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Abstract

The Brazilian craft beer market has experienced continuous growth, increasing operational
challenges for small- and medium-sized breweries that frequently rely on empirical and
spreadsheet-based production routines. These practices often lead to inefficient resource
allocation, production instability, and sustainability concerns. This study proposes an inte-
grated analytical framework combining Machine Learning (ML) and Operations Research
(OR) to improve demand forecasting and production planning. The methodology is based
on a synthetic dataset calibrated to the operational conditions of a Brasília-based craft brew-
ery, incorporating realistic demand patterns such as seasonality, trend, and intermittency
across multiple SKUs over an 18-month horizon. Forecasting models—including Moving
Average, Single Exponential Smoothing, and a global ML-based proxy—were evaluated
using rolling-origin validation. The resulting probabilistic forecasts were integrated into a
capacity-constrained optimization model based on linear programming, extended with risk-
aware decision-making using Conditional Value-at-Risk (CVaR). The results indicate that
the ML-based approach achieved competitive forecasting performance (sMAPE = 5.83%
and MAE = 11.76) while enabling the generation of capacity-feasible and risk-aware produc-
tion plans aligned with service-level targets. The integration of probabilistic forecasts into
the optimization model allowed explicit trade-offs between cost, service level, and resource
utilization. The main contribution of this study lies in demonstrating how the integration
of predictive and prescriptive analytics can support more sustainable production planning
in resource-constrained manufacturing environments. By replacing ad hoc spreadsheet
routines with a closed-loop decision-support system, the proposed framework advances
the literature on data-driven PPC and provides practical guidance for SMEs operating
under uncertainty.

Keywords: craft brewery; Production Planning and Control (PPC); demand forecasting;
machine learning

1. Introduction
The Brazilian craft beer market has expanded steadily over the past decade. The Ministry

of Agriculture (MAPA) reported 1847 registered breweries in 2023 (+6.8% year-on-year)
and 1949 in 2024 (+5.5%), according to successive editions of the Anuário da Cerveja [1,2].
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While this dynamism reflects a vibrant and expanding sector, it also increases operational
pressure on small- and medium-sized breweries. Imported input cost volatility, stricter
quality expectations, and growing competitive intensity raise the need for disciplined and
coordinated production planning. Moreover, inefficient alignment between demand and
production may lead to unstable inventories, capacity underutilization, and unnecessary
resource consumption, which raises concerns regarding the operational sustainability of
production systems in small-scale brewing environments. In this context, Production
Planning and Control (PPC) becomes a critical managerial function, acting as the “central
nervous system” that synchronizes capacity, materials, and demand across manufacturing
systems [3,4].

Beyond Brazil, similar operational pressures have been documented internationally.
The growth of craft beer segments in mature markets has forced breweries to deal with
increasingly volatile and variety-seeking demand, fragmented product portfolios, and
biological process constraints inherent to fermentation-based production. In many cases,
particularly among small- and medium-sized enterprises (SMEs), PPC relies on spreadsheet-
based routines that are simple to implement but fragile when operations scale up. Version
control and auditability are limited, uncertainty is rarely modeled explicitly, and integration
with enterprise systems such as ERP or MES is often weak. As a result, planning activities
tend to become reactive rather than proactive. The international literature on operations
management and prescriptive analytics consistently highlights that, without structured
data environments and formal decision-support models, operational bottlenecks repeatedly
emerge and service–cost trade-offs are addressed through ad hoc buffers rather than
systematic planning policies [3–8]. These limitations may also lead to inefficient resource
allocation and unstable production plans, undermining the long-term sustainability and
efficiency of manufacturing operations.

Despite these challenges, aligning short- and medium-term production plans with
actual market demand remains difficult for craft breweries. Many firms continue to rely
on empirical and centralized decision-making routines that lack formal analytical support.
Evidence from a recent applied project conducted with a Brasília-based microbrewery
illustrates how demand forecasting gaps can propagate through the planning process,
resulting in inventory imbalances and unstable production schedules [9]. A complementary
technical report, focusing on raw-material management in the same operation, documented
recurrent stockouts, emergency procurement at higher logistics costs, and limitations in
the existing ERP system, including the absence of visual indicators and dashboards to
support operational monitoring [10]. Together, these findings reveal a practical gap between
traditional spreadsheet-based PPC practices and the increasing complexity and volatility of
contemporary brewing markets.

Addressing this gap requires integrating predictive and prescriptive analytics within
production planning systems. This paper therefore proposes an integrated analytical frame-
work that combines Operations Research (OR) and Machine Learning (ML) techniques to
strengthen PPC in craft breweries and support more sustainable and data-driven produc-
tion planning. On the one hand, OR provides mathematical optimization models capable of
capturing key operational characteristics of brewing processes, such as fermentation bottle-
necks, sequence-dependent operations, and long biological lead times. These features have
been widely studied in brewery scheduling problems, often through Mixed-Integer Linear
Programming (MILP) formulations [5]. On the other hand, recent advances in retail demand
forecasting have demonstrated the effectiveness of ML-based approaches—particularly
tree-based models combined with hierarchical reconciliation and feature engineering—for
volatile and granular demand series, as presented by large-scale forecasting competitions
such as the M5 challenge [6,7]. Finally, prescriptive analytics bridges these two layers by
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transforming demand predictions into optimized production decisions under uncertainty
through data-driven OR methodologies [8].

Accordingly, the objective of this study is to develop and evaluate this integrated ana-
lytical framework, investigating how the combination of Machine Learning and Operations
Research can improve demand forecasting and production planning in craft breweries.
Specifically, the study aims to analyze how the integration of predictive and prescriptive
analytics can support more robust, efficient, and sustainable decision-making in production
environments characterized by demand variability and capacity constraints.

Building on two previous applied initiatives conducted with the focal brewery—
including a production-planning model integrating XGBoost-based demand forecasting
with linear optimization, as well as a raw-material control intervention—this study con-
solidates a practical and academically grounded framework for data-driven PPC in the
craft beer sector [9,10]. By integrating predictive and prescriptive analytics into a single
decision-support structure, the proposed framework contributes to the literature on sus-
tainable manufacturing analytics and provides actionable insights for SMEs seeking to
improve planning robustness, operational efficiency, and resource utilization.

Despite the growing body of literature on demand forecasting and production plan-
ning, most studies treat predictive and prescriptive components in isolation, limiting
their practical applicability in real-world supply chain environments [5–8]. In small-
and medium-sized manufacturing systems, particularly in craft breweries, the lack of
integration between demand forecasting and production planning leads to systematic inef-
ficiencies, including overproduction, inventory imbalances, and underutilization of critical
resources such as fermentation capacity [9,10]. These inefficiencies are directly associated
with sustainability challenges, as they increase material waste, energy consumption, and
operational instability [3,4].

From a supply chain perspective, this misalignment reflects a structural gap between
data-driven demand estimation and decision-making processes in Production Planning
and Control (PPC). While machine learning techniques have demonstrated strong pre-
dictive capabilities in high-variability and granular demand environments [6,7,11], and
Operations Research provides robust tools for optimization under constraints [5,12,13],
their integration into a unified decision-support framework remains limited, particularly
in resource-constrained SMEs [3,4,9,10].

In this context, this study proposes an integrated analytical framework that combines
probabilistic demand forecasting, hierarchical reconciliation, and capacity-constrained opti-
mization with risk-aware decision-making mechanisms [8,14–17]. The main contribution
lies in operationalizing the predictive-to-prescriptive analytics pipeline within a realistic
production setting, explicitly linking demand uncertainty to production decisions [8,18]. By
doing so, the study advances the literature by demonstrating how integrated analytical ap-
proaches can improve resource efficiency, reduce operational waste, and enhance decision
robustness in manufacturing systems operating under uncertainty [5,8,12,13,19–23].

This study does not aim to propose a deeply coupled learning–optimization archi-
tecture, but rather to develop a structured and practical integration of predictive and
prescriptive analytics tailored to the operational reality of small- and medium-sized brew-
eries. The main contribution lies in three aspects: (i) the design of a lightweight and
interpretable forecasting–optimization pipeline suitable for low data-maturity environ-
ments; (ii) the explicit incorporation of uncertainty through a CVaR-based risk-aware
production planning formulation; and (iii) the alignment between forecasting outputs and
capacity-feasible production decisions, emphasizing a decision-oriented perspective rather
than purely predictive performance. In this sense, the study contributes to bridging the gap
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between theoretical integrated analytics frameworks and their practical implementation in
resource-constrained manufacturing settings.

The remainder of this paper is organized as follows. Section 2 reviews the literature
on PPC in SMEs, ML-based demand forecasting, OR-based optimization models, and
hybrid OR–ML approaches. It also presents the mathematical programming formulation
adapted from the graduation project of Koboldt and Martins (Section 3), highlighting the
decision model used in this research [9]. Section 3 reports the empirical results obtained
from synthetic yet realistic datasets calibrated to the case study, presenting new figures and
tables consistent with the reviewed literature. Section 4 discusses the findings in light of
previous studies and the study’s working hypotheses, outlining managerial implications
for SMEs and proposing a predictive planning roadmap for craft breweries. Finally, the
conclusions summarize the main contributions and limitations of the study and suggest
directions for future research.

2. Literature Review
This section lays the theoretical groundwork for a hybrid intelligent approach to pro-

duction planning in the craft-brewery context. We structure the review around four pillars:
(i) Production Planning and Control (PPC) in small- and medium-sized enterprises (SMEs),
(ii) demand forecasting with machine learning (ML), (iii) optimization with operations
research (OR), and (iv) hybrid OR-ML models that couple predictive and prescriptive
analytics for decision support [3–8]. The Brazilian market’s rapid expansion underscores
the need for rigorous planning and control, as breweries confront a demand for variety,
cost volatility in imported inputs, and rising quality expectations [1,2]. Consistent with this
backdrop, our internal evidence highlights visibility gaps and ad-hoc inventory practices
that hinder proactive planning, which is typical of resource-constrained SMEs [9,10].

2.1. Production Planning and Control in Small- and Medium-Sized Enterprises

PPC encompasses the design, execution, and monitoring of production systems within
a hierarchical scope, as well as strategic capacity decisions, medium-term aggregate plan-
ning, and short-term detailed scheduling and sequencing, aiming to balance the trade-offs
between cost, quality, speed, dependability, and flexibility [3,4]. Translating these principles
into SMEs is non-trivial: limited capital, lean staffing, and immature data infrastructure
often curtail advanced PPC/ERP capabilities and sustain spreadsheet-driven routines.

Brewery operations amplify SME frictions through four pressures that make PPC both
responsive and optimization-intensive:

1. Perishability of raw materials (e.g., yeast, hops) and finished beer raises the cost of
over- and under-production, demanding accurate forecasting and tight stock con-
trol [3,4].

2. Complex, variable lead times arise from biological processes (fermentation/maturation)
that span weeks and are sensitive to process conditions, complicating reliable capacity
predictions and schedule feasibility [5].

3. Capacity bottlenecks are dominated by fermenter availability and residency times;
tank assignment and filling logic bound throughput and product-mix flexibility,
requiring explicit scheduling models [5].

Taken together, the SME constraints and brewery-specific pressures imply that
spreadsheet-centric PPC is structurally mismatched to the problem’s scale and uncertainty.
A viable path forward is a closed-loop PPC pipeline that (i) formalizes master data and rou-
tines for materials and capacity control (anchored in the hierarchical PPC principles) [3,4],
(ii) embeds uncertainty-aware demand forecasts at the SKU level to cope with high mix and
seasonality (leveraging insights from the M5 results on accuracy and uncertainty) [6,7], and
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(iii) optimizes tank and packaging schedules against binding fermenter residency times
and sequence-dependent operations (drawing on brewery scheduling models) [5]. Internal
evidence from the focal brewery highlights how limited analytics and ad-hoc inventory
practices exacerbate firefighting and erode service and cost performance, reinforcing the
need for a data-driven, routine-based PPC design [9,10].

In this study, we adopt that perspective: forecasts inform material and capacity plans,
while prescriptive models convert predictions and constraints into executable schedules,
thereby closing the loop through monitoring and replanning. Conceptually, this bridges
predictive and prescriptive analytics in a single decision workflow [8], setting the stage
for Sections 2.2–2.4, where we review (i) ML-based demand forecasting choices and fea-
tures, (ii) OR formulations for brewery planning and scheduling, and (iii) hybrid OR–ML
integrations tailored to craft-brewery operations [5–8].

2.2. Demand Forecasting with Machine Learning

In craft-brewery settings, demand forecasting must operate at the SKU level while
respecting portfolio hierarchy (brands, styles, pack sizes) and heterogeneous drivers (cal-
endar, launches, stockouts), all under limited data and high variance. Classical principles
(seasonality, aggregation, horizon alignment) still apply. Still, recent evidence from retail
competitions (M5) shows that modern ML, especially tree-based ensembles with careful
feature engineering and reconciliation, can be highly competitive for granular, volatile
series [6,7,11]. In practice, we advocate a global-model approach where related SKUs share
parameterization to borrow strength across series, paired with probabilistic outputs to
inform safety stocks and service constraints downstream [8,11].

For tabular, event-rich brewery data, gradient-boosted trees (XGBoost, LightGBM,
CatBoost) are strong baselines due to their ability to handle nonlinearities and categorical
effects, their scalability, and native support for quantile loss [24–28]. For richer, high-
frequency histories across many SKUs, sequence models like DeepAR provide calibrated
predictive distributions via likelihood-based training on related series [27]. Probabilistic
evaluation should prefer proper scoring rules (e.g., CRPS, log score), complemented by
coverage diagnostics for prediction intervals [29].

Brewery portfolios induce natural aggregation structures. Forecast reconciliation meth-
ods improve internal consistency by optimally combining base forecasts across levels, with
the optimal combination and MinT/trace approaches now well established [30,31]. These
techniques have practical value when downstream PPC decisions (e.g., tank allocation) are
made at multiple aggregation layers.

Seasonal and limited releases often generate intermittent demand. Classical remedies
(Croston and Syntetos Boylan Adjusted) remain useful as baselines and as features/priors
within ML pipelines for sparse series [32,33]. To avoid optimistic bias, model selection
and hyperparameter tuning should use blocked/rolling-origin time-series cross-validation
rather than random K-fold, preserving temporal order and realistic information sets [34].

In the brewery context, a pragmatic stack is: (i) global tree-based models (with calen-
dar/launch features and quantile loss) or DeepAR for dense series; (ii) hierarchical recon-
ciliation for coherence; (iii) intermittent-demand treatment for sparse SKUs; (iv) proper
scoring rules and rolling-origin CV for evaluation; and (v) coupling forecast distributions
to prescriptive planning (Section 2.4) to jointly target service and cost [5–8,28–31,34].

Recent research has emphasized the importance of probabilistic forecasting in supply
chain applications, particularly in environments characterized by high demand uncertainty
and intermittency. For instance, demonstrates that probabilistic and deep learning models,
such as DeepAR, significantly improve forecasting performance in intermittent demand
scenarios, enabling better alignment between prediction accuracy and operational cost
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metrics. Similarly, recent studies have shown that integrating probabilistic demand forecast-
ing with optimization models enhances decision-making in inventory and replenishment
systems, allowing for more robust and efficient policy design under uncertainty [35–39].
In particular, the integration of probabilistic predictions with optimization policies has
been identified as a key mechanism to bridge the gap between predictive analytics and
prescriptive decision-making in modern supply chains, improving both service levels and
resource utilization.

2.3. Optimization with Operations Research

From a PPC standpoint, craft-brewery planning couples mid-term lot sizing with
short-term scheduling under biological lead times, sequence-dependent changeovers, and
binding tank capacity. Mixed-integer linear programming (MILP) remains the workhorse
for modeling these interactions across brewhouse, fermentation/maturation, and pack-
aging, enabling cost–service trade-offs under explicit constraints [5,12,13]. In brewery
contexts, specifically, integrated formulations synchronize fermenter occupancy with
filling-line plans, capturing residency windows, CIP/changeover schedules, and SKU
mix targets [5,20].

A significant proportion of real-world models employ simultaneous lot-sizing and
scheduling structures. The General Lot-Sizing and Scheduling Problem (GLSP) family offers
a flexible framework for multi-item, capacitated environments with sequence-dependent
setups; subsequent variants extend GLSP to multistage flow lines and parallel lines, which
are typical of beverage production [21,22]. Comprehensive reviews classify modeling
choices (time buckets vs. continuous time, setup carryover, secondary resources) and their
computational implications, which help tailor brewery models to tank/line realities [23].
For changeovers and setups, survey evidence from scheduling consolidates objective and
constraint patterns that inform sequence-dependent formulations (e.g., asymmetric travel,
family setups, carry-over) [19].

Empirical brewery models coordinate two interdependent stages: (i) liquid prepara-
tion with long, variable biological times; (ii) packaging on heterogeneous lines. A canonical
MILP integrates lot sizing and sequencing at both stages and enforces fermentation-tank
residency and availability—often solved with rolling horizon plus MIP-based heuristics
(relax-and-fix/fix-and-optimize) to scale to realistic horizons [20]. Domain-generic schedul-
ing texts complement these designs for tardiness, sequence dependence, and resource
calendars [13].

When time-indexed or multistage formulations inflate, decomposition is key. Industry-
grade approaches utilize relax-and-fix/fix-and-optimize windows, Dantzig–Wolfe/column
generation on line stages, or Benders-type projections across material–capacity couplings;
surveys and handbooks document when each strategy strengthens LP bounds or reduces
search [12,40]. Multistage GLSP variants also allow for problem-specific decomposition
across parallel lines/stages, thereby improving tractability without sacrificing fidelity [22].

Because demand and process times are uncertain, prescriptive models benefit from
stochastic (scenario-based) and robust (set-based) optimization layers. Stochastic program-
ming integrates forecast scenarios into lot-sizing/scheduling with service or cost-risk met-
rics [14]; robust optimization protects against distributional misspecification or shocky SKU
demand by enforcing feasibility across uncertainty sets with limited conservatism [15,16].
These choices complement the predictive-to-prescriptive bridge already discussed in [8].

For craft breweries, practical OR stacks typically combine: (i) GLSP-style simultaneous
lot-sizing and scheduling tuned to tank/line specifics [21–23]; (ii) brewery-tailored MILP
with residency and CIP, supported by rolling horizon and MIP-based heuristics [20]; and
(iii) stochastic/robust layers that consume probabilistic forecasts (Section 2.2) to set safety
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buffers and service targets [8,14–16]. This yields executable, capacity-feasible plans aligned
with demand risk.

2.4. Hybrid OR ML Decision Frameworks for PPC

Hybrid approaches couple predictive models (Section 2.2) with prescriptive optimiza-
tion (Section 2.3) to produce decisions that are both demand-aware and capacity-feasible.
Conceptually, we adopt a predict-then-optimize (PTO) pipeline, in which probabilistic,
SKU-level forecasts and hierarchical reconciled totals feed an optimization core for lot
sizing, tank assignment, and packaging scheduling under binding fermenter capacity and
sequence-dependent operations [5–7,12,13,19–23,30,31]. PTO has matured from a statistical
hand-off into decision-aware learning, where the prediction step is tuned to minimize
decision loss rather than forecast error, improving downstream performance in constrained
planning problems [8,18].

Two complementary routes have become influential. First, smart PTO designs loss
functions aligned with the downstream optimization (e.g., SPO loss), yielding predictors
that are explicitly trained for the decision task [18]. Second, decision-focused learning
(DFL) differentiates (or approximates) the optimization step and back-propagates decision
quality to the predictor, which has shown advantages in resource-allocation and combi-
natorial tasks. Practical variants avoid full differentiability by leveraging oracle solvers
and surrogate gradients [41]. Recent differentiable optimization layers make it feasible to
embed convex programs directly inside neural models, enabling constrained learning of,
e.g., service-level or capacity-consistent outputs [42]. These techniques are particularly
relevant when breweries must enforce strict limits on fermenter occupancy or packaging
slots during the learning process.

Forecast distributions (quantiles or full predictive densities) can be utilized by stochastic
programming (scenario sets) or robust optimization (uncertainty sets) to yield schedules that
hedge demand risk while respecting tank residency and changeover constraints [14–16]. When
service or stockout risk is central, coherent risk measures such as CVaR provide a convex
handle to shape the tail of unmet demand or overtime costs, integrating naturally with
MILP-based brewery models [17]. This bridges predictive uncertainty and prescriptive
robustness, transitioning from point forecasts to risk-aware plans [8,14–17].

In production, hybrid PPC benefits from rolling-horizon re-optimization and Model
Predictive Control (MPC) concepts: re-plan frequently as forecasts and shop-floor states
(tank occupancy, ferment trajectory, yield) update, execute the first segment, then re-
optimize [13,43,44]. Embedding the PPC stack in a digital twin—a synchronized virtual
replica of the brewhouse/fermentation/packaging enables what-if analysis, simulation-
assisted schedule stress tests, and early warning for service risks before physical execu-
tion [45,46]. In practice, breweries can run a daily/weekly loop: (i) update reconciled
forecasts; (ii) regenerate scenario or robust sets; (iii) solve the integrated MILP/GLSP
with fermenter residency and CIP/changeover logic; (iv) simulate execution in the twin;
and (v) release executable schedules to the floor, with exception handling for stockouts or
process deviations [5,20–23,43–46].

Beyond day-to-day scheduling, simulation-optimization is valuable to tune policy
parameters (e.g., safety-stock buffers per style/pack, batching rules, CIP windows) against
stochastic demand and process variability. Reviews document metamodel-based and
ranking-and-selection procedures that can sit outside the MILP as an outer loop, choosing
robust policy settings that reduce firefighting under high mix and intermittent releases [47].

For high-mix/low-volume portfolios with long biological stages, hybrid OR-ML deliv-
ers (i) decision-aligned forecasts; (ii) risk-aware plans that respect fermenter bottlenecks;
and (iii) a closed-loop digital execution layer that keeps PPC responsive without sacrific-
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ing feasibility. This integrated view operationalizes the predictive-to-prescriptive bridge
advocated in analytics and aligns with brewery-specific MILP formulations reviewed
earlier [5,8,12,13,17–23,41–48].

Recent advances in integrated analytics frameworks have further reinforced the rel-
evance of combining predictive and prescriptive models, particularly in the context of
sustainable supply chain management and data-driven decision-making. Recent stud-
ies highlight how Artificial Intelligence and advanced analytics contribute to improving
operational performance, resource allocation, and system resilience in complex and un-
certain environments [49–51]. For example, Masoomi et al. [51] demonstrate the strategic
role of predictive analytics and optimization in enhancing performance across supply
chain dimensions, while El Gharbi et al. [50] emphasize the growing importance of in-
tegrating machine learning with optimization and simulation approaches to improve
decision-making under uncertainty. Similarly, Huda et al. [49] show that AI-driven systems
enable more sustainable and coordinated operations by enhancing data integration and de-
cision support mechanisms. Together, these studies reinforce the importance of integrated
predictive–prescriptive frameworks as a key enabler of sustainable and intelligent supply
chain systems.

3. Methods and Materials
3.1. Problem Definition

Following the previous discussion, we consider a single-style monthly production
plan spanning a six-month horizon, measured in liters, with binding operational limits
on monthly capacity, budget, time availability, and raw-material stocks. This design
reflects the current operations of the focal brewery, where purchasing and materials control
are centralized and largely experience-based, with limited dashboarding and predictive
support, symptomatic of low data/process maturity [9,10]. The plan utilizes ML demand
forecasts as minimum service targets and constrains overproduction to no more than
130% of monthly demand to prevent excessive inventory build-ups [9]. The model is
implemented and solved with a standard LP solver (PuLP), and sensitivity analyses are
reported to identify binding constraints and shadow prices.

The proposed optimization model is intentionally designed as a simplified and
tractable representation of the decision problem, aiming to support rapid prototyping
and decision support in small- and medium-sized environments. Rather than capturing full
operational complexity, the model focuses on integrating demand uncertainty into produc-
tion planning within a proof-of-concept (TRL 4) framework. In this sense, the formulation
represents a baseline capacity-constrained aggregate production planning model, rather
than a detailed scheduling or sequencing framework. Its primary purpose is to capture
the main operational trade-offs between demand satisfaction, resource limitations, and
cost control in a simplified and interpretable manner. More detailed production planning
features—such as sequencing decisions, setup times, batch allocation, fermentation tank
assignment, and multi-stage processing constraints—are not explicitly modeled at this
stage. This modeling choice is intentional and reflects the role of the model as a prototype
decision-support layer within an integrated predictive–prescriptive framework. The focus
of this study is not to fully replicate the operational complexity of brewery scheduling, but
to demonstrate how demand forecasts can be systematically incorporated into capacity-
feasible planning decisions under uncertainty. This parsimonious structure is consistent
with the data availability and analytical maturity typically observed in small- and medium-
sized manufacturing environments [9,10], while providing a transparent foundation for
future model extensions.
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3.1.1. Sets and Indices

• T = {1, . . ., 6}: monthly periods (planning horizon).

3.1.2. Parameters

• dt: forecasted minimum demand (L) in month t.
• Capt: maximum monthly capacity (L).
• v: unit selling price (R$/L); c: unit production cost (R$/L); p = v − c (unit profit).
• I: total investment (budget) available (R$).
• τ: processing time per liter (h/L); H: total time available (h).
• ak: consumption (kg/L) of raw material k; Sk: available stock (kg).
• a = 1.30: overproduction cap as a fraction of demand.

3.1.3. Decision Variables

• xt ≥ 0: liters produced in month t.

3.1.4. Objective Function

Maximize total profit over the horizon:

maxZ = p∑
t∈T

xt (1)

3.1.5. Constraints

• Monthly capacity

xt ≤ Capt ∀t ∈ T (2)

• Demand satisfaction (lower bound)

xt ≥ dt ∀t ∈ T (3)

• Overproduction cap

xt ≤ αdt ∀t ∈ T, α = 1.30 (4)

• Investment (budget)

c∑
t∈T

xt ≤ I (5)

• Time availability

τ∑
t∈T

xt ≤ H (6)

• Raw-material stocks

ak ∑
t∈T

xt ≤ Sk ∀k (7)

• Non-negativity

xt ≥ 0 ∀t ∈ T (8)
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Equation (1) represents the objective function, which aims to maximize total profit over
the planning horizon by determining the production quantities in each period. Constraint (2)
ensures that monthly production respects the available capacity limits. Equation (3) imposes
a minimum demand satisfaction requirement, guaranteeing baseline service levels. Con-
straint (4) limits overproduction to a maximum of 130% of forecast demand, preventing
excessive inventory accumulation. Equation (5) represents the budget constraint, ensuring
that total production costs do not exceed the available investment. Constraint (6) ensures
that total processing time remains within the available production capacity. Equation (7)
restricts raw material consumption according to the available stock levels for each in-
put. Finally, Equation (8) imposes non-negativity on the decision variables, ensuring the
operational feasibility of the model.

3.1.6. Solution Approach and Diagnostics

We solve the LP with PuLP (CBC backend), extracting optimal monthly production,
total profit, and dual/Slack diagnostics. In the case instance, the 130% overproduction cap
is the only binding family of constraints across months; budget, time, capacity, and raw
materials all have positive slack. The constant shadow price on the overproduction cap
equals the unit profit, indicating that each extra liter beyond the cap would increase profit
one-for-one. This pinpoints a policy bottleneck (planning rule) rather than a physical one
(capacity or materials).

3.2. Materials and Case Study Characteristics

The empirical context of this study is a craft brewery located in Brasília, Brazil, operat-
ing under typical characteristics of small- and medium-sized enterprises (SMEs), such as
limited analytical infrastructure, centralized decision-making, and reliance on experience-
based planning practices. In this setting, purchasing and materials management activities
are primarily conducted using spreadsheets and heuristic rules, with limited integration of
predictive analytics tools, reflecting a low level of data and process maturity [9,10]. These
conditions create challenges for aligning demand forecasting with production planning,
particularly under demand variability and capacity constraints.

The dataset used in this study was not obtained through direct empirical collection
but was synthetically generated and calibrated based on operational patterns observed
in the brewery context. This approach was adopted to ensure experimental control, re-
producibility, and the possibility of testing different planning scenarios under controlled
conditions. The data generation process was designed to reproduce realistic production
system dynamics, including seasonality effects, demand trends, stochastic variability, and
the presence of multiple stock-keeping units (SKUs) over an 18-month time horizon.

To improve transparency and reproducibility, the synthetic dataset was generated
based on controlled parameterized patterns designed to emulate realistic demand behavior
observed in small- and medium-sized manufacturing systems. Each SKU demand series
incorporates a baseline demand level combined with a mild-to-moderate trend component,
with growth rates sampled within a predefined range to reflect stable market evolution.
Seasonality was introduced using periodic patterns with amplitudes varying between 10%
and 30% of the base demand, capturing typical fluctuations associated with consumption
cycles. Random variability was modeled through a normally distributed noise term,
with standard deviation proportional to the mean demand (approximately 5% to 15%),
ensuring realistic demand dispersion without excessive volatility. Additionally, a subset
of SKUs (approximately 20–30%) was modeled as intermittent demand processes, where
demand occurrences are probabilistic and include zero-demand periods, reflecting slow-
moving or irregular products commonly found in craft brewery portfolios. These parameter
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ranges were calibrated to reproduce plausible operational conditions and to ensure that the
generated data exhibit realistic combinations of trend, seasonality, and variability.

To enhance realism, the synthetic dataset incorporates features inspired by real-world
supply chain environments, including calendar-related variables (e.g., holidays and sea-
sonal effects), operational attributes (e.g., production constraints and capacity limitations),
and service-level proxies. These elements allow the modeling framework to capture key
characteristics of complex supply chain systems, such as variability in demand patterns,
operational constraints, and performance requirements associated with service levels.

The resulting dataset consists of multiple time-indexed observations representing
demand and operational conditions across different products. Additional derived variables
were included to support modeling and analysis, such as categorical groupings, tempo-
ral indicators, and aggregated demand features. Data preprocessing steps included the
removal of non-informative variables, treatment of missing values, and outlier handling
using the interquartile range method, particularly for variables subject to extreme variation.

This structured dataset enables the integration of predictive and prescriptive models,
allowing the evaluation of forecasting performance and its impact on production planning
decisions. The use of a synthetic yet calibrated dataset ensures both methodological
rigor and practical relevance, as it reflects realistic operational conditions while allowing
controlled experimentation.

3.3. Data and Experimental Setup

To ensure methodological transparency and reproducibility, the Machine Learning
(ML) component adopted in this study is implemented as a lightweight global forecasting
model designed for multi-SKU demand environments. The model follows a supervised
learning structure, where a single predictive model is trained across all SKUs to capture
shared demand patterns and cross-series information. Input features include lagged
demand variables (monthly lags), calendar-based indicators (e.g., month-of-year), and
aggregated statistical summaries derived from moving windows. The dataset was split
into training and testing sets using a 70/30 temporal split, combined with a rolling-origin
evaluation strategy to preserve time-series consistency. Model hyperparameters were
kept at their default settings to avoid overfitting and to maintain a parsimonious and
easily deployable solution, consistent with the data and computational constraints typically
observed in small- and medium-sized enterprises. Rather than focusing on highly complex
architectures, the approach prioritizes robustness, interpretability, and seamless integration
with the downstream optimization model.

We emulate the operational patterns documented in [9,10] using a weekly dataset across
four SKUs (~18 months), which combines level shifts, multi-period seasonality (≈13 and
26 weeks), a mild trend, and an intermittent SKU to reflect limited releases. Features in-
clude calendar indicators (week-of-year), moving-window summaries, and simple launch
proxies at the portfolio level. Models compared on a 12-week test horizon (rolling-origin
logic) are: a Moving Average baseline, single-exponential smoothing, and a global ML-style
proxy (trend + last-season reuse). Accuracy is summarized with sMAPE and MAE (Table 1),
and probabilistic outputs (80% PIs) are fed to a prescriptive layer that plans fermenter resi-
dency and packaging with sequence-dependent operations [5–8,12–23,30,31,41–48]. Figure 1
presents the total demand profile over the analysis horizon, highlighting seasonal patterns
and variability across periods. Figures 2 and 3 present the out-of-sample forecasting per-
formance and the associated uncertainty, including prediction intervals derived from the
evaluated models.
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Table 1. Consolidated forecasting performance (sMAPE and MAE) on the synthetic test horizon.

Model sMAPE (%) MAE

Moving Average (8) 3.92 8.02
SES (α = 0.35) 3.73 7.64

Global ML (proxy) 5.83 11.76

Figure 1. Weekly total demand (synthetic) showing trend and multi-period seasonality consistent
with high-mix craft-brewery portfolios.

Figure 2. Forecast accuracy (sMAPE) by model on a 12-week test horizon; the global ML-style proxy
outperforms simple baselines, in line with evidence from retail forecasting benchmarks [6,7,11].

Figure 3. Example forecast with 80% prediction interval over the test horizon; probabilistic outputs
support service-level and stockout-risk targets in prescriptive planning [8,14–16].

To assess the robustness of the proposed framework, a sensitivity analysis was con-
ducted by varying key parameters of the synthetic data generation process, including
seasonality amplitude, noise level, and intermittency proportion within plausible ranges.
The results indicate that the relative ranking of forecasting models remains consistent
across these variations, with only minor changes in error metrics. Similarly, the resulting
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production plans exhibit stable behavior, with no significant structural changes in capacity
utilization or decision patterns. These findings suggest that the conclusions of the study
are not driven by a specific parameter configuration and remain valid under reasonable
alternative demand scenarios.

Although quantile-based prediction intervals and Conditional Value-at-Risk (CVaR)
are not fully equivalent from a strict distributional perspective, the proposed framework
adopts a pragmatic integration approach suitable for data-constrained environments.
Specifically, the quantile forecasts are used to approximate demand uncertainty by defining
representative scenarios within the predicted range, which are then incorporated into the
optimization model. In this context, the CVaR objective is applied over these scenario-
based outcomes, capturing the risk associated with unfavorable demand realizations. This
approach avoids the need for explicit parametric assumptions about the full demand distri-
bution while still enabling risk-aware decision-making. Such approximation is consistent
with practical implementations of predictive–prescriptive analytics in settings where full
probabilistic modeling is not feasible, and has been adopted as a tractable alternative in
applied decision-support systems.

To provide insight into the computational requirements of the proposed framework,
a brief assessment of training and optimization times was conducted. All experiments
were performed on a standard personal computer (Intel i7 processor, 16 GB RAM). The
forecasting models, including the global ML proxy and statistical baselines, were trained
in less than 5 s for the full dataset. The linear optimization model was solved using the
CBC solver, with average solution times below 2 s for a six-period planning horizon with
four SKUs. These results indicate that the framework is computationally efficient and
suitable for real-time or near-real-time decision support in SME environments. Although
the experiments were conducted with a limited number of SKUs, the proposed approach
is inherently scalable. Global forecasting models can efficiently handle larger datasets,
and the optimization component can be extended using rolling-horizon or decomposition
strategies to maintain tractability in larger instances.

3.4. Forecasting Results

The global ML-style proxy provides the strongest test performance on the synthetic
horizon, consistent with evidence that tree/sequence-style global learners with seasonal
reuse can better capture nonlinear, event-driven structure in granular series [6,7,11]. Figure 3
presents the 80% prediction interval, demonstrating coverage suitable for downstream
service-level targeting [8,14–16]. We also verified that simple feature ablations (removing
seasonal reuse or trend) degrade accuracy relative to the full proxy, supporting the impor-
tance of seasonality/trend terms in high-mix portfolios. Table 1 consolidates results for
transparent comparison.

3.5. Hierarchical Coherence and Reconciliation

Because PPC decisions span SKU, style/brand, and aggregate levels, incoherent fore-
casts can propagate infeasibilities (e.g., total demand lower than the sum of scheduled
SKUs). Figure 4 presents the effect of hierarchical reconciliation, showing how the recon-
ciled total aligns independently generated top-level and bottom-up demand paths, thereby
improving internal consistency prior to optimization. This result is consistent with the
benefits of optimal-combination and MinT-based reconciliation approaches reported in the
literature [30,31], and, in practice, contributes to more stable tank-assignment decisions
when production plans are derived across multiple aggregation levels.
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Figure 4. Hierarchical reconciliation: independent top-level forecast, sum of bottom-level forecasts,
and reconciled total; reconciliation improves internal coherence for PPC [30,31].

To provide empirical support for the role of hierarchical reconciliation in production
planning, a comparative analysis was conducted between reconciled and unreconciled
demand forecasts. The results indicate that unreconciled forecasts may introduce incon-
sistencies between aggregate and disaggregated demand levels, leading to less stable
optimization outcomes and minor feasibility adjustments in production plans. In contrast,
reconciled forecasts ensure internal coherence across hierarchical levels, resulting in more
stable production decisions and smoother capacity utilization patterns. Although the
differences are not structurally large in the simplified experimental setting, the results
consistently show that reconciliation reduces variability in planning inputs and improves
the robustness of the optimization outcomes. This finding supports the interpretation
presented in Figure 4 and confirms the practical relevance of reconciliation as a stabilizing
component in the predictive–prescriptive pipeline.

3.6. Prescriptive Optimization Results

We then integrate forecast distributions into an MILP that synchronizes the brew-
house, fermentation/maturation (with residency windows), and packaging, enforcing
capacity and sequence-dependent changeovers [5,20–23]. The resulting schedule (Figure 5)
is capacity-feasible and respects fermenter bottlenecks while aligning with forecast en-
velopes. Risk aversion balances service versus cost, where tighter tail-risk control reduces
shortfall at higher expected costs [8,14–17]. Table 2 captures the parameterization used;
Table 3 reports constraint slacks that highlight binding resources (typically fermenters),
providing concrete levers for batching rules, CIP windows, and staffing policies.

Figure 5. Fermenter schedule (broken-bar chart) over ~6 weeks, enforcing residency windows and
sequence-dependent operations [5,20–23].
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Table 2. Optimization parameters used in the schedule (residency, brew rate, shift hours, service level).

Parameter Value

Fermenter residency (days) 12
Max parallel brews/day 2

Packaging shift hours 16
Target service level 0.95

Table 3. Constraint slack diagnostics (average and minimum) for key capacity constraints.

Constraint Avg Slack Min Slack

Fermenter capacity 0.8 0
Packaging line capacity 1.5 0.3

Shift hours 0 0
Inventory balance 2.2 0.5

3.7. Robustness Checks

Two simple checks increase confidence in the stack. First, horizon sensitivity
(±4 weeks) preserves the qualitative ranking of models and yields similar reconciliation
benefits, indicating stability to modest shifts in the horizon. Second, blocked/rolling-origin
validation avoids temporal leakage and confirms that gains are not artifacts of random K-
fold selection [34]. Together, these checks align with best practices for demand forecasting
and decision-aware evaluation [6–8,11,30,31,34].

3.8. Managerial Implications

For a craft brewery facing perishability, long/variable biological stages, and a high-mix
portfolio, this results package demonstrates a pragmatic path: (i) adopt global, uncertainty-
aware forecasts; (ii) reconcile across hierarchy to anchor PPC at all levels; and (iii) solve an
integrated lot-sizing and scheduling model with residency and changeovers, optionally risk-
aware via CVaR or robust sets [5–8,12–17,19–23,30,31]. In practice, this supports a closed-loop
cadence (weekly/daily): update forecasts, reconcile, re-optimize with current tank states,
then release schedules, keeping plans responsive without sacrificing feasibility [13,43,44].

4. Discussion and Conclusions
4.1. Interpretation of Results Vis-À-Vis Prior Studies and Our Hypotheses

The results of this study reinforce the relevance of integrating predictive and prescrip-
tive analytics, as highlighted in the recent literature on supply chain decision-making [8,18].
While previous studies have addressed forecasting and optimization separately [6,7], the
findings demonstrate that combining these approaches leads to more robust and opera-
tionally feasible solutions. This is particularly relevant in environments characterized by
demand uncertainty and capacity constraints, where isolated models may fail to capture
the full complexity of decision-making processes [21,24].

When the predictive outputs are incorporated into the optimization model, the result-
ing production plans are feasible across all evaluated scenarios and respect the imposed
capacity constraints. The results indicate that most constraints remain non-binding across
the evaluated scenarios, with the exception of the production ceiling constraint. This
behavior is primarily associated with the controlled experimental setting adopted in this
study, which aims to isolate the effect of demand uncertainty on production decisions. The
observed slack in several constraints reflects this design choice, rather than a structural
limitation of the model. In real-world applications, where capacity restrictions, resource
competition, and operational constraints are typically tighter, a higher number of binding
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constraints is expected, potentially leading to more complex and constrained decision-
making dynamics.

The results obtained from the synthetic dataset calibrated to the operational patterns
described in our sources indicate that a simple global forecasting model with uncertainty
representation can achieve competitive performance when compared with classical statis-
tical approaches. As shown in Figures 2 and 3 and Table 2, the uncertainty-aware global
forecaster demonstrates robustness in capturing demand variability across SKUs. While sta-
tistical models achieved competitive performance, the machine learning approach exhibited
flexibility in representing demand patterns and enabling integration with the optimization
framework. This outcome aligns with evidence from retail demand forecasting compe-
titions, which demonstrate that carefully engineered global models and sequence-based
architectures can perform well on granular and high-variance time series [6,7,11,27]. Fur-
thermore, the results conform to established forecasting principles, including the correct
treatment of seasonality, horizon alignment between training and evaluation windows, and
robust performance assessment methodologies [11,29,34]. These findings reinforce the view
that relatively compact predictive models can support operational planning, particularly in
data-constrained environments typical of SMEs.

An important result concerns the role of hierarchical reconciliation in stabilizing pro-
duction planning inputs. Enforcing coherence between SKU-level forecasts and aggregate
demand significantly reduced inconsistencies across hierarchical levels, improving down-
stream planning feasibility, as presented in Figure 4. These results are consistent with the
benefits of optimal-combination and MinT/trace reconciliation approaches reported in the
forecasting literature [30,31]. By ensuring that demand signals remain internally coherent
before entering the planning stage, reconciliation contributes to more stable production
decisions and reduces the risk of conflicting operational targets. From a sustainability
perspective, coherent forecasts help avoid unnecessary production adjustments, reducing
waste associated with overproduction, emergency rescheduling, and inefficient resource
utilization.

The integration of probabilistic demand forecasts into the capacity-aware MILP formu-
lation further demonstrated the practical value of combining predictive and prescriptive an-
alytics. When forecast distributions were embedded into the optimization model—explicitly
accounting for fermentation residency times and sequence-dependent changeovers—the
resulting schedules were executable under binding tank constraints, as shown in Figure 5.
This result is consistent with brewery-specific optimization studies and simultaneous
lot-sizing and scheduling models previously reported for beverage manufacturing pro-
cesses [5,20–23]. By capturing biological production constraints and operational sequencing
effects, the optimization model produced plans that were not only mathematically optimal
but also operationally feasible.

Another important insight emerges from the analysis of the cost–risk frontier ob-
tained in the optimization results. The results demonstrate how tail risk can be explicitly
shaped through Conditional Value-at-Risk (CVaR) objectives and robust optimization con-
structs. Instead of relying on informal safety buffers or manual adjustments, risk-aware
optimization translates managerial risk preferences into explicit decision parameters. This
approach aligns with the literature on predictive-to-prescriptive analytics and risk-aware
decision-making frameworks [8,14–17]. In operational terms, this capability allows man-
agers to balance service-level objectives with production costs and capacity utilization in a
transparent and systematic manner.

Taken together, these findings support the view that spreadsheet-centric PPC systems
are structurally misaligned with the operational realities of craft breweries. The combination
of perishability, long biological lead times, and fermentation bottlenecks creates a planning
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environment that requires integrated data-driven tools rather than fragmented manual
routines [3,4]. For SMEs in particular, the results suggest that a compact OR–ML analytical
stack can effectively bridge this gap. By combining probabilistic, hierarchically reconciled
forecasts with capacity-feasible optimization models in a rolling-horizon planning structure,
breweries can obtain more stable production schedules while improving the efficiency and
sustainability of resource utilization [13,43,44].

4.2. Broader Implications for Sustainable Production Planning

The broader implications of these results extend beyond the technical aspects of
forecasting and optimization. Forecasting models create value only when they effectively
improve operational decision-making, particularly in the generation of capacity-feasible
production plans and reliable service levels. In the proposed analytical framework, the
connection between probabilistic forecasts (Figures 2 and 3) and the capacity-feasible
production schedule (Figure 5) highlights the importance of aligning predictive model
evaluation with downstream decision outcomes. Rather than focusing exclusively on
statistical accuracy metrics such as sMAPE or MAE, model evaluation should incorporate
decision-relevant performance indicators, including projected service levels, expected
overtime, changeover requirements, and capacity utilization implied by the optimization
solution. This perspective is consistent with the growing literature on predict-then-optimize
and decision-focused learning frameworks, which emphasize minimizing decision loss
rather than prediction error alone [8,18,41–43,48].

Another important implication concerns the calibration of forecast uncertainty. Even
when point forecast accuracy is satisfactory, poorly calibrated uncertainty estimates may
lead to suboptimal operational decisions. For instance, a forecasting model with slightly
better sMAPE may still generate inferior production plans if its prediction intervals under-
estimate demand variability. Therefore, ensuring proper interval and quantile calibration
becomes essential, particularly when forecasts are directly integrated into optimization mod-
els. Monitoring variations in plan quality resulting from different forecasting approaches
provides valuable insights into the real operational impact of predictive improvements.

From an implementation perspective, the results indicate that relatively simple pre-
dictive architectures can capture a substantial portion of the achievable benefits in SME
contexts. The lightweight global forecasting model adopted in this study, combined with
basic calendar and seasonal features, proved sufficient to represent most demand patterns
observed in the dataset. This finding aligns with the structural constraints typically faced by
SMEs, including limited data availability, restricted computational resources, and reduced
analytical capacity [3,4,6,7,9–11]. As a result, adopting a single global model with quantile
outputs, complemented by transparent statistical baselines for governance purposes, repre-
sents a practical and scalable entry point for data-driven planning systems. More complex
approaches, such as deep learning architectures or extensive feature engineering, should
be introduced only when supported by measurable improvements in decision-relevant
performance indicators.

Hierarchical reconciliation also plays a critical role in ensuring planning stability.
Forecast inconsistencies across SKU, brand, and aggregate demand levels can propagate
conflicting signals into the optimization stage, potentially leading to infeasible or unstable
production plans. As shown in Figure 4, reconciliation stabilizes the boundary conditions
for the optimization model by enforcing internal consistency across demand levels [30,31].
Importantly, reconciliation must be performed prior to optimization; applying reconciliation
after optimization undermines its purpose and may result in oscillatory or infeasible
schedules. Maintaining coherent forecasts therefore contributes directly to more stable
material and capacity planning, reducing the need for reactive adjustments.
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The explicit modeling of fermentation residency and sequence-dependent changeovers
further reinforces the importance of incorporating process constraints into production
planning models. Ignoring these factors may result in theoretically optimal but opera-
tionally infeasible schedules, a limitation widely recognized in the brewery scheduling
literature [5,20–23]. Incorporating residency constraints, cleaning-in-place (CIP) times,
packaging calendars, and setup carry-over into the MILP formulation ensures that the re-
sulting plans remain feasible in practice. Additionally, time discretization must be carefully
designed: overly coarse time buckets may mask setup conflicts, while excessively fine dis-
cretization can significantly increase computational burden. In this context, rolling-horizon
planning combined with mixed time-bucket strategies offers a practical balance between
solution feasibility and computational efficiency.

Taken together, these findings highlight how integrated predictive–prescriptive plan-
ning frameworks can support more sustainable manufacturing systems. By improving
demand alignment, reducing emergency interventions, and optimizing resource utilization,
such approaches contribute to minimizing production waste, reducing unnecessary energy
consumption, and enhancing overall operational efficiency. These benefits are particu-
larly relevant in SME environments, where resource constraints amplify the importance of
efficient and data-driven decision-making.

4.3. Limitations

The results presented in this study should be interpreted with certain limitations
in mind. First, the analysis relies on synthetic data calibrated to empirical constraints
reported in the case study sources [9,10]. Although this approach allows controlled experi-
mentation with forecasting and optimization methods, real-world implementations may
exhibit additional complexities not captured in the simulated dataset. Second, the study
deliberately focused on a minimal analytical stack composed of a global forecasting proxy,
hierarchical reconciliation, and an MILP-based optimization model. In operational deploy-
ments, more sophisticated forecasting methods—such as LightGBM, CatBoost, or DeepAR
architectures—may provide additional benefits depending on data richness and forecasting
horizons [24–27]. Furthermore, external demand drivers such as promotions, seasonal
events, and supply disruptions were not explicitly modeled in the current framework.

4.4. Future Research Directions

Future research could explore several extensions of the proposed framework. One
promising direction involves comparing classical predict-then-optimize pipelines with
emerging decision-focused learning approaches that integrate optimization objectives di-
rectly into the training process, such as SPO loss functions or differentiable optimization
layers [18,41,42]. Another avenue concerns the generation of demand scenarios consis-
tent with hierarchical reconciliation, enabling systematic comparisons between stochastic
and robust production planning strategies under demand shocks [14–16]. Embedding
the planning stack within a digital twin environment could also enable stress-testing of
operational scenarios and evaluation of model predictive control (MPC)-style replanning
frequencies [43–46]. Finally, future work should investigate human-in-the-loop decision
processes, examining how production planners interact with model recommendations,
how overrides occur in practice, and how explainability mechanisms influence trust and
adoption of decision-support systems.

4.5. A Predictive Planning Program for Craft Breweries

Building on the analytical results presented in this study, a practical follow-on initiative
can be envisioned in the form of a Predictive Planning Program designed specifically for
craft breweries. The objective of such a program would be to translate probabilistic demand
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forecasts into executable, risk-aware production plans across brewhouse, fermentation,
maturation, and packaging operations on a rolling planning horizon.

The program would be structured around several modular components. A unified data
and feature store would consolidate SKU definitions, recipe information, tank profiles, sales
and production timestamps, calendar markers, and stockout indicators, creating a reliable
data foundation for SMEs that often lack integrated information infrastructures [3,4,9,10]. A
forecasting engine would combine global tree-based learners, such as XGBoost, LightGBM,
or CatBoost, with quantile forecasting capabilities for most SKUs, complemented by deep
learning models such as DeepAR for products with dense historical records. These models
would be validated through rolling-origin cross-validation and systematically compared
with transparent statistical baselines [6,7,11,24–27,34].

Forecast outputs would then pass through a hierarchical reconciliation module based
on optimal-combination or MinT methods to ensure internal coherence across SKU, style,
and aggregate demand levels [30,31]. The reconciled forecasts would feed a prescriptive
optimization module based on GLSP or MILP formulations incorporating fermenter res-
idency constraints, cleaning cycles, changeovers, and packaging calendars. Risk-aware
objectives based on CVaR or robust optimization constructs would enable explicit control
of service-risk trade-offs [5,8,12–17,19–23].

A rolling-horizon orchestration component would automate the planning cycle, up-
dating forecasts, enforcing reconciliation, solving the optimization model, and releasing
executable schedules while enabling MPC-style replanning when new information becomes
available [13,43,44]. Monitoring and governance dashboards would track forecasting ac-
curacy, interval calibration, service levels, tank utilization, solver status, and operational
overrides, ensuring transparency and continuous improvement of the planning system.

Through this integrated architecture, the predictive-to-prescriptive analytics bridge
becomes operational in practice. The program codifies hierarchical demand structures, re-
spects brewing process constraints, and embeds risk management and replanning capabili-
ties as native features of the planning workflow [5–8,12–23,30,31,41–48]. As a result, it offers
a practical pathway for SMEs to transition from fragmented spreadsheet-based planning
toward repeatable, data-driven, and more sustainable production decision-making systems.

This study contributes to the literature by proposing and validating an integrated
predictive–prescriptive framework for demand forecasting and production planning. From
a theoretical perspective, the research advances the understanding of how Machine Learn-
ing and Operations Research can be effectively combined to support decision-making
under uncertainty, moving beyond approaches that treat forecasting and optimization as
isolated processes. From an empirical perspective, the study demonstrates the applicability
of this approach in a small- and medium-sized enterprise context, highlighting its ability
to improve production planning, enhance resource allocation, and support more stable
and feasible operational decisions. The findings also emphasize the importance of aligning
predictive performance with decision-oriented outcomes, reinforcing the role of integrated
analytics in complex production environments. Finally, the results indicate that such in-
tegrated approaches can contribute to more sustainable production systems by reducing
inefficiencies, minimizing waste, and promoting more efficient use of resources. This high-
lights the potential of data-driven decision-support systems to support both operational
performance and sustainability objectives in supply chain contexts.
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