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Chapter 6: Predictive Modeling for Resource and
Demand Management

6.1. Introduction

Predictive modeling for resource and demand management is defined and the core
underlying concepts, basic assumptions, and usual limitations are identified.
Connections to decision-making contexts and measurable outcomes are established.

In predictive modeling, a target variable of interest is predicted from the values of a
number of other variables. Choice of target variable and prediction destination shape the
predictive modeling framework. For example, predicting the ‘mean number of
customers' at ‘time t + one hour in the next day in an automated small food store' is less
useful than predicting the number of customers in the restaurant. A small food store
selling culinary take-away products, soft drinks and beer requires staff and shelf
management to satisfy demand and not risking loss of sales or profit reduction due to
excess waiting time. Demand prediction at exhaust shelf filling level avoids excess
storage and preparing of meals without sales. Demand prediction could be a predictive
model in resource management capable of proactively reverting resource demand
fluctuation; or, a network theory predicting arrival rate to design resilient networks,
planning services or studying epidemic spreading speed.

6.1.1. Overview of Predictive Modeling Concepts

Predictive modeling of resource and demand management involves resource
consumption, availability, or demand prediction through techniques such as regression,
time series analysis, or machine learning. A predictive model is a mathematical entity
capable of creating future predictions best aligning with observed reality, minimizing
some cost function. The underlying predicted value and format assumptions determine
the choice of algorithm, which can be statistical (supporting explanatory analysis based
on derived coefficients) or machine learning (which can have multiple classes entering
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the training process). Consequently, predictive modeling is the common ground for
statistical regression and machine learning approaches with quantities as targets.
Regardless of technique, domain knowledge and accurate, relevant, and complete data
are fundamental for model quality.

A standard machine learning workflow is applied to predictive modeling, where data
requirements include past observations on the quantity of interest and at least partial
predictors. Evaluation relies on prediction errors, measures capturing how well the
predictions reflect the observations, and should be selected or designed according to the
operational requirements of the modeling process. The drawbacks, strengths, and trade-
offs of the two approaches, statistical regression and machine learning, follow, as well
as how the four time series components—stationarity, seasonality, trend, and cyclic
behavior—affect future resource management based on predictive models.
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Fig 6.1: Synergistic Predictive Architectures: Bridging Statistical Regression and
Machine Learning for Dynamic Resource and Demand Management

6.2. Foundations of Predictive Modeling

Foundational concepts underlying predictive modeling for resource and demand
management are surveyed, with theory connected to practice and anticipated benefits.
At ahigh level, predictive modeling involves estimating future values of a target variable
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based on relationships identified in historical input—target pairs. Broadly, two classes of
algorithms are commonly utilized: statistical methods and machine learning (ML).
Statistical methods assume that the underlying distribution is known or can be inferred;
thus, they can often achieve satisfying performance with relatively few data points and
are intrinsically interpretable. In contrast, ML methods relax this constraint and can
approximate any well-defined relationship, but they may require a considerable number
of points for generalization. Nevertheless, the lack of built-in interpretability remains a
key drawback.

In resource-planning contexts, the model is typically predicting an expected value under
relevant constraints. For processes that are cyclical in nature—such as road traffic,
electricity demand, and seasonal GHG emissions—time series analysis is commonly
applied. Time series data generally consist of numerous values of a single quantifiable
variable over time. Key characteristics include stationarity, meaning that the statistical
properties do not change over time, and seasonality, the presence of repeated patterns in
regular time intervals. Stationarity simplifies the analysis as the relationship can be
modeled for one cycle and generalized; a periodic signal can be represented in the
frequency domain and subsequently separated from remaining influences (i.e. ARIMA
methodology). When seasonality is present and unstable, projections become more
demanding, and longer forecasting horizons can be more critical. In a typical predictive
model, one observes the historical pattern and fits a function through the aggregated data
points, projecting this aggregated influence into the future along with any remaining
short-term influences.

6.2.1. Statistical and Machine Learning Approaches

Statistical methods—roots of predictive modeling—serve as standard benchmarks, but
machine-learning approaches are increasingly adopted thanks to advances in data
availability and computation. Closely related to classification techniques, these methods
often prioritize predictive performance over interpretability or causal modelling. In
addressing resource- and demand-management objectives and success criteria,
practitioners should consider the typical data setup and complexity of the underlying
processes. Statistical methods are particularly suited to tasks with relatively few
explanatory features, where succinct model formulations increase interpretability.
Conversely, machine-learning models excel when predicting outcome variables in
complex systems, such as firm-level electricity consumption. Within the context of time-
series data, autonomously encoding the temporal aspects into the algorithm often leads
to better predictive performance than explicitly specifying lags and other relevant
patterns. Moreover, predictive performance should be evaluated on unseen data rather
than through historical cross-validation to prevent overfitting.
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A requirement for statistical modelling is the availability of stationary time series, whose
statistical properties remain constant through time. Decomposing a time series into its
underlying components (level, trend, seasonality, and noise) can help to determine
whether differencing or deseasonalizing improves model accuracy, and predictable
seasonal patterns should be accounted for, as the resulting lagged data may reduce the
effective sample size when they are explicitly added to the model. Furthermore,
deviations from seasonally stationary behaviour, evident in demand-management
systems, can indicate imminent anomalies in the time series, process, or system. Such
information can be crucial for planning timely interventions that maintain service-level
agreements.

6.2.2. Time Series Analysis

Time series data are defined as observations obtained through repeated measurements at
discrete time points. These observations are arranged sequentially, ordered
chronologically, and usually consist of equally spaced time intervals. A standard
approach for forecasting future observations in any time series is to decompose it into
the underlying components that identify the data-generating process. Classical
techniques used to identify these components involve statistical properties such as
stationarity, seasonality, and trend.

Stationarity indicates whether the characteristics of a data series are constant over time.
Time series data are considered stationary when the properties of the series, such as the
mean and variance, are not functions of time, and the covariance of the values in the
series is the same for the same lag, regardless of time. Nonstationary data typically
exhibit time-dependent patterns such that two consecutive observations tend to be more
similar than those further apart. Many forecasting algorithms require the input time series
to be stationary. If the training series shows evidence of seasonality or trend, the forecast
may be improved by first adjusting the series (using differencing, seasonal differencing,
detrending, or filtering) to remove these characteristics and then fitting a suitable model
to the adjusted series.

6.3. Data Considerations for Resource and Demand Modeling

Modeling resource and demand for predictive purposes requires due attention to data:
data quality substantially affects modeling performance, and poor-quality data risks
misleading models into making proposals that may cause greater harm than good.
Accordingly, it is essential to ensure proper governance of data used for modeling
resource and demand systems, and to identify and cover the data requirements of the
model being developed. A decisive factor for success is the availability of data that can
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be integrated into a cohesive model-building dataset. While time series analysis
sometimes allows the modeling of resource and demand systems relying on accessible
historical data alone, many systems require features derived from data that may not be
directly aligned with the modeling objective. Preparing such data usually involves a data-
collection process that also addresses quality and quantity.

Data-collection processes are typically complex and labor-intensive, as it often requires
a wide range of different types of data from a diversity of sources. All these aspects have
to be addressed before the actual prediction is made. Preprocessing is necessary to
correct data defects affecting quality (such as missing or erroneous values), as well as to
make the dataset suitable for modeling. Quality assessment should ideally be conducted
before the data is used but can also be carried out afterwards. For many prediction tasks,
and resource planning in particular, the raw data is not directly used by the algorithms.
Instead, models may rely on large sets of derived features, where feature engineering
plays a decisive role.

Feature engineering for resource systems usually includes the generation of lag features,
aggregates of flows over past time windows of varying length, external indicators to
capture weather conditions, service demand events or seasonality, and dummy variables
representing forecasted supply disruptions. Feature engineering for demand systems is
more dependent on the prediction horizon and data availability. For short-term
predictions, feature engineering typically imitates the design of demand models; for
medium- and long-term modeling, demand may be aggregated and projected.

6.3.1. Data Collection and Quality

Data quality and availability remain the primary challenge in predictive modeling,
regardless of the targeted resource or demand domain. Reliable models require data
representative of the anticipated operational conditions. Data must meet the necessary
quality standards for the intended application, ensuring accuracy, completeness, and
consistency, as well as fitness-for-purpose, in accordance with pre-established
governance policies. Nonetheless, the burden of data collection and assurance can be
significantly reduced by carefully established processes. Subsequently, feature
engineering introduces new attributes tailored for specific systems or resource types,
enhancing information content or predictive relevance.
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Fig 6.2: Optimizing Predictive Fidelity: A Governance-Led Framework for Granular
Data Acquisition and Feature Engineering

The first steps of these processes prepare the previously identified raw features. Data
sources are enumerated, covering internal and external data repositories, automated data
feeds, and other indications. Next, the sequence of data acquisition is specified, with
more granular data collected first, followed by aggregations and derivations that use the
finer-level data (usually at a more operationally relevant temporal granularity, such as
hourly or daily, rather than monthly). These account for features with non-obvious
aggregations or data that cannot be gathered elsewhere (e.g., customer events). Last,
completeness and accuracy checks are designed to assess the quality of the raw data.

6.3.2. Feature Engineering for Resource Systems

Feature engineering strategies essential for predictive modeling of resource and demand
management provided next. These methods aim to enhance the ability of predictive
models to produce high-quality forecasts. Such techniques become especially important
in situations where the amount of available historical data is limited relative to the
number of variables, distinct market segments, and forecasting horizons involved in the
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predictive task. Additional indicators may help to better explain the target variable being
predicted rather than simply duplicating it.

In the context of demand predictions for resources, three types of features are commonly
derived and tested: lag features, aggregating features, and event-type features. Lag
features consist of a variable’s values from one or more previous time steps; they are
particularly relevant when the output is time-stamped. Aggregated features are variables
that summarize the behavior of the demand process over a preceding time frame, such
as during the previous week. Event-type features indicate whether a certain event has
occurred during the previous days; they are particularly useful in identifying demand
peaks and drop-offs occurring in intervals with different estimated patterns.

6.4. Model Design for Resource and Demand Management

Designing an effective predictive model for resource or demand management
incorporates clearly stated objectives and constraints, a set of selected performance
metrics naturally aligned with the overall operational goal, and a plan to evaluate the
model prior to deployment. The model's objective and success criteria together define
concepts of interest to those supporting decisions about the resource system: for
example, minimal operational expenditure to achieve a required availability and service
quality, short patient journey times or lengths of stay, sufficient hospital capacity to
prevent overcrowding and maintain patient safety, and so on. These operational targets,
and the metrics that express them, should be formulated explicitly.

Resource Management Predictive models for resource management typically seek to
minimize an expected cost incurred over a specified planning horizon, where cost may
be understood in the broadest sense to encompass not only financial expense but risk of
equipment failure, environmental impact, social disruption, and other relevant factors.
Candidate models are thus evaluated on the basis of the costs they imply for the resource
system over the planning horizon, with lower costs signifying a better model. Predictive
models for accompanying demand management often seek instead to Maximize
Expected Revenue Realized Demand management decisions typically involve the setting
of prices or charges. The predicted response of demand to these decisions is then
characterized by the demand forecast as a function of the price-setting decision, with
greater revenue implied by higher levels of demand when price-setting involves
subsidization and lower levels of demand when price-setting involves charging.

Decision Theory and Protective Models for Demand Management Unlike resource
management, where decision-support requirements can usually be framed within
decision-theoretic formalism, predictive models for demand management are not
commonly designed using such a framework Given the uncertainty that surrounds any
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forecast of demand at a given level of price, a formal decision-support framework would
seek to provide a point estimate of demand, with the design of price levels that would
Maximize Expected Revenue or Overall Societal Benefit thereafter based on that
forecast. Such an approach is not common in practice Past demand-management
predictive models have usually provided an "envelope" around the demand-response
functions of interest.

6.4.1. Defining Objectives and Metrics

Model design should begin with an explicit statement of objectives that articulates the
question that the modeling effort seeks to answer. These objectives must, in turn, be
defined in such a way that success (the answering of the fundamental question) can be
recognized. This may sound trivial, but defining a problem in such a way that it can be
successfully solved requires considerable discipline and creativity. In practice, a
predictive model applied in a resource planning context is expected to generate forecasts
of system behavior over a defined planning horizon. Therefore, clear specification of
what specific aspect of system behavior is to be predicted, how good those predictions
must be in order to achieve the fundamental objective, and how prediction quality will
be measured are important elements of model definition. Ultimately, the usefulness of a
predictive model is determined by how well its forecasts support sound decision making.

Successful resource and demand management relies on accurate predictions of system
behavior. Pitfalls, however, abound. For example, predictions may fail to capture
different patterns in different seasons, a failure that becomes critical if different policies
must be applied in different seasons. Three commonly adopted forecasting accuracy
measures, MAE, MAPE, and sMAPE, are described and illustrated in the context of
predicting load on a public transport system during summer and winter.

6.4.2. Model Selection and Evaluation

Model design requires careful consideration of objectives, constraints, and evaluation
plans. Defining explicit success criteria that align closely with operational goals
maximizes business impact. Important evaluation decisions include performance
metrics, selection criteria and frameworks for validation, safeguards against overfitting,
and methods for comparison with alternative models.

Explicit objectives form the basis for establishing success. These not only measure
predictive accuracy but may consider other aspects such as runtime, training time and
complexity, suitability for data labour economics, or alignment with human judgment.
As in any forecasting, different metrics have their place, serving complementary roles in
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evaluation. Generally along with predictive ability, the impact on costs of a resource
system must also be assessed through Li.

Predictive models build in a variety of situations. Some simply identify the best
performer, chosen from a set of alternative models. For others the definitive answer is
so important that overfitting must be avoided. For some application areas the complexity
of modeling is so great that a data labour cost must be considered. Application areas with
anatural asymmetry in costs associated with different types of mistakes have been shown
to benefit from aligning criteria with that asymmetry.

6.5. Applications in Resource Domains

Predictive models find ready applications in many resource domains, although these
areas have distinctive features that distinguish them from demand contexts. One major
difference stems from the necessity of ensuring sufficient resource availability. Demand-
only models can misfire with negative outcomes for suppliers, but such outcomes cannot
be tolerated in resource domains, especially where safety is a concern, even if high costs
are incurred by excessive supply. This necessitates the establishment of appropriate
model dimensioning criteria, success measures, and validation and comparison
procedures. Method-specific issues must also be examined, as model performance can
be affected by the techniques employed, particularly in combination with natural time
series structures. The incorporation of statistical reasoning can aid predictive resource
modeling in fulfilling its dimensioning and evaluation roles. Applications of predictive
models have been reviewed in the energy and healthcare domains. Within the vast
utilities sector, they enable forecasting of future service load for generating, dispatching,
and planning purposes. The predicted flow of patients through hospitals can guide the
allocation of medical specialists and nursing staff to match patient needs.

The energy and utilities sector covers various types of entities, with load forecasting as
arguably the core predictive task. Publicly owned utilities are responsible for network
services and maintenance in addition to load forecasting, which is essential for
operational, short-term, and long-term planning. Private companies encompassing
generation, transmission, distribution, and retail roles usually commit to sufficient
investments for market-entry permits with relevant authorities. Predictive models for
such utilities address operational planning, aiming to match load to generation, for the
next day or several days ahead, using data from previous years on annual seasonality and
shorter bursts of seasonality.
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6.5.1. Energy and Utilities

Energy and utilities constitute an important stakeholder in predictive modeling for
resource management. Typically representing complex physical and natural systems,
these systems necessitate their own distinct action plan. On the one hand, these sectors
differ from different types of domestic or service processes by the nature of the physical
processes in place, which follow the laws of physics in a the operation of natural
phenomenon like hydrofoils, rivers, clouds, path of sun, etc. On the other hand the
complexity of the segments results from the introduction of networks that connect
generation and consuming resources appearing likeness to transport problems. Due to
high association of subsequent events in these energy systems, the required methodology
is built similar to time series analysis, requiring historical data and using predictive
algorithms to address verbally expressed future questions.
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Fig 6.3: Predictive Reliability in Energy Systems: Integrating Time-Series Modeling
and Physics-Based Constraints for Peak Demand Management

In the energy sector, decision making is primarily faced with the question of demand.
The driving force here is the support of a reliability concept with enough reserves
balanced with a controlled investment. Also associated with this sector are lend
questions with regard to planning of future generating installations and hydroelectric
reservoirs. Foreseeable behavior of the demand during the extreme peak periods helps
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maintain the reliability characteristic level with a minimization of supply of ancillary
generating installations. The size of reservoirs, the amount of power in underground
water or ice deposits, and the service level in terms of normal duration load predictability
are associated with the proper considerate of supply expectability. Moreover, from the
available records of load at each geographical location, it is envisaged to obtain a
prediction of the expected values for different time levels. Even when significant
diagrams are representative for short periods, they correspond to a great number of
events that inably will require accommodation at grouped or meshed networks.

6.5.2. Healthcare Resource Planning

Healthcare systems face the complex and challenging task of ensuring that sufficient
resources—number of beds, number and expertise mix of staff, and quantity of medical
devices enlisted in patient treatments—are available when and where they are needed.
Predictive models can support this task by assessing expected resource demand or flow
in order to identify potential bottlenecks and congestion over planning horizons ranging
from days to months ahead. This can facilitate timely interventions to mitigate their
consequences, such as adjusting staff rosters, rescheduling non-urgent procedures in
areas deemed potentially over-congested, or enlisting extra resources.

Potential applications of predictive models include forecasting patient
admission/departure rates, length of stay, bed occupancy level, required staff on service,
staff on service requirements by role, use of key medical equipment (e.g., hemodialyzer),
place of treatment choice (hospital ward, intensive care, or other), operating theatre
demand and related recovery room use, and flow of non-inpatient patients into and out
of the hospital. While the volume of available data is large and growing, obtaining
adequate quality data remains a major challenge and priority, as illustrated in the
predictive model for hospital bed occupancy presented in Ochoa et al..

6.6. Implementation Considerations

Operationalizing predictive models for resource planning and demand management
involves preparing the selected model for use within its targeted operational environment
and establishing a monitoring and maintenance approach to ensure continued
effectiveness. The model must be adapted to coexist with other components of the
applied demand management strategy, which may include other modeling approaches
(for example, statistical and ML methods may be combined) and possibly a wider
decision-optimization framework.
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The first step in operationalization is to assess the best way to implement the model. This
may involve custom coding, the use of a tailored module, or the incorporation of an
external API to provide predictions in a desired format. Capability and governance
structures should be established to ensure that the implementation is robust and supports
ongoing use, for example through the development of suitable documentation and clear
delineation of responsibilities. Apart from these elements, other considerations are likely
to depend on the operational context and the criticality of the prediction task. Integration
of the current model into the demand management strategy should also proceed
following established system development and change procedures.

The assessment of model performance based on its initial test set is generally insufficient
for long-term use because its operating environment is constantly evolving. The
underlying inputs may also evolve, even when situated in a stable context, for example
when exponential growth takes hold. Models thus require regular reviews and care to
ensure that they remain fit for purpose. Such monitoring can include ongoing
comparisons of decision-support predictions with actual observations, and formal re-
evaluation on a set frequency determined by the practical context of management use.
The frequency of systematic retraining or updating need not be the same as for
monitoring, but may be selected based on trends in prediction quality. Version
management is advisable to avoid confusion, and any issues that emerge should be
carefully recorded and addressed for the future.

6.6.1. Operationalization and Deployment

Operationalization entails defining steps to incorporate developed models into active
environments, thereby ensuring effective modeling utilization and risk reduction.
Decisions made in operationalization remain in place throughout the model's lifecycle,
influencing the period preceding deployment. Strategic integration allows the predictive
model to reinforce ongoing initiatives, augment decision-makers' comprehension, and
foster solutions geared toward specific goals.

Effective deployment ensures continued benefits from modeling efforts and forms part
of integrated support systems. The specific application context informs critical actions
such as implementation timing, governance structure, and effort allocation. Predictive
modeling does not necessitate system deployment; immediate benefits can be derived
from additional insights brought to light during the modeling process, provided that
model performance meets agreed-upon criteria. Nevertheless, the sustained translation
of demand data into actionable suggestions warrants strategic integration within existing
operating frameworks.
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Increased model robustness helps mitigate operational risk, while regular utilization
engenders familiarity among stakeholders, reducing subject matter experts' verification
burden. Monitoring procedures detect deviations from anticipated behavior as the model
interacts with the actual system, while proper documentation guides subsequent model
iterations. Three integration dimensions are relevant: refinement of existing resource
allocation frameworks; incorporation into recurrent, periodic decision processes; and
adaptation to support ad-hoc, one-off processes.

6.6.2. Monitoring, Maintenance, and Updating

The operational and predictive performance of a deployed model should be continuously
monitored during its expected lifecycle. This entails evaluating predicted and actual
outputs to uncover drifts, anomalies, inefficiencies, and violent deviations. Monitoring
frequency may range from near-real-time for mission-critical and high-frequency
applications to quarterly or half-yearly reviews for less dynamic situations, as
determined by management at the setup stage. Established thresholds triggering model
reviews should take into account operational considerations.

Monitoring serves as a checkpoint highlighting issues with the model, but it cannot
uncover the cause of performance deterioration. Therefore, when evidence of suboptimal
performance arises, a formal maintenance routine should be invoked for investigation
and correction. This routine typically consists of tracking input dimensions over time,
identifying parameters with evident changes, and determining the impact of input drifts
on predictions. If no faults are discovered, an in-depth analysis is warranted to pinpoint
the source of problems with predictive capacity.

A comprehensive model management plan specifies how frequently a model will be
updated with fresh training data to ensure sustained performance, which may vary for
core and non-core models. Alternatively, it might incorporate a renewal mechanism
based on business-as-usual data capture targeted for production. Regardless of the
updating model, a version control system should record all changes for tracking and
auditing purposes.

Implementing these recommendations will sustain good operational and predictive
performance of a deployed predictive model for resource and demand management.

6.7. Conclusion

Predictive modeling for resource and demand management is a comprehensive approach
to developing, deploying, and maintaining predictive models that inform operational
decisions. The discussion distilled from this synthesis of predictive modeling in a
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resource and demand management context is complete. Decision-makers in almost any
industry can benefit from predictions of resource utilization. Such predictions enable
management to proactively allocate and scale resources, thus avoiding the inefficiencies,
costs, and frustration caused by a shortage or surplus of critical resources.

Proactive Operational Benefits
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Fig 6.4: Proactive Operational Benefits

The ability to manage resources well depends on many internal and external influences,
some of which are measurable while others can only be captured in a supporting role.
Even when a predictive model is feasible, achieving good predictive performance for a
quantity of little-to-no historical value remains a challenge. Statistical time series models
have well-known limitations in this regard, prompting the emergence of machine-
learning approaches that seek to learn complex patterns from large feature sets. Yet
predictive power comes at a price: demand for data can exceed what is available and
quality can vary widely. Sprinkling a predictive model with unvetted ingredients may
degrade—not enhance—its predictive performance. Establishing measurable objectives
and aligning the evaluation framework with operations are key to selecting the right
model.

6.7.1. Final Thoughts and Future Directions

The defined models are a crucial part of decision-making processes for resource systems.
When resources must match demand either exactly or closely and operational costs
depend directly on these resources, predictive models are essential. Other types of

demand-related predictions have a more indirect but still vital purpose: estimate
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quantities that can support decision processes of various types. Users involved in
predictive modeling of funding and demand must consider in detail the temporal
resolution of predictions and the distance of the prediction horizon within winter
strategies. The resulting forecasts can drive strategic decisions but can also be tested
with proper simulation approaches. When the resources used in the described models are
prone to degradation with time, the ability of the models to quantify these effects and
their cost also allows predictive modeling to be used in optimize resource usage. Finally,
when temporal information is supportive of an improved prediction performance, it can
obviously be included.

An overview of core concepts and algorithms used in predictive modeling with specific
emphasis on the requirements and aspects that need to be considered. The main
motivation lies in resource systems, where the quantities to be predicted strongly drive
the resources needed to accomplish them but are not directly dependent on costs.
Resource systems are used in areas of energy and utilities, healthcare, transportation and
others. Typical applications include load forecasting and capacity planning in energy
utilities, patient flow forecasting in healthcare, travel demand forecasting in
transportation and staff planning in services such as call centers hotels and restaurants.
The development of the models represents only the first step in their use. Once built and
validated they need to be operationalized and used to produce predictions on a regular
basis. Although the problems addressed by predictive modeling usually are almost
identical across different domains and systems the actual implementation may differ
according to the area of application and the peculiarities of the specific use case. An
outline of the steps needed to take the models into operation is presented.
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