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Abstract
The ability to accurately forecast unscheduled care needs is of paramount importance for decision making in healthcare
operations, ensuring a continuous and high-quality level of care. In this work, we provide a literature review of 156 research
articles of forecasting applications with special focus on care services that are not scheduled in advance such as emergency
departments. Our paper presents two key contributions. Firstly, we propose a novel framework designed to characterize
the application of forecasting process across various unplanned healthcare services. Our taxonomy facilitates the detection,
decomposition, and categorization of forecasting processes, enhancing the understanding of their deployment in different
unscheduled care settings. Secondly, we conduct a comprehensive literature review based on a systematic search, critically
analyzing the state of forecasting research in unscheduled care services and identifying key research gaps. We explore
forecasting problems in depth, examining their purpose, the various methodologies used, the rigor used in generating and
evaluating forecasts, and the reproducibility of results, all within the context of the proposed framework. By consolidating
the current state of the art, this paper provides valuable insights to both healthcare professionals and academics regarding the
effective application of forecasting in unscheduled care services. Finally, it serves as a roadmap for identifying major research
gaps and outlines an agenda for future investigations.
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1 Introduction

Unscheduled care, often referred to as unplanned or emer-
gency care, encompasses vital healthcare services that are
not scheduled in advance and are essential for addressing
immediate or unforeseenhealth issues.These critical services
remain accessible around the clock, prioritizing patients’
needs beyond the confines of routine healthcare services
[1–3]. In recent years, the escalating number and diversity
of services providing unscheduled care have prompted pol-
icymakers and researchers to perceive these services as a
cohesive system (see Section 3.1 for a detailed description).
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Given its uncertainty and unpredictable nature, this system
has brought unique challenges tomanagement, planning, and
decision-making [4]. These challenges may include over-
crowding, putting extra pressure on healthcare professionals,
missing waiting time targets [5], and ultimately deteriorating
the quality of service. Applying forecasting algorithms is one
of the possible practical approaches to inform better resource
capacity planning that may help overcome these challenges
mentioned above [6].

Forecasting is the process of making predictions about
future outcomes based on historical data. This process
involves several interconnected stages that can be repeated
to improve accuracy and reliability, known as the forecasting
process [7]. In recent years, it has been frequently applied
in unscheduled care services, among other applications [8],
such as emergency department attendance [9, 10], patients’
length of stay [11], and resource requirements [12, 13].

While there are various literature reviews on healthcare
analytics [3, 14–17], there are several limitations that moti-
vate our systematic literature review, which are summarized
below: i) many of these reviews focus on specific elements of
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unplanned care, such as emergency departments. In contrast,
our systematic review takes a broad approach, examining
unscheduled care in its entirety; ii) past reviews have only
focused on the forecasting technique, ignoring the process
involved in making reliable forecasts. In our research, we
prioritize reviewing thewhole forecasting process in the liter-
ature, acknowledging its importance in providing actionable
insights to healthcare decision-makers; iii) there is a signifi-
cant gap in the previous reviews surrounding the evaluation of
forecasting uncertainty. This component is critical for mak-
ing informed decisions; however, it is often overlooked. Our
work fills this gap by highlighting the uncertainty consider-
ations with forecasts in the published literature; iv) the field
of forecasting in healthcare continues to evolve, driven by
advances in modern modeling approaches. Recent develop-
ments are covered in the current review; and v) there has been
no prior review that integrates various aspects of unsched-
uled care, planning and decision-making, and the forecasting
process (workflow) in a comprehensive framework. This is
critical since components of a forecasting process are always
determined by the planning and decision-making and the
environment (i.e., various elements of unscheduled care ser-
vices) in which they operate.

In this review, we introduce a framework that allows us
to investigate the use of the forecasting process at multiple
decision-making levels-operational, tactical, and strategic-
within unscheduled care services, offering a comprehensive
perspective beyond existing studies. Unlike previous stud-
ies that only looked at forecasting methods [18] or resource
capacity [19], our framework emphasizes the connection
between the forecasting process and specific unscheduled
care settings, ensuring that decision-making processes are
informed by a rigorous process across different care dimen-
sions.

Using a systematic literature review,we offer amore trans-
parent, thorough, and complete evaluation compared to stan-
dard narrative reviews. Furthermore, our review addresses
the following research question: ”Drawing from existing
research, how is the forecasting process in unscheduled care
settings being addressed to support planning and decision-
making at the operational, tactical, and strategic levels?”
Addressing this question helps to identify current practices
in forecasting within unscheduled care, highlight gaps in the
literature, and provide recommendations for improving prac-
tice and guiding future research efforts.

We have threemain objectives: (1) compile and synthesize
current literature on forecasting in unscheduled care, based
on the framework presented in Fig. 2, (2) investigate critical
elements of the forecasting process, such as purposes, eval-
uating quality, and reproducibility, and (3) highlight gaps
in the literature and propose an agenda for future studies.
Our framework serves as a valuable resource for researchers
by highlighting gaps in the current literature and offering

a roadmap for future studies. For healthcare practitioners,
it enhances their understanding of the key elements of the
forecasting process necessary to develop a rigorous process
tailored to different decision-making levels within unsched-
uled care.

The remainder of this paper is organized as follows: The
next section provides a description of the search process
used to identify relevant articles for the review. In Section 3,
our conceptual framework is provided, focusing on care ser-
vices, planning, and decision levels, aswell as the forecasting
process. Section 4 then examines and categorizes each of
the discovered papers from the literature search to give an
overview of forecasting purposes and variables, forecast-
ing methods, probabilistic forecasting, evaluating quality, as
well as reproducibility of research. Section 5 explores dis-
parities and challenges when forecasting for unscheduled
care services. Section 6 concludes with a summary followed
by detailed characteristics of publications in the Appendix.
Finally, our supplementary file provides an additional break-
down of the literature.

2 Searchmethodology

A systematic literature review was conducted using elec-
tronic databases on Scopus as well as the Web of Science
to search for English publications. The choice of Scopus and
Web of Science was driven by their comprehensive coverage
of relevant databases and journals, which are essential for
the interdisciplinary nature of our literature review on fore-
casting in unscheduled care services. These databases are
renowned for their extensive indexing of operational research
(OR) and management science (MS) journals, making them
ideal for our aim to review literature pertinent to forecast-
ing within unscheduled care services. The search process is
summarized in Fig. 1. To locate the most relevant articles
in the final sample for the review, search terms provided in
Table 1 were used while applying a combination of these
terms using the “AND” and “OR” Boolean operators. The
keywords were chosen based on preliminary scans of exist-
ing literature reviews. [3, 14–16, 20].

This research concentrates on operational research (OR)
and management science (MS) techniques that support and
rationalize resource capacity planning. Based on demand
forecasting, these methods provide optimization tools for
designing the unscheduled care delivery processes [2]. We
extensively reviewed papers pertinent to forecasting within
unscheduled care services, published in OR/MS Journals
from 2000 to June 2023. The timeframe between 2000
and June 2023 was selected to capture the most signifi-
cant advancements in forecastingmethodologies and notable
changes in healthcare policies that have influenced the land-
scape of unscheduled care. The OR/MS journals selected
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Fig. 1 PRISMA diagram detailing the search process [21]

in this article are obtained from the Journal Citation Report
(JCR) by Clarivate Analytics in 2022.

The screening stage is demonstrated in Fig. 1 by apply-
ing a structured approach detailed using a PRISMA diagram

Table 1 Search term to identify the literature base set

Search Terms Boolean Operator

Health* AND

Admission OR

Ambulatory OR

Emergency OR

Emergency call OR

Emergency department OR

Forecast* AND

Health care OR

Home care OR

Intensive care unit OR

Predict* AND

Primary care OR

Social care OR

Surgical OR

Telemedicine OR

Unplanned OR

Unscheduled AND

Urgent care cent* OR

[21]. Our search process utilized a combination of automated
and manual strategies to ensure both comprehensiveness and
precision. Automated searches were conducted in Scopus
andWeb of Science using predefined keywords and Boolean
operators, allowing us to gather a broad set of relevant articles
quickly. Subsequently, a manual review of these results was
performed to identify the most pertinent studies, including a
forward and backward search to capture additional relevant
publications not initially identified.

Figure 1 also reveals that the identification process
includes 2227 and 2223 records for Scopus and the Web
of Science, respectively. Another 406 publications were
retrieved through a forward and backward search. The ini-
tial electronic database search produced 4856 records. After
the removal of 1890 duplicates, a total of 2966 articles of
potential relevance remained. Then, 2053 articles were sub-
sequently excluded because the source type is not a journal or
the journal theme is irrelevant, such as chemistry, earth, and
planetary sciences. We further refined our selection of the
remaining 913 articles by excluding those primarily focused
on clinical outcomes, such as evaluating specific factors lead-
ing to unplanned readmissions. This exclusionwas necessary
to ensure that our review remains aligned with the objectives
of this literature review, focusing on system-level forecast-
ing rather than individual patient outcomes. By doing so, we
aim to provide insights that are more directly applicable to
resource planning and management in unscheduled care set-
tings, which is crucial for operational, tactical, and strategic
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decision-making. As a result of this process, a total of 156
articles were considered relevant and non-redundant, which
are reviewed in detail in the remainder of this paper.

3 Forecasting in unscheduled care services: a
conceptual framework

To explore the application of forecasting in unscheduled
care services, we suggest a framework with the following
main dimensions: i) unscheduled care service, including
telecare and home care, ambulatory care, emergency care,
inpatient care, and surgical care; ii) planning and deci-
sion levels, including operational, tactical, and strategic
levels; and iii) forecasting process, including forecasting
purposes, forecasting variables, forecasting methods, proba-
bilistic forecasts, evaluate quality, and reproducibility.

These three dimensions are combined to create a novel
framework to assist the forecasting application in unsched-
uled care services, as illustrated in Fig. 2. This framework
provides a structured overview of forecasting in unscheduled
care and enables researchers and practitioners to identify
relevant approaches and best practices for their specific
operational decisions and care settings. In the following sub-
sections, we will discuss the three main dimensions of the
framework.

3.1 Unscheduled care service

Unscheduled care services are organized into five categories
based on several factors, including urgency, resource inten-

sity, and patient outcome potential, as discussed in Webb [3]
and Hulshof et al. [2]:

1. Telecare andHomecareServices: These services include
a variety of remote support services, allowing patients to
remain independent for an extended period or coordinate
services for a patient at their home. Telecare and home-
care services are provided by service providers such as
emergency call services, telemedicine services, housing
care, etc. [2].

2. Ambulatory Care Services: In addition to providing
scheduled care, ambulatory care services often treat
patients with acute illnesses and minor injuries that are
not anticipated to be life-threatening. In the context of
unscheduled care, we focus on the unpredictable aspects
of ambulatory care, such as same-day appointments for
urgent medical needs. Examples of ambulatory care ser-
vices are general practitioners (GP), minor injury units
(MIU), and walk-in centers (WIC) [2, 3].

3. Emergency Care Services: Responsible for evaluating
and treating urgent and emergent medical issues, such as
those caused by accidents, trauma, acute sickness, poi-
soning, or catastrophes. Emergency medical treatment
may be delivered in a hospital setting or locations out-
side of themedical institution. Examples include hospital
emergency rooms, ambulances, and trauma centers [3].

4. Inpatient Care Services: Defined as care provided to
a patient who has been officially admitted for treatment
and will remain in the hospital for a minimum of one
night. This level of service includes accommodations to
meet patients’ special needs, such as hospital admissions
or general nursing wards [2, 3].

Fig. 2 Forecasting in unscheduled care services: a framework
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5. Surgical Care Services: These include surgical opera-
tions for the correction of deformities and defects, the
treatment of injuries, and the diagnosis and treatment of
specific illnesses. Surgical care services include operat-
ing theatres, intensive care units (ICU), and others [3].

3.2 Planning and decision level

Healthcare organizations make planning and control choices
to create and run the healthcare delivery process. It requires
integrated long-, medium-, and short-term planning and
decision-making across several management functions [6].
We provide a taxonomy for the planning and decision levels,
which includes the following three classes:

1. Long-term strategic planning and decision-making:
It entails an evaluation of the whole unscheduled care system
at a strategic level. Strategic planning typically ranges from
1 to 10 years.

2.Medium-term tactical planning and decision-making:
It outlines the techniques the organization intends to use to
accomplish the objectivesmentioned in the strategic plan [2].
Tactical planning usually has a time horizon of less than a
year and occurs monthly.

3. Short-term operational planning and decision-
making: These are often called one-time or continuing plans
[22] or decisions. From a temporal perspective, operational
planning occurs on a sub-daily, daily, or weekly basis.

3.3 Forecasting process

Weconsider several essential elements of the forecasting pro-
cess [7], which are outlined in the sections below:

1. Forecasting Purposes: There is at least one or multiple
reasons why a forecast might be required for unscheduled
care services. These are generally determined by identify-
ing planning and decisions, essentially what the forecast will
inform. This is what we refer to as forecasting purposes.

2. Forecasting Variables: Forecasting variables refer to
the output of the forecastingmodelwe intend to forecast. This
might also be called outcome, response variable, or target.
The forecast variable is generally used as an input (alongside
other potential inputs) to the decision-making process. The
purpose of forecasting dictates the forecast variable.

3. Forecasting Methods: A well-organized classification
system for forecasting techniquesmay facilitate the selection
of the most suitable forecasting method. In this study, we
present a classification of forecasting methods, which might
aid in the comprehension and organization of the approaches
used in the construction of a forecasting system.The forecast-
ing category employed in this review is based on Petropoulos
et al. [8], which illustrates the typologies and methodologies
used in each research. The forecasting methods are classified
as:

i) Statistical and econometric models (e.g., exponential
smoothing (ES), auto-regressive integrated moving average,
logistic regression): These models are highly relevant in sit-
uations where there is a wealth of historical data, and the
relationships between variables are relatively stable over
time. In healthcare, these methods are particularly suited for
forecasting patient admissions, disease progression trends, or
inventory needs, where past data can reliably inform future
decisions. For example, ARIMA or exponential smoothing
is well-suited for forecasting patient flow in ED over time,
allowing hospitals to identify cyclical patterns in patient
demand, especially during flu seasons or pandemics. The
ability of these models to incorporate and adjust for past
trends makes them highly reliable for short-term forecasting
in stable environments.

ii) Variable and model selection (e.g., lasso regression,
elastic-net): These methods are valuable when dealing with
complex datasets where identifying key predictive fac-
tors is crucial for informed decision-making. In healthcare,
selecting the most relevant variables can enhance model
interpretability and reduce overfitting, ensuring that pre-
dictions are both accurate and actionable. Methods like
LASSO regression and Elastic-Net automatically shrink less
important variables toward zero, effectively performing both
regularization and feature selection.

iii) Data-driven methods (e.g., artificial neural networks
(ANN), support vector machines (SVM), bayesian fore-
casting): Machine learning-based models such as artificial
neural networks (ANN) and decision trees (DT) are particu-
larly powerful in healthcare contexts where data is abundant
but relationships between variables are complex and non-
linear. These models are often used for predicting disease
outbreaks, optimizing treatment plans, and making individu-
alized patient predictions. For instance, Random Forests and
LSTM models are particularly useful for forecasting patient
outcomes by analyzing the vast amount of clinical data, such
as lab results, patient histories, and real-timemonitoring data.
These models excel in uncovering patterns that may not be
immediately apparent, enabling more accurate predictions
of disease progression. These models help clinicians make
personalized treatment decisions and improve patient care
outcomes, especially in dynamic and high-pressure environ-
ments like intensive care units.

iv)Other forecastingmodels (e.g., Judgmental forecasting
and simulation methods): Judgmental forecasting and sim-
ulation methods are more suited to scenarios where human
expertise and intuition are critical, or when there is limited
or uncertain data. In healthcare, these methods are benefi-
cial when forecasting the impact of rare events or managing
resource planning in highly unpredictable situations, such as
during pandemics or in emergency preparedness. Simulation
models, like Monte Carlo simulations, can help healthcare
managers to evaluate different policy scenarios and make
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informed decisions about capacity planning or crisis man-
agement.

An alternative to the above classification might be based
on the types of amounts forecasted, which may help in the
selection of an appropriate approach for a certain application.
For example, some forecasting techniques may be suitable
for durations such as patient wait times or hospital length
of stay, while others may be tailored to quantities such as
admissions or call volumes.

4. Probabilistic Forecasts: Generating and communicat-
ing probabilistic forecasts is essential for acknowledging
uncertainty in predictions. Rather than providing a single-
point estimate, probabilistic forecasts offer a range of poten-
tial outcomes along with their associated probabilities. This
approach allows decision-makers to better understand and
manage uncertainty, leading to more informed and flexible
decision-making. We assess whether the research incorpo-
rates probabilistic forecasting methods to account for and
represent uncertainty in its forecasts.

5. Evaluate Quality: We assess the forecasts’ quality by
analyzing several factors that ensure a rigorous implementa-
tion of the forecast quality evaluation process. These factors
include: i) Benchmark: is a benchmark method included for
comparison? ii) Out-of-sample evaluation: is out-of-sample
used to examine accuracy? iii) Cross-validation: is cross-
validation used to report accuracy? iv) Error metrics: what
error metrics are used to quantify the model’s performance?

v) Uncertainty metrics: is forecast uncertainty being mea-
sured and reported? vi) Business utility metrics: does the
research assess the business value of the forecast in a practi-
cal setting?

6. Reproducibility: Ensuring that forecasts are repro-
ducible is vital for transparency and validation. This involves
clear documentation of forecasting methods, data sources,
and assumptions, allowing other researchers to replicate the
study and verify its findings.

To effectively make use of the proposed framework for
forecasting in unscheduled care services, practitioners are
guided through a structured process as depicted in Fig. 3.
Healthcare providers should begin by selecting the spe-
cific unplanned care service type, followed by the level of
planning and decision-making involved. They then need to
determine different elements of the forecasting process. For
instance, an ambulatory care clinic could apply the approach
for day-to-day decisions using short-term forecasting tech-
niques to anticipate daily patient numbers, thus enhancing
staff planning. On the other hand, a hospital might utilize it
for long-term strategic planning to assess the necessity for
new emergency department facilities. The approach helps in
choosing appropriate elements in the forecasting process for
the service type and decision-making level. This structured
approach ensures that the forecasting process is not only the-
oretically robust but also practically applicable to real-world
decision-making in unscheduledhealthcare settings, address-

Fig. 3 Step-by-step guide for
practitioners
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ing the specific needs and operational goals of different care
providers.

4 Research analysis within the framework

This section presents the analysis of the literature review,
focusing on various elements of the framework illustrated
in Fig. 2. Subsection 4.1 outlines the characteristics of the
studies, considering the three dimensions of the framework.
Given the fundamental importance of forecasting process,
Sections 4.2 to 4.6 highlight findings specifically related to
the dimensions of forecasting process.

4.1 Article characteristics

When analyzing the frequency of papers across various
unscheduled care services categories, we found that emer-
gency care services receive the most attention. This is not
surprising because urgent and emergency care go hand in
hand. The role of emergency care as one of the primary
gateways into hospitals also contributes to its prominence.
Ambulatory and surgical care receive the least attention in
the unscheduled care system. Another observation is that 33
studies apply their prediction to two care dimensions, while
only eight articles [23–30] address three or more care dimen-
sions.

The limited representation of surgical care in research
literature could be due to several reasons.One possible expla-
nation is that these services are often perceived as urgent or
time-critical compared to emergency care, leading to a lower
priority when it comes to forecasting efforts in these areas.
Moreover, data availability and quality challenges can create
obstacles for researchers aiming to build forecasting models
for surgical care services. These services typically involve a
range of patient conditions, treatment paths, and outcomes,
making it challenging to gather and standardize the required
data for forecasting purposes. Additionally, the fragmented
nature of healthcare systems and the lack of integrated data
systemsmight impede reliable data collection throughout the
care process, especially for services beyond hospital settings.
Overcoming these data-related barriers and promoting col-
laboration among healthcare stakeholders, researchers, and
policymakers will be essential in broadening the scope of
forecasting studies to cover an array of unscheduled care
services.

We assess the frequency of publications associated with
each category of forecasting methods. Among these, statisti-
cal and econometricmodels are themost often used, followed
by data-driven models, and variable and model selection
methods. There is a limited amount of research involv-
ing judgmental forecasting when dealing with forecasting
unplanned activities in healthcare. There were 36 publi-

cations identified as using multiple classes of approaches.
Thirty-two of the studies use two approaches, while only one
utilize three approaches [31]. The majority of these papers
use statistical and econometric models along with one other
method, demonstrating that multiple clusters of forecasting
methods could be used to solve one problem. These findings
highlight the potential for integrating different forecasting
approaches to enhance predictive accuracy, providing valu-
able insights for decision-makers and practitioners seeking
to improve forecasting strategies in complex and uncertain
environments.

While most of the current literature focuses on statisti-
cal and machine learning models, there is indeed potential
for judgmental forecasting to play a more significant role,
especially in situations where expert intuition and real-time
decision-making are critical. Given the unpredictability of
unplanned care, incorporating expert judgment into fore-
casting models could complement data-driven approaches,
improving accuracy in scenarios where historical data alone
may not fully capture the complexities of care demand.
Future research could explore how to effectively integrate
judgmental methods with existing models to enhance the
forecasting process.

Given that most forecasting tasks may require using many
variables, which can be time-consuming and expensive, it is
unsurprising that that many authors consider using variable
and model selection methods. Benefits of using this method
include delivering variablesmore rapidly and cost-effectively
by lowering training time, facilitating data visualization, and
providing a greater overall understanding of the forecast-
ing procedure. It also aids in selecting a model with few
variables by eliminating unnecessary factors that render the
modelmore accurate and easy to comprehend [32]. However,
it is essential to scrutinize the widespread adoption of vari-
able andmodel selectionmethods critically. Their popularity,
while suggestive of utility,maynot fully capture their efficacy
relative to other methodologies. For instance, while these
algorithms simplify models by focusing on key variables,
they may overlook complex interactions that more advanced
techniques could capture. Therefore, we propose a reflective
examination of whether the current preference for variable
and model selection methods is truly performance-driven or
a result of unchallenged acceptance.

Providing decision-makers with information on the vari-
ous planning levels in different services might assist them
in evaluating and altering the organization’s direction in
response to a changing environment. The connectionbetween
the unscheduled care services and planning and decision lev-
els is shown in Fig. 4.

Due to the scarcity of long- and medium-term forecasting
research, the three levels of planningdecisions are not equally
distributed, with operational planning being more prevalent
than the other two decision levels. There is a lack of fore-
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Fig. 4 Interaction between
unscheduled care services
spectrum and planning and
decision levels

casting studies on strategic planning in telecare and surgical
care. This reveals a research gap in the long-term planning
of these two services.

Operational environments change amongvarious unsched-
uled care levels, and forecasting strategies should be adapted
accordingly. For example, telecare receives more aggregated
data in their daily operation, and forecasting strategies that
require more individual data, such as variable and model
selection methods, may not be suitable for this environment.
When managers select a forecasting method, they are unsure
whether it is suitable for their operational environment. The
interaction between the forecasting methods and unsched-
uled care levels is considered and displayed in Fig. 5 to
provide a realistic means of selecting an appropriate fore-
casting approach.

The figure indicates that statistical and econometric mod-
els and data-driven forecasting models are applied more
frequently in inpatient care. More research utilizes statistical

and economic models for emergency care services compared
to inpatient care and telecare. In statistical and economet-
ric models, logistic regression and the ARIMA models are
the most frequently used forecasting techniques, whereas
Lasso regression is the most frequently used forecasting
method in variable and model selection methods. The arti-
ficial neural network (ANN) is the most frequently utilized
approach in data-driven models. This result is not surpris-
ing because of their outstanding ability to model non-linear
and complex relationships between statistical variables used
for forecasting. These findings provide useful insights for
decision-makers and practitioners in healthcare, highlighting
the importance of selecting appropriate forecasting meth-
ods based on the specific needs of different care settings to
improve planning and resource allocation.

Finding a link between decision levels and forecasting
techniques can give forecasters a direction for selecting the
appropriate forecasting method based on their planning hori-

Fig. 5 Interaction between
unscheduled care services
spectrum and forecasting
methods
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zons. It can reduce system error if an adapted model is used
[33]. Figure 6 considers the interaction between planning and
decision levels and forecasting methods. This figure shows
that short-term statistical and econometric models are most
frequently used across all three planning and decision levels.
The interaction between operational planning and statistical
and econometric models was the most observed, and multi-
variate logistic regressions were the most used method in all
three decision levels. This can be explained as this method is
the most frequently used by academics.

To further enhance the decision-making focus of our
framework, Supplementary Tables 6-15 categorize the fore-
casting process related to the different planning and decision-
making levels (strategic, tactical, and operational). The tables
offer healthcare decision-makers concrete examples from
the literature, connecting the planning decisions with the
forecasting purposes. Also, the table serves as a practical
tool to help decision-makers navigate the complexities of
unscheduled care and identify appropriate actions for their
operational needs.

4.2 Forecasting purposes and variables

Our research finds that the main purpose of producing a
forecast is to identify unplanned readmissions and optimize
resource allocation and staffing. This shows that researchers
are more interested in discovering patients’ readmission
trends, such as risk indicators for patient visits and admission
schedules. There is little research examining these two pur-
poses. We also identify which variables are commonly used
in the forecasting process. Analyzing forecasting variables
allows researchers to appreciate the most recent study trends
and distribution.

Our analysis indicates that ”Readmission,” ”ED atten-
dance,” and ”Emergency call volume” are among the most
utilized forecast variables among researchers. However,
these variables are not all modeled using the same methods.
For example, ”Readmission” forecasting tends to rely heav-
ily on machine learning models such as neural networks,
while ”ED attendance” and ”Emergency call volume” often
use time series models like ARIMA or exponential smooth-
ing. This highlights a range ofmodeling approaches that vary
depending on the specific variable being forecasted.

4.3 Forecastingmethods

In this section, we review various forecasting methods found
in the literature and classify them as regression problems,
time series, and classification problems. This categorization
can aid researchers in examining relevant papers during the
forecasting process. In our literature review, there are more
articles addressing classification problems (n = 68) than
regression problems (n = 12) and time-series problems (n =
64).

Figure 7 displays the breakdown of the research’s classifi-
cation, regression, and time-series methods. It reveals that
more than half of the studies rely on logistic regression
when performing classification modeling. Linear regression
is the most considered approach for regression problems.
When analyzing time-series problems, the ARIMA method
(n = 38) is the most frequently used method, followed
by exponential smoothing (n = 19) and neural networks
(n = 16). Given that a statistical model like ARIMA is effec-
tive for regression and time series problems but ineffective
for classification, this is not a surprising result. While vari-
able and model selection methods are effective at dealing

Fig. 6 Interaction between
planning and decision levels and
forecasting methods
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Fig. 7 Forecasting methods
used in the unscheduled care
literature

with categorization challenges, it is difficult to determine the
optimal number of input variables [8].

4.4 Probabilistic forecasts

Producing the probability distribution for the forecast vari-
able allows the decision-maker to examine the underlying
uncertainty. It presents a range of possible future values
within which there is a probability that the outcome will
occur. We assess whether probabilistic forecasting methods
are employed in the research to represent and manage uncer-
tainty in forecasts in this section. Probabilistic forecasting is
not commonly used in this area. Some articles discuss only
prediction intervals or quantiles, which is different from pro-
viding the entire forecast density, i.e., probabilistic forecasts.
41% of studies (n = 64/156) generate prediction intervals
or quantiles, and less than 6% of studies (n = 9/156) con-
sider using probabilistic forecasts evaluationmetrics. Details
of the articles analyzed during the literature review are pro-
vided in Supplementary Tables 6 to 15.

4.5 Evaluate quality

Evaluating the quality of forecasting models is crucial for
ensuring their reliability in decision-making. This section
focuses on how models are validated, including the use of
cross-validation, out-of-sample evaluation, benchmarking,
error metrics, uncertainty metrics, and business utility met-
rics, which are essential for assessing performance beyond
historical data.

A forecasting model is trustworthy and deemed fit to
act robustly in future scenarios if its accuracy has been
examined using out-of-sample data through cross-validation

and the study includes the result of simple benchmarks.
Our analysis shows that 76% of studies (n = 121/156)
employ both in-sample forecast validation and out-of-sample
forecast evaluation. Furthermore, 60% of research articles
(n = 93/156) do not examine forecast accuracy using
cross-validation, with model performance likely to be over-
estimated. 63% of the examined research (n = 98/156)
considered using benchmark models of forecasting to com-
pare their model performance. From that, 64% of articles
(n = 63/98) employ benchmark models to address regres-
sion and time-series problems, and only 36% (n = 35/98)
do so when solving classification problems.

The area under the receiver operating characteristic (AUC-
ROC curve) is the most often used assessment metric (n =
54),which is suitable for classification problems, followed by
mean absolute percentage error (MAPE) (n = 32) and root
mean square error (RMSE) (n = 28) to assess point fore-
casts. 41% of studies (n = 64/156) report the evaluation of
prediction intervals and less than 8%of studies (n = 12/156)
consider using the pinball score to assess the performance of
probabilistic forecasts.

A forecast should not be regarded as an ultimate objective
but rather as an input that must be integrated into a decision
support tool to be most effective. Linking forecasts to their
utility can aid decision-makers in comprehending the advan-
tages of forecasting and adjusting their strategy accordingly.
In this research, we also examine whether the utility of fore-
casts, such as reporting cost, waiting time, or staff utilization,
are evaluated and reported. We find that there are only 9% of
papers (n = 14/156) evaluating their forecasting utility. Four
papers investigated patient waiting time and length of stay
[34–37], six evaluated staff rotation [30, 38–42], and nine
evaluated resource use and cost [25, 26, 36, 39, 42–46]. Four
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papers evaluated more than one forecasting utility [30, 36,
39, 42]. Most papers lack solid measurement of their fore-
casting model utility, demonstrating a disconnect between
academic and practical environments.

4.6 Reproducibility

Reproducibility and transparency are crucial for generating
trustworthy forecasts that are implemented in practice to
inform better decision-making. Sharing data and codes helps
researchers to reproduce studies and enhance the scientific
credibility of publishedworks. Our results show that only 5%
of studies (n = 8/156) share data and codes aiming at repro-
ducibility and transparency. 15% of studies (n = 24/156)
share only data, and 8% of studies (n = 13/156) share only
codes, whereas most studies cannot be reproduced due to the
lack of published data or code. One explanation for thismight
be the sensitivity of data in healthcare, asmost researchers are
required by hospitals not to expose their datasets to protect
patients’ privacy.

Figure 8 explores how the data has been used when apply-
ing forecasting to unscheduled care services. 24% of papers
(n = 38/156) use one year or less than a year-old data
set. Approximately half of the studies (n = 71/156) uti-
lize data spanning two to five years, while 15% of papers
(n = 23/156) use data spanning more than five years. Lit-
erature reviews and other papers (n = 24/156), which do
not specify a data period, are classified as using unknown
datasets. When we examine the time granularity of data uti-
lized in studies, we see that the bulk of research uses daily
data. Still, long-term time granularity, such as quarterly and
annual datasets, is uncommon.

We also explore the spatial applicability of the data and
divide it into fourmain groups: i) single hospital data, includ-
ing data from a single hospital; ii) regional data, including
data from multiple hospitals in the same region; iii) national
data, including multiple hospitals for one country, which is
applicable to generating forecasting models for the whole
country; and iv) worldwide data, including data sources from
different countries. Twelve papers do not specify how they
obtained the data and are classified as unspecified. As seen
in Fig. 8, most studies are based on data from a single hospi-
tal or a specific regional area. Only 35 articles, however, use
national or worldwide data.

5 Discussion

Recent research underscores the growing adoption of fore-
casting in unscheduled care services due to their potential to
inform decision-making and improve service quality. How-
ever, challenges persist. Inequality within the healthcare sys-
tem, encompassing horizontal and vertical aspects, presents
complexities. Our analysis reveals substantial inequalities
at both geographic and service levels. Horizontal inequality
surfaces in imbalanced research projects across geographic
locations, dataset lengths, and forecasting horizons, par-
ticularly in underrepresented economies or communities.
Vertical inequality is evident in excessive focus on emer-
gency care, neglecting ambulatory care. Addressing these
disparities is essential for improving the forecasting process,
the corresponding decision-making, and resource allocation.
In the following sections, we explore these topics in greater
detail and examine the challenges involved in designing rig-
orous forecasting processes.

Fig. 8 Scatter plot illustrating
datasets utilized in the literature,
categorized by length and time
granularity
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A forecast is not an end by itself; it is produced to inform
better decisions. If decision-makers refuse to use forecasts
due to a lack of trust, they are useless no matter how accu-
rate they are. Therefore, having a rigorous process in place
is crucial to produce forecasts. Furthermore, examining the
accuracy of forecasts could help build trust and reliability in
a health service.

Our analysis reveals that the need for developing a rigor-
ous process in this area remains largely unmet, and the lack
of thorough forecasting research implementation remains
a major limitation in informing planning and decisions in
practice. To improve the trustworthiness of the forecasting
process, any forecasting task should: i) produce and eval-
uate not only point forecasts (i.e. single number) but also
the entire forecast distribution that is essential to manage
risk; ii) evaluate the accuracy of out-of-sample data using
cross-validation; iii) report both point forecast error metrics
and uncertainty metrics to acknowledge uncertainty in fore-
casts; iv) when comparing forecast accuracy among multiple
approaches, including a benchmark method to demonstrate
the forecast added value, either the current applied forecast
model or a simple model known in the area.

The lack of research reproducibility is another major con-
cern contributing to the lack of trust in forecasting and
modeling unscheduled care activities. Reproducible research
will not only increase transparency and consequently build
trust but also increase the possibility of an impact in the
real world by providing problem owners or policymakers
with applicable tools or insights. Sharing code and data is a
critical step in improving the reproducibility and research
quality of prediction modeling. However, data sharing in
the context of health services research might be difficult.
The primary reason for this is that under strong confidential-
ity and privacy agreements, many routinely obtained health
data are only released to researchers for scientific reasons
with the authority of the company that created them [47],
making external validation and individual-participant data
meta-analysis challenging to accomplish. We recommend
employing open-source software such as R, Python, and
Julia, and using modern open-source scientific and technical
publishing tools such as Quarto to increase reproducibility
and transparency in this area.

Complex models may be developed, but they typically
have little impact in the real world because they do not
provide problem owners or policymakers with actionable
insights [48]. This problem is related to how forecasts should
be communicated to decision-makers in terms of not only
the forecast error but also the business value that matters
to a decision-maker. The quality of forecasts is regularly
evaluated using error metrics. However, common error mea-
sures fail to consider a forecast’s usefulness in making better
decisions. Therefore,we need to extend traditional errormea-
sures to account for forecast utility in decision-making and

report the implications of different forecasts on metrics such
as costs, service levels, and waiting times. The proposed
measures require simulating the decisions that depend on
the forecasts using computer models. These models take any
forecast input, simulate the decision process, and evaluate the
quality of the final decision based on utilities that are impor-
tant to the business. Our results show that only a few studies
consider the business value of forecasts in addition to the
forecast error. Therefore, more research should be devoted
to forecasting and decision-making optimization in unsched-
uled care services.

Although studies have identified various forecasting pur-
poses, the research in academic literature predominantly has
local or restricted applicability. Our analysis shows that most
of the forecast variables and their purposes focus on readmis-
sion, emergency department arrivals, and calls, which are all
related to the demand at the entry point of the care system.
Researchers should broaden their scope of inquiry by inves-
tigating other forecast variables in the system. Therefore, we
should forecast not only the total aggregated demand but also
more granular information such as demographics and clinical
characteristics of patients entering the service, their waiting
time in each service, types of service required, and length of
their stay. The forecasting process could be enhanced through
the integration of variables and information drawn from a
broad spectrum of unscheduled care service categories [31,
49]. For example, studies in recent years have focused on
using triage information from ED to predict hospital admis-
sions [49–51]. Future studies could forecast patients’ demand
for emergency care services using telecare data, such as calls
received in a clinical desk service or the number of verified
incidents. This may require future researchers to collect data
from several departments within a hospital or mix data from
multiple service providers’ databases.

Our findings indicate that although most published stud-
ies focus on statistical and machine learning models, the
application of judgmental forecasting methods in unsched-
uled care services has not yet been explored. It is critical
that we blend academic theory with practical application.
During this procedure, researchers should enlist the assis-
tance of other professionals to care for unplanned patients
and incorporate their theories into a predictive model. For
example, researchers could investigate the consequences of
high-acuity patients by consulting with specialists in this
field. Moreover, most studies use separate individual models
to forecast the need for services; there is a scope to investigate
the application of global models [52] in this area.

The application of the forecasting model across multi-
ple care dimensions presents several challenges. Firstly, each
dimension operates under different constraints and priorities,
making a one-size-fits-all model impractical. Methodolog-
ically, creating a model that is general enough to span
multiple dimensions yet specific enough to be actionable
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is complex. Data limitations also play a role; each care
dimension generates distinct types of data at varying granu-
larities and frequencies. This heterogeneity complicates the
development of a universal model that can accurately fore-
cast across all dimensions without significant customization.
Furthermore, the integration of data across services for com-
prehensive modeling is often hampered by interoperability
issues, privacy concerns, and the sheer volume of data to
be processed. These challenges suggest the need for a tai-
lored approach to forecasting for each care dimension and
the given planning and decision level, with interdisciplinary
collaboration to create cohesive models that can adapt to the
intricacies of each service type.

To address these challenges, one of the key strengths
of the proposed framework is its ability to adapt to vary-
ing decision-level needs across unscheduled care settings,
from ambulatory care to emergency services. For example,
in operational environments like urgent care centers, where
short-term forecasting is critical, data-driven methods like
Artificial Neural Networks (ANN) can be employed to pre-
dict patient volumes on a daily basis, helping to optimize
staffing and reduce wait times. For strategic planning, such
as hospital expansion decisions, more complex time-series
models that combine outputs from models with potential
judgmental information fromexperts canbeuseful to forecast
long-term horizons in emergency department visits, sup-
porting resource allocation and infrastructure development.
This adaptability ensures that the framework is not just an
academic exercise but a practical tool that can guide decision-
making at all levels of unscheduled care management. The
combination of method selection with clear performance
assessments also addresses one of the key challenges high-
lighted in the literature: the need for actionable, data-driven
insights that can directly impact patient outcomes and service
efficiency.

Among models relying on quantitative data, most stud-
ies use statistical models and data-driven methods. It is
advised that future research develop forecasting methods
using ensemble models, such as combining models like data-
driven models and statistical models, which might improve
forecast accuracy. Additionally, While little research has
been conducted on Bayesian forecasting, we suggest that the
application of this approach should be investigated in future
studies. Given its ability to incorporate prior knowledge and
dynamically update predictions, Bayesian forecasting has
the potential to improve predictive accuracy, particularly in
complex and uncertain environments. Expanding research
in this area could lead to more robust forecasting models
that enhance decision-making across various domains. Our
results also indicate that most of the forecasting research
provides point forecasts (i.e., a single number). Researchers
should consider using probabilistic forecasting (i.e., forecast
distribution or density) to better help planners and decision-

makers manage risk, where the tails (i.e., low probability
outcomes) are of interest rather than just normal situations.

Producing probabilistic forecasts is critical for plan-
ning and decision-making and enhances risk management
in unscheduled care by offering a comprehensive view
of potential outcomes and associated probabilities. Unlike
deterministic forecasts, probabilistic models acknowledge
uncertainty, aiding resource allocation and contingency plan-
ning. However, the transition to probabilistic forecasting
comes with significant computational and interpretive chal-
lenges. Froma computational perspective, probabilisticmod-
els often require more advanced techniques, increased data
storage and processing capabilities, and may impact compu-
tational time and resources. Interpreting and communicating
probabilistic forecasts to decision-makers accustomed to
point estimates can also be challenging, necessitating strate-
gies for effectively visualizing and explaining uncertainty.
Organizations must also consider the potential trade-offs,
such as increased model complexity, the need for special-
ized expertise, and the risk of information overload when
presenting multiple scenarios. To successfully implement
probabilistic forecasting, we recommend conducting pilot
studies, investing in staff training, and establishing clear
guidelines for model validation and performance monitor-
ing. By carefully navigating these challenges and adopting
a phased approach, organizations can realize the benefits of
probabilistic forecasting in enhancing decision-making and
resource allocation in unscheduled care settings.

Our observation indicates that the research has primarily
focused on generating forecasts for a single level of plan-
ning and decision horizons, for a given unscheduled care
service. With advances in data collection technologies, data
in unscheduled care services are often collected at a disag-
gregate level that could be transformed into multiple levels
of hierarchical and grouping structures (such as national,
regional, health board, hospital, priority, type of injury, age
group) and temporal (such as sub-daily, daily, weekly) levels.
Given that planning and decisions are relevant at operational,
tactical, and strategic levels, forecasting is also required to be
produced at multiple levels of cross-sectional and temporal
levels. This is also critical for coordinating activities across
different departments and functions, where forecasting the
same variables is required across different services. While
these approaches have been recently developed in the fore-
casting research [53] and been applied in various domains
[54, 55], this has been completely ignored in forecasting for
unscheduled care services.

5.1 Limitations

This literature review comes with some limitations that
are described in this section. To begin with, planning and
decision levels are primarily classified according to the
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forecasting horizons used in studies. However, no specific
decision horizon length is stated for any of the hierarchical
planning stages since they are determinedby the application’s
unique characteristics. For example, the emergency room’s
planning horizons are estimated to be shorter than those of a
nursing home’s long-stay ward in a particular area.

Meanwhile, it is important to note that the literature review
does not includemaster’s and doctoral theses, as well as book
chapters, and only looks at research conducted in English.
Additionally, certain forecasting methods used in practice
may never have been considered for publication, and their
results are thus irrelevant to our analysis. Finally, the articles
included in this literature review were mainly retrieved from
Web of Science and Scopus.

6 Conclusions

This review aims to explore how forecasting is applied in
unscheduled care services. The review thoroughly evaluates
156 articles on forecasting for unscheduled care services.
It presents a comprehensive framework of unscheduled care
forecasting that could be used as a guide for healthcare practi-
tioners and researchers interested in this area. The framework
classifies unscheduled care services into multiple categories
and examines their interactionswith planning&decision lev-
els and forecasting processes. All articles are summarized,
and discussions are provided according to publication trends,
forecasting purposes and variables, planning and decision
levels, forecasting methods, model performance evaluation,
and study design rigors to give readers a better scope of recent
developments in unscheduled care forecasting.

Considering the projected growth in demand for unplanned
healthcare services, using forecasting models to forecast
the future is becoming increasingly significant. This article
outlined some important actions for both professionals and
researchers in this area, which include:

1. Making the forecasting process a priority: Instead
of focusing solely on forecasting methods, healthcare orga-
nizations should prioritize the entire forecasting process and
establish dedicated teams to engage in the entire process from
identifying purpose to communicating forecast and repro-
ducible practices. While integrating real-time data in the
forecasting process, a culture of data-driven decision-making
should be fostered. Furthermore, training to enhance staff
proficiency in forecasting should be a priority.

2. Shift from point estimates to probabilistic fore-
casts: Probabilistic forecasts improve risk management in
unscheduled care by offering a range of potential outcomes
and associated probabilities, acknowledging uncertainty to
aid resource allocation and contingency planning. How-
ever, this transition brings computational and interpretive
challenges, requiring advanced techniques, more data stor-

age, and processing power. Communicating these forecasts
to decision-makers used to point estimates can also be
difficult, necessitating clear visualization strategies. Organi-
zations must balance increased model complexity and the
risk of information overload. To implement probabilistic
forecasting, we recommend pilot studies, staff training, and
clear guidelines for model validation. Software tools such
as Python libraries (e.g., statsmodels, Prophet, TensorFlow
Probability) and R packages (e.g., fable) provide practi-
cal solutions for navigating these complexities. Following
this step-by-step approach can help organizations improve
decision-making and resource management in unscheduled
care settings.

3. Strategic focus and methodology enhancement:
Future research and practical applications should explore
the integration of advanced optimization techniques with
forecasting models to support effective planning & decision-
making. This may involve the development of hybrid models
that combine predictive analytics with simulation and opti-
mization methods, as well as the creation of decision support
tools that enable healthcare managers to evaluate the impact
of different resource allocation strategies under various
demand scenarios.

4. Granular forecasting: Future applications should
prioritize a more granular approach to forecasting within
unscheduled care, focusing on variables such as patient con-
ditions, demographic factors, and specific service demands.
Rather than relying solely on broad categories like total
admissions or overall resource use, forecasting models
should aim to predict the needs of specific patient subgroups
or conditions. This level of detail would enable healthcare
providers to better anticipate fluctuations in demand and
optimize resource allocation. For instance, forecasting the
needs of patients with chronic conditions, or those at higher
risk of readmission, could help reduce bottlenecks in emer-
gency departments or improve staffing for specialized care.
Additionally, granular forecasting could incorporate real-
time data inputs, such as patient vitals or symptom onset
patterns, which could significantly enhance the responsive-
ness of the healthcare system to emerging trends. As a result,
more tailored, proactive interventions could be designed,
improving patient outcomes and overall system efficiency.
Future studies should explore the potential of machine learn-
ing and artificial intelligence to handle such granular data
inputs effectively and to scale these insights across different
unscheduled care settings.

5. Forecasting for multiple planning levels: Healthcare
practitioners and researchers should explore the applica-
tion of temporal and hierarchical aggregation in forecasting
unscheduled care services. This approach enables the genera-
tion of forecasts atmultiple temporal or cross-sectional levels
rather than focusing on a single level, by leveraging and com-
bining data across various levels. In addition to improving
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forecast accuracy, it may also enhance coordination between
different departments.

6. Transparency and reproducibility: For forecasting
theory and practice to contribute meaningfully to unsched-
uled healthcare management, transparency and reproducibil-
ity must be key priorities. Researchers and analysts should
ensure that their methodologies, data, and results are clearly
documented and made accessible to others in the field. This
would allow independent verification of findings and enable
other researchers to build upon previous work, thus rein-
forcing the credibility of forecasting models and outcomes.
Additionally, reproducible studies that openly share their
datasets and algorithms not only bolster confidence in their
conclusions but also facilitate the widespread adoption of
effective forecasting tools across different healthcare sys-
tems. Transparency also plays a vital role in bridging the gap
between academic research andpractical implementation.By
openly addressing the limitations and uncertainties inherent
in forecasting models, researchers can foster a more col-
laborative approach with healthcare practitioners, ensuring
that models are both scientifically robust and practically rel-
evant. Future research should focus on creating open-access
platforms and fostering collaborations that promote repro-
ducibility, which will drive forward innovation and establish
a foundation of trust in the forecasting tools applied in
unscheduled care.

Due to the increasing demand for unscheduled care ser-
vices, this review underscores the importance of forecasting
in navigating through this changing trend. To efficiently take
advantage of forecasting abilities, we suggest a workable
plan supported by our framework. First, an introduction of
domain-specific analytics teams within healthcare institu-
tions should be encouraged to drive the forecasting process
to ensure that they both stand scientifically and are tailored
towards unique dynamics in each care category. Secondly,
probabilistic forecasting models should be adopted more
quickly so that decision-makers can use ranges of potential
outcomes when allocating resources in uncertain situations.
Thirdly, traditional metrics must be surpassed as operational
impacts become the main way to assess forecast quality
by bringing judgmental opinions into forecasts and using
advanced ensemble methods to improve predictions.

Several areas require further research in forecasting for
unscheduled care services. One key area is the integration of
real-time data into forecasting models; future studies should
explore how data such as live patient admissions, emergency
call volumes, and telemedicine interactions can improve
forecasting accuracy and responsiveness in dynamic care
environments. Additionally, hybrid models that combine sta-
tistical and machine learning techniques with optimization
offer the potential for enhanced decision-making in com-
plex and uncertain unscheduled care settings [17]. While
our primary focus is on the forecasting process rather

than method classification, we acknowledge that certain
forecasting approaches might be better suited to specific
decision-making levels and unscheduled care settings. Future
research could explore which classes of methods are most
appropriate for different decision levels and care settings,
providing further insights into their applicability. Moreover,
more research is required to focus on granular forecasting at
the patient level to gain deeper insights into what strategies
work best under different conditions. While most research
has focused on operational planning, there is a clear need
to develop innovative long-term forecasting methodologies
[56] to informstrategic planning anddecision-making.More-
over, effective integration of probabilistic forecasting into the
planning horizon, along with an evaluation of its impact on
planning and decision-making, is crucial. Finally, building
trust among researchers through transparency and repro-
ducibility in publications will foster collaboration, driving
innovation and progress in the field.
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