE, capturing av-
erage, large, and scale-normalized errors. Additionally, runtime, memory usage, and
interpretability were assessed qualitatively, with domain experts judging transparency and
practical usability.

4. Results
4.1. Univariate Benchmark Results

Univariate results across all companies showed very high sMAPE values, often over 100%,
reflecting the forecasting difficulty in MTO settings with volatile and inconsistent demand.
These high errors often stemmed from a few SKUs with catastrophic model failures, distorting
averages. This highlights the need for product-specific model assessment. The analysis
therefore examines (1) average model accuracy and (2) SKU-level robustness. The following
subsections present per-company results, horizon-wise breakdowns, and qualitative insights.

4.1.1. Setup and Scope

The study benchmarked univariate forecasting across three anonymized MTO com-
panies (A: electronics; B: steel; C: lighting) using monthly SKU-level sales data from 2014
to 2023. After cleaning, only SKUs with ≥12 months of data and recent demand were
included. Models included classical statistical methods (Naive, MA, SES, Holt–Winters, and
ARIMA), ML models (RF and XGBoost), and Prophet by using Sklearn, Keras and statsmod-
els. Forecasts were evaluated via rolling-origin validation over five horizons (1–36 months)
using MAE, RMSE, and sMAPE. While all models ran successfully (>900 runs for Company
A), some failed practically on specific SKUs. Each SKU was also classified by demand
pattern to assess robustness.
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4.1.2. Company A—Electronic Equipment
Overview of Forecast Accuracy

Company A’s forecasting results highlight the volatility and structural complexity of
demand in MTO environments, even within a highly engineered and modular product
portfolio. The average forecast accuracy across all models and horizons is relatively low,
with sMAPE values ranging from ~5% in short-term forecasts to over 50% in longer-term
settings. Notably, even simple models such as ARIMA and Naive frequently outperform
more sophisticated methods in both accuracy and consistency. Across all horizons, ARIMA
is the top performer on average, particularly for short-term forecasts, where it achieved
an sMAPE of just 5.01%. MA and Prophet consistently fall behind due to their inability to
adapt to the nuanced contract-driven cycles and demand inflections. Importantly, many
models exhibit signs of structural mismatch rather than data noise—for example, HW
performs poorly even in seasonal settings due to the irregular impact of frame contracts
that introduce pseudo-seasonality not well captured by fixed seasonal periods.

Forecast Performance by Horizon

• One-Month Horizon: Looking at the average MAE and sMAPE, baseline and
smoothing-based models perform well, while XGBoost ranks second among the classi-
cal statistical models.

• Three-Month Horizon: ARIMA performs best on average, but Prophet and Holt–
Winters also close in. The Naive method degrades significantly.

• Six-Month Horizon: The gap between models narrows, and while ARIMA remains
most accurate, MA, HW, and Prophet deliver similar mid-40% values.

• Twelve-Month and Thirty-Six-Month Horizons: All models degrade further. Notably,
HW performs worst in the 12-month horizon, which likely results from unstable
seasonality, sensitivity to short-term noise, and cumulative parameter errors. This
highlights the need to apply seasonal models only when consistent patterns and proper
initialization are ensured.

The overall trend suggests that forecast accuracy erodes predictably with increasing
horizons, but model rankings remain surprisingly stable: ARIMA leads across horizons,
with Prophet and HW fluctuating but never surpassing it (see Figure 2).

Figure 2. Model performance per horizon (MAE) for Company A.
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Key Observations

Company A’s results highlight the key challenges of univariate forecasting in MTO
environments. While ARIMA achieved strong short-term performance (an sMAPE of ~5%
in best cases), forecast quality declined sharply at longer horizons. This drop is largely due
to structural breaks from frame contracts and irregular orders—patterns not captured by
standard time series models. Even models like Holt–Winters and Prophet failed to reflect
the pseudo-seasonality introduced by contract-driven cycles.

The modular and technically sophisticated product portfolio adds to the complexity,
yet no model was able to detect recurring demand impulses tied to these contract dynamics.
This underlines the limits of univariate models for strategic planning: they may support
stable short-term decisions, but they lack sensitivity to external triggers or latent drivers.
For Company A, enriching forecasts with contract calendars, customer-specific patterns, or
macroeconomic indicators is essential for robust mid- and long-term planning.

4.1.3. Company B—Consumer Goods
Overview of Forecast Accuracy

For Company B, forecasting was particularly challenging, with average sMAPE values
exceeding 120% across all horizons. Surprisingly, the best results came from the simplest
models—SES and Seasonal Naive—followed by Moving Average and Random Forest.
More complex methods did not outperform these baselines. SES was especially robust,
with low variance across SKUs, indicating recurring or mean-reverting demand patterns in
parts of the portfolio, well-suited to smoothing-based approaches.

Forecast Performance by Horizon

Across all horizons, SES was the most consistent top performer. While Seasonal
Naive remained competitive at shorter horizons, Random Forest occasionally moved up
to second place at longer horizons. In contrast, XGBoost failed to produce competitive
results at any horizon, suggesting issues with overfitting or instability in this low-data,
high-noise context.

Key Observations

Company B’s results highlight the heterogeneity of MTO sales patterns—even within
a single firm. While simple models like Naive and SES often delivered solid average
performance, product-level analysis revealed that complex models such as ARIMA, Prophet,
or Random Forest occasionally outperformed in SKUs with irregular or nonlinear demand.
This confirms that no model is universally optimal. Rigid, one-size-fits-all pipelines risk
both under- and overfitting. Instead, forecasting strategies should be segmented—tailored
per SKU or product group—and supported by robust evaluation mechanisms. These
findings underscore the need for adaptive model configurations in MTO settings with
diverse product lifecycles and demand drivers.

4.1.4. Company C—Specialty Metal Distribution
Overview of Forecast Accuracy

Company C, active in the distribution of specialty metals for sectors like oil and gas
and aerospace, used sector-level aggregation to manage extreme volatility at the SKU level.
Despite this, demand remained highly erratic. Naive forecasts performed best in nearly
half of all cases, outperforming both statistical and machine learning models. Complex
models like XGBoost or Prophet showed inconsistent results and high error variance. In
contrast, simple models such as SES and Moving Average delivered robust performance,
especially for groups with mean-reverting or cyclical demand.
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Forecast Performance by Horizon

At the 1-month horizon, no model consistently outperforms the others; error levels
remain high, with Naive methods occasionally performing better, indicating short-term au-
tocorrelation. In the 3–6-month range, smoothing methods show improved stability, while
machine learning models exhibit high performance variability. In some niche applications
(e.g., oil and gas), Prophet and XGBoost outperform others clearly in the 12- or 36-month
horizons—but only for select cases. On average, Prophet performs the worst by far. In total,
RF as an ML approach achieves the best results (see Figure 3).

Figure 3. Model performance for 36 months (MAE) for Company C.

Overall, model performance shows no universal trend across horizons, indicating
that horizon length is less important than product-sector characteristics and external
volatility drivers.

Key Observations

Company C’s results highlight the limits of univariate forecasting in volatile, project-
driven environments. Aggregating by target sector improved signal clarity but did not
resolve core unpredictability. Naive models often performed best, reflecting weak learnable
patterns. The sector-based grouping strategy proved valuable and points toward the
need for multivariate models using industry-specific indicators (e.g., commodity prices) to
improve forecastability beyond the scope of historical sales alone.

4.1.5. Cross-Industry Comparison

The cross-comparison reveals a central insight: forecasting performance in MTO envi-
ronments is inherently product- and context-specific. While Naive models were frequently
the best-performing option across all companies, this does not imply general superior-
ity. Instead, their success reflects the lack of exploitable patterns in many demand series
and highlights the limited forecastability of highly volatile or externally driven product
segments.

A key new finding from this benchmark is the model consistency analysis across all
companies: model robustness cannot be assumed even within one company and should be
tested explicitly per use case. From a practical perspective, the results suggest the following:

• No model is universally reliable—model selection must be tailored to each forecast-
ing scenario.
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• For high-volume, high-runner SKUs, classical statistical models such as ARIMA,
MA, or SES often provide competitive and stable results, particularly for short-term
tactical planning.

• However, inconsistent performance and structural volatility in many product groups
indicate the need for a contextual enrichment of forecasts. This includes, e.g., sector-
specific indicators (e.g., commodity prices) and contract-related information.

In summary, this study underscores that effective forecasting in MTO production is
not about finding the “best” model but about configuring the right model for the right
product in the right context. Future forecasting systems should enable modular, adaptive
model configurations, ideally integrating external data sources to enhance signal strength—
especially where historical sales alone are insufficient for reliable planning.

4.2. Experiments with Multivariate Data

While Section 4.1 examined univariate models based solely on historical sales data, this
section evaluates multivariate forecasting using external variables such as macroeconomic
indicators, financial data, and commodity prices. The aim is to assess whether these inputs
enhance accuracy or interpretability, particularly in volatile or data-scarce MTO settings.
Multivariate pilots were conducted with Companies B and C based on data availability
and project relevance. Although Company A was also analyzed, its complexity requires a
separate publication. This section focuses on practical insights from B and C, showcasing
both the potential and limitations of multivariate models in industrial forecasting.

4.2.1. Company B—Consumer Durables with Market Data Integration
Data Sources and Preparation

While no internal variables were available beyond historical sales, external data were
incorporated, including the following:

• Macroeconomic indicators from the FRED database (e.g., inflation, GDP, and unem-
ployment in Germany, the EU, and the USA)

• Financial data from Yahoo Finance (e.g., stock prices of industry peers, ETFs, and
commodity prices potentially influencing production cost)

Correlation and Granger causality analyses revealed some weak-to-moderate signals—
e.g., U.S. consumer stock prices showed minor predictive potential—but overall influence
was limited. This suggests that external indicators may help explain variance, but they are
not strongly causative in this setting.

Modeling and Evaluation

A 6-month forecast was conducted using both univariate and multivariate models. The
best accuracy was achieved by simple univariate models such as SES and Seasonal Naive
(MAE < 30; sMAPE ~1.15%), clearly outperforming multivariate XGBoost (sMAPE ~85%).
However, from an operational viewpoint, the univariate SES model merely produced a
smoothed average, missing short-term dynamics. In contrast, XGBoost captured local
fluctuations clearly but introduced systematic overestimation (bias = +331). While error
metrics penalized this deviation, the model’s ability to track demand curves could support
resource planning. This highlights the trade-off between mean-level stability and temporal
detail, suggesting that model choice must align with the planning purpose (e.g., purchasing
vs. staffing decisions) and the right evaluation metric.
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4.2.2. Company C—Forecasting Under Raw Material Volatility
Data Sources and Preparation

The dataset covered 2020–2024 but was constrained by missing and inconsistent sales
data in 2022 due to IT changes. Forecasting was thus limited to 2023 and 2024. External
variables included the following:

• Base and precious metals (e.g., copper, nickel, and gold);
• Energy commodities (e.g., crude oil and gas);
• Agricultural products (e.g., coffee and wheat).

Correlation and causality analyses identified copper (r = 0.71; p = 0.018) and coffee
(r = 0.65; p = 0.042) as significant predictors—potentially reflecting macroeconomic demand
cycles (see Table 1). This supports the use of sector-relevant indices as early indicators of
sales trends, even if causality is not directly evident.

Table 1. Correlation and causality for Company C.

Index Correlation Granger Causality

Copper 0.710139 0.0184
Coffee 0.652305 0.0421
Cocoa 0.548859 0.0015
Gold 0.622273 0.038

Platinum 0.096302 0.0892

Modeling and Evaluation

Forecasts for a 3-month horizon revealed that multivariate models significantly out-
performed univariate ones:

• XGBoost: sMAPE = 24.4%.
• LSTM: sMAPE = 13.8%.
• SARIMA/Holt–Winters: sMAPE = 77.3%/82.8%.

The large Q4 2023 spike followed by a sharp drop in 2024 was captured only by the
ML models. This underlines their potential to exploit nonlinear relationships, especially
when sales data alone offer limited structure.

Practical Impact

Company C perceived the analysis as valuable, particularly for highlighting hidden
dependencies. Beyond predictive power, the pilot positively influenced the company’s
openness to AI-based forecasting and emphasized the role of exploratory correlation analy-
sis as a low-threshold entry point. The methodology will be used to support qualitative
strategic forecasting with quantitative data.

5. Discussion
This benchmark study underscores the complexity of sales forecasting in MTO envi-

ronments. Forecast accuracy proved to be highly context-dependent, influenced by time
series structure, planning goals, forecast horizon, and data availability. No single model
consistently outperformed across companies, product groups, and evaluation metrics.

These findings argue against universal forecasting pipelines and in favor of segment-
specific configurations. Even within the same company, some SKUs benefited from ad-
vanced models, while others performed best with statistical baselines. This highlights the
need for automated approaches that assign suitable models based on product characteristics
rather than relying on average performance metrics.
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Interpretability and operational usability also play a crucial role. While machine
learning models like XGBoost and Random Forest demonstrated potential, their complexity
and sensitivity to noise often reduced trust—especially in low-data environments. In
contrast, simpler statistical models such as SES, ARIMA, and Moving Average offered
greater transparency and ease of integration.

Multivariate approaches only proved valuable when external indicators were causally
and temporally aligned with internal demand. In Company C, such data led to clear
improvements; in Company B, the effect was limited and required refinement. Where
relevant data is available, model tuning—particularly hyperparameter optimization—is
essential to unlock performance potential. These insights suggest a structured forecasting
process: starting with the identification of relevant data sources, followed by definition of
the planning task, horizon, and evaluation metric; narrowing down suitable model classes;
and concluding with rigorous model comparison and tuning. Overall, the study supports
the development of adaptive, interpretable, and context-aware forecasting systems that
prioritize robustness and usability over marginal accuracy gains.

6. Conclusions and Outlook
This study demonstrates that effective sales forecasting in MTO environments depends

on tailored configurations rather than universally superior models. Simple statistical
approaches often outperformed complex models in terms of robustness and usability,
particularly in short-term or low-data contexts. Machine learning methods only proved
beneficial when external drivers were clearly linked to demand. These findings call for
modular forecasting systems that adapt to specific planning tasks, product characteristics,
and data availability.
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