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Abstract: As health systems worldwide confront increasing demand variability, resource constraints, and unpredictable disruptions, such
as pandemics, healthcare forecasting becomes crucial for aligning capacity with need. This paper examines the crucial role of forecasting
in healthcare, its conceptual foundations, practical applications, challenges, and strategic implications. It examines forecasting techniques,
explores supply—demand mismatches, and reviews the role of variation and variability in healthcare systems. Using theoretical insights, it
identifies the operational challenges and approaches, including the advancement of artificial intelligence and machine learning, and their
potential to improve the effectiveness of healthcare forecasting. The importance of the application of forecasting in tackling the expected
and unexpected health systems complexities and disruptions globally is highlighted. This paper contributes to the growing discourse on
forecasting and data-driven healthcare transformation and invites continued exploration into healthcare forecasting as a lever for quality
improvement and resilience. It stimulates new thinking and insights into the application of healthcare forecasting as both a science and
a strategic lever for improvement.
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1. Introduction

Matching supply with demand is one of the most persistent
challenges in healthcare management, particularly in systems char-
acterized by limited resources, unpredictable demand, and high
public expectations [1-3]. While healthcare management literature
tends to focus on improving service quality through better orga-
nization and clinical governance, limited attention has been paid
to the science of demand forecasting and the strategic role of
predictive analytics. The importance of organizing service deliv-
ery processes to take full advantage of the supply-side aspect
of healthcare, based on the resources available within a health-
care organization or system, cannot be overemphasized. However,
more emphasis should be placed on the demand side of healthcare
and variability in service. Hence, it is crucial to examine forecast-
ing as a strategic capability for predicting demand and practical
decision-making on healthcare service planning and processes.

Forecasting is commonly used in business operations and sup-
ply chain management but is underutilized or poorly integrated
in many healthcare systems, with substantial disparity and incon-
sistency in application, advancements, and capabilities, especially
in primary care and community health settings [4-6]. Despite
its complex and dynamic nature, healthcare must engage with
forecasting as a strategic and operational tool to avoid costly mis-
matches between service availability and demand, reduce waiting
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times, and enhance patient outcomes. Forecasting can be a daunt-
ing and technical topic, involving mathematical and statistical
equations, operations research, and analysis in most operations
management discourse. However, little literature has focused on
the basic concepts, principles, and techniques of demand forecast-
ing of healthcare service delivery. Hence, this paper focuses on
closing this gap by presenting a practical overview of forecasting,
supply—demand mismatches, the waiting time problem, variations,
and variability in healthcare and the organizational aspects of cre-
ating a robust forecasting process within the healthcare sector or
systems. The discussion is framed by international relevance, since
healthcare and forecasting challenges transcend borders but may
manifest differently in systems with varying resources, regulations,
and service delivery models [7, 8].

The unique contribution of this paper include its system-
atic breakdown of key concepts, principles, and techniques in
healthcare forecasting, and it is structured to achieve four pri-
mary objectives: (1) review the scope of healthcare forecasting in
context, with an analysis of the supply-demand mismatches and
the waiting time problem in healthcare, (2) clarify variations and
variability in healthcare and the types of variation, (3) discuss
the challenges and limitations of demand forecasting in healthcare
drawing on practical realities and dynamics of healthcare systems,
and (4) identify actionable strategies for improving forecasting in
diverse and global healthcare settings.

© The Author(s) 2025. Published by BON VIEW PUBLISHING PTE. LTD. This is an open access article under the CC BY License (https://creativecommons.org/

licenses/by/4.0/).
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2. Forecasting in Healthcare Context

Healthcare forecasting is the process of predicting future health-
related events or service demand based on historical and real-time
data to inform decisions around capacity, resources, and service
planning [9]. It is used for both clinical and operational purposes,
spanning short-term needs (e.g., daily emergency room occupancy)
to long-term planning (e.g., hospital infrastructure or staffing).
Wharam and Weiner [10] described it as the act or process of
“predicting an individual’s costs or healthcare utilisation for inter-
ventional purposes such as proactive disease management, patient
education, or surveillance to promote population health”. Simply
put, healthcare forecasting is an attempt to predict future events for
capacity planning and optimization of healthcare service delivery.
It involves three critical managerial questions:

1) How much service can be delivered (capacity)?
2) How much service is required (demand)?
3) How can these be matched efficiently and effectively (forecasting)?

While healthcare forecasting has been mostly applied to emer-
gency care, daily hospital attendance, and inpatient admissions, it
is a growing area of expertise within the healthcare sector. But its
application is useful and has potential for impact across a wider
range of health systems domains and outcomes. Unlike in other sec-
tors, where unmet demand may affect profitability, in healthcare,
the cost of a mismatch could lead to patient deterioration, increased
mortality, disparities in population health, or even legal liability
[5, 11]. Thus, forecasting in healthcare must incorporate ethical,
clinical, and safety dimensions beyond economic efficiency.

3. Supply-Demand Mismatches and the Waiting
Time Problem

One of the difficult healthcare quality improvement challenges
is matching supply with demand for services. However, failure to
meet this challenge has created many problems for the healthcare
sector over the years [1, 8]. Hence, in recent years, forecasting has
been employed by some healthcare organizations and managers to
meet this challenge and other resultant problems it presents.

A common manifestation of forecasting failure in healthcare
is waiting time inflation, resulting from a supply-demand mis-
match due to underestimation and accuracy problems [12, 13].
To illustrate the supply-demand mismatches problem, consider
an example where a mismatch may occur between supply and
demand using the emergency department (ED) as one of the applied
areas in healthcare forecasting. Refer to Table 1 [14] below, which
highlights emergency room situations and challenges related to
matching supply with demand, as well as the implications for health-
care service delivery. Hence, supply—demand mismatches in health

settings like EDs can lead to underutilization or dangerous crowd-
ing. For instance, when ED attendance exceeds capacity, ambulance
diversions or delays in treatment may occur, increasing mortality
risk.

Considering the waiting time factor, waiting for service is
simply a symptom of capacity constraints resulting from a supply—
demand mismatch. According to Cachon and Terwiesch [14],

“...one of the most visible — and probably annoying —
forms of supply-demand mismatches is waiting time. As
consumers, we seem to spend a significant portion of our
life waiting in line, be it in physical lines (supermarkets,
check-in at airports) or in “virtual” lines (listening to music
in a call centre, waiting for a response e-mail)”.

Therefore, waiting time typically occurs when the capacity-level
utilization is 100% with more requests on hold — that is, the demand
rate surpasses the supply rate within a given period. However, waiting
time can also occur even when there is enough capacity to meet
demand — that is, capacity-level utilization is below 100%. This is
usually caused by variability and can be illustrated with an example
of a walk-in clinic’s daily medical consultation flowchart, discussed
below and presented in Figure 1.

Using a simple average from daily medical consultation data —
if it is predicted that a medical consultation takes an average of
30 minutes per patient, then a doctor working eight hours per day
should be able to attend to 16 patients in a day. If an average number
of total consultations within the clinic per day is 24 patients (dem-
and) and there are two doctors (supply) in the clinic, the capacity-
level utilization (demand) would be below 100% (i.e., about 75%),
and therefore, waiting time “should” be eliminated. However, this
may not be the case because of factors of variability, including peak
time for patient visits, or the possibility of some patients exceeding
30 minutes on consultation. This can also be looked at in reverse in
terms of waiting time for the doctor (supply) in attending to patients.
The daily medical consultation forecasting flowchart (Figure 1)
below further illustrates this. Consequently, while a 75% capac-
ity utilization rate seems healthy and efficient, suggesting a 25%
buffer, the introduction of variability reveals a more complex real-
ity. The final outcomes, waiting time and idle time, are two sides
of the same coin, representing a mismatch between supply (doc-
tor availability) and demand (patient arrivals) at specific points
in time.

Therefore, the waiting time problem may persist even when
the average demand appears to be within capacity. Variability in
patient arrival times, acuity levels, or consultation durations can
lead to queuing despite having an adequate average capacity, as
queues form due to random fluctuations in arrivals and service
times. This nonlinearity reflects the stochastic nature of healthcare

Table 1. Emergency room situations and implications

Emergency Room

Situation/Challenges Implication

Supply Medical service

Demand Urgent need for medical service

Supply exceeds demand Doctors, nurses, and infrastructure are underutilized

Demand exceeds supply

Crowding and delays in the emergency room; potential

diversion of ambulances

Actions to match supply and demand

Managerial importance

Staffing to predicted demand; priorities

Delays in treatment or transfer have been linked to
death
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Average consultation time = 30 minutes

[ Doctor capacity = 8 hours/day = 16 patients

Clinic demand = 24 patients/day

I

Available doctors =2

Total capacity = 32 patients

Capacity utilisation =24/32 = 75%

|

Expected: No waiting time
(demand < capacity)

Figure 1. Daily medical consultation forecasting

delivery. As many patients are cared for with limited time, work-
force, and other resources, waiting times result when several
patients require the same resource simultaneously, as well as from
the unpredictability of many health systems, processes, and out-
comes. Hence, beyond being a patient inconvenience, long waiting
times are linked to patient dissatisfaction, poorer health outcomes,
and inequalities [13, 15, 16]. Thus, waiting time has emerged as
one of the common indicators of health systems and organiza-
tion performance and resilience, thereby attracting much attention
in healthcare demand forecasting and variations analysis in many
countries.

4. The Strategic Imperative of Forecasting in Modern
Healthcare

Forecasting should be part of the entire capacity/demand
planning and management process, as most decisions and plans
in organizations require a forecast, be it based on facts or just an
instinctive “gut feeling.” In the business sectors, excess demand
may mean a rise in price and therefore more revenue, while a fall
in demand (excess supply) may mean a fall in price and loss of rev-
enue. However, for healthcare leaders, excess demand does not just
mean more revenue; the inability to meet the demand in health-
care could result in patient loss of life, complications, injuries, or
disabilities and consequently a reputational damage or potential
legal and social-economic challenges [5, 13]. On the other hand,
excessive overestimation and supply could also translate to wasted
resources and high cost of operation, among other adverse conse-
quences [13]. Therefore, being able to match supply with demand is
one of the very delicate but crucial responsibilities of healthcare
leaders and managers, which has the potential to make or break
a health system.

Though a “perfect match” between supply and demand may
not always be achieved, there is an immense need for healthcare
managers and organizations to predict demand for healthcare in

However, variability factors may affect this, e.g.
o Peak times for patient visits
o Some consultations > 30 minutes
e Uneven patient distribution

l

[ Result: Possible waiting time

or doctor idle time

order to help match supply with demand and reduce the gap in
service delivery to a minimum. Matching supply with demand in
healthcare service could be extremely difficult as demand can vary
in either predictable or unpredictable ways, and supply (services/re-
sources) is mostly fixed and limited at any given time [3]. Also, even
when there is an adequate level of resources (people, facilities, and
equipment), healthcare managers also face the challenge of match-
ing and shifting the needed resources in the right place, at the right
time, and in the right quantity [17]. Hence, healthcare forecasting
is a very useful tool for improving the accuracy of processes in
such a situation. Forecasting can contribute to multiple levels of
healthcare planning and operational management, including antici-
pating seasonal surges (e.g., influenza outbreaks), planning for staff
absences or leave, managing chronic disease trends and population
health shifts, and optimizing bed occupancy and surgical schedules.
For instance, NHS England employs scenario-based winter plan-
ning models to anticipate demand surges in acute services and guide
proactive resource allocation [18]. Similarly, in the United States,
Kaiser Permanente leverages artificial intelligence (AI)-driven fore-
casting tools to predict hospital readmissions and implement early
interventions [19].

Moreover, forecasting plays a critical role in enabling preven-
tive healthcare and early intervention by equipping health service
providers with timely insights. These insights support proactive
decision-making, allowing providers to implement risk mitigation
strategies and manage service demand more effectively [9, 20, 21].
Accurate healthcare forecasting is essential for strengthening pre-
ventive care, generating early alerts to manage patient surges
during peak demand, and significantly reducing operational costs
related to staffing and resource inefficiencies [3, 22—24]. There-
fore, healthcare forecasting plays a vital role in meeting service
demand efficiently by enabling timely resource planning, reducing
over-deployment, and minimizing missed opportunities that could
compromise quality improvement. It also helps prevent resource
underutilization and waste.
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Given the complexity and volatility of health systems, strate-
gic forecasting is essential for enhancing preparedness, supporting
adaptive resource allocation, mitigating risks, and improving ser-
vice coordination. Consequently, the value of forecasting in
healthcare cannot be overstated, as a catalyst for innovation,
quality improvement, and organizational effectiveness.

5. Conceptual Framework for Healthcare Forecasting

Having established the vital role of healthcare forecasting in
planning and decision-making across clinical, operational, and
wider health systems and domains. It would be useful to outline a
brief conceptual framework for healthcare forecasting, examining
three core dimensions: (1) usage, which defines the purpose and
time horizon of forecasts; (2) input, which categorizes the vari-
ables influencing predictions; and (3) techniques, which describe
the methods used to generate forecasts. Together, these elements
provide a structured approach to understanding and applying
forecasting in healthcare settings.

5.1. Usage

This is concerned with purpose and how the forecast will be
used, including for (1) clinical or operational purposes and (2)
for short-term, mid-term, or long-term purposes [6, 9, 24, 25].
A question that may cover both purpose strands is: how many
hospital beds are needed in a hospital in the next two months?
For example, a hospital might forecast short-term bed occupancy
over the next two months to manage patient flow, or long-term
staffing needs over the next five years to inform workforce and
recruitment strategies. Figure 2 shows an example prediction com-
pared with real bed occupation for 60 days, starting in May
2014 [26].

5.2. Input

This involves the factors that influence the forecast and relates
to the data and information considered during the forecasting —
that is, the variables that go into forecast data and drivers that

Start of the forecast: 1 May 2014

are considered, including the data sources and contextual con-
siderations that inform forecasting decisions [27]. These can be
categorized into:

1) Endogenous: variables inherent in the healthcare system or
organization, which are within the control of the healthcare
professionals or manager — for example, the number of doctors
on duty on a particular day.

2) Exogenous: environmental factors and variables outside the
control of healthcare professionals or managers — for example,
weather conditions or major traffic incidents that may affect
the number of patients turning up for an appointment on a
particular day.

5.3. Techniques

This relates to how predictions are made and the methods
and tools used to generate forecasts, which can be categorized into:

1) Qualitative methods: usually used when the situation is vague
and little data exists — for example, new hospitals or healthcare
services. They involve applying intuition, technical knowledge
or experience, expert opinion, and patients/users’ opinions. For
instance, this could be used to estimate demand for a new
mental health service based on expert opinion and community
feedback.

2) Quantitative methods: used when the situation is more sta-
ble and there is the existence of historical data — for example,
a healthcare service on delivery for five years. They involve
applying statistics, data mining, AI, mathematical or com-
puter/machine learning techniques, including time series (e.g.,
moving average, simple probability, exponential smoothing,
and random variations) and causal analysis (e.g., linear or
multiple regression). For instance, this could involve using his-
torical data to predict ED visits using time series analysis. For
the purpose of this paper, a nontechnical overview of time
series will be discussed in the subsequent section.

3) Hybrid methods: combining expert insights and judgment with
data analysis and algorithmic predictions can improve reliability.
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For instance, combining expert insights with Al and machine
learning models to improve the accuracy of predicting hospital
readmission rates.

In summary, this conceptual framework highlights the
multifaceted nature of healthcare forecasting with regard to pur-
pose (usage), influencing factors (input), and methodological
approaches (techniques). Understanding and integrating these
dimensions enables healthcare professionals and decision-makers
to develop more accurate, context-sensitive forecasts that support
effective planning and responsive service delivery across healthcare
domains.

6. Variations and Variability in Healthcare

According to Deming [28], “the central problem in manage-
ment and in leadership is failure to understand the information
in variation”. This insight is particularly relevant in healthcare
forecasting, where understanding the sources and patterns of vari-
ation, whether in patient demand, staffing levels, or external
influences, is essential for making informed and effective decisions.
By distinguishing between different types of variation and aligning
forecasting efforts with appropriate usage, inputs, and techniques,
healthcare leaders and managers can better anticipate needs and
respond proactively to change.

In basic terms, variation is defined as the differences between
an ideal and an actual situation, while variability is how spread
out or close the difference is from the ideal and actual situation.
For forecasting, one may replace the word “situation” with “set of
data.” Therefore, variation is the difference between an ideal and
actual set of data, while variability refers to how spread out a set
of data is, in terms of how close together or far apart the data
are from one another. Data sets with large differences (i.e., widely
spread out) are considered to contain lots of variability.

First noted by Walter Shewhart and elaborated on by
Edwards Deming, variation is a unique signature that character-
izes every process, be it manufacturing or service processes [28].
However, it can be argued that demand variability is common
in many service sectors, especially healthcare systems and orga-
nizations [29, 30], as they are confronted with predictable and
unpredictable daily and seasonal challenges to meet service needs
and expectations, as well as staffing and resource utilization at
both peak and off-peak periods.

Forecasting demand helps to set plans and take actions to
meet the needs of the patients/users with minimal resources. How-
ever, due to some of the characteristics of the healthcare system
(e.g., self-organizing, dynamic, tightly linked, governed by feed-
back, counterintuitive, resistant to change), there is a need to listen
to the voice of the process to observe how the system is responding
to the change and the process’s reliability as forecast. Therefore,
variation is the voice of the process from which to hear (observe)
change in the course of the predicted or planned process or data
in quality improvement [31].

6.1. Types of variation

To enhance organizational performance, leaders in the science
of improvement should speak the language of variation. Knowl-
edge about separating the variation of outcomes of a process or
system into common and special causes helps to decide appropri-
ate actions for that process or system. Inappropriate action may
make things worse [31]. Hence, healthcare quality improvement
plans and implementation require constant monitoring and man-
agement of variation. There are two types of variation that every

healthcare manager should look out for and understand to avoid
the mistake of treating one as the other and the accompanying
waste (of time and resources) and frustration that may follow. The
two types of variation in healthcare that are commonly discussed
in the literature (e.g., Bowen and Neuhauser [32]) are:

1) Common cause variation — can be predictable and occurs in
the course of the normal process. This is related to endogenous
variables.

2) Special cause variation — unpredictable and caused by factors
outside of the normal process. This is related to exogenous
variables.

One of the leading scholars in the field of quality manage-
ment, Edwards Deming [28], stated that “uncontrolled variation
is the enemy of quality”. Accordingly, variability presents a
significant challenge across all service organizations, including
healthcare. Its impact is evident in issues such as prolonged wait-
ing times, unmet demand due to insufficient capacity, and overall
reductions in service quality. Therefore, understanding variations
and variability enables healthcare managers to distinguish between
internal, systemic issues (common cause variation) that can be
fixed within the organization and external, unpredictable influences
(special cause variation), allowing them to develop targeted strate-
gies for improvement. In essence, variation in healthcare is not just
a challenge — but it is an opportunity for quality improvement.

6.2. Understanding variations through time series
forecasting

Building on earlier discussions of forecasting techniques, this
section delves into time series analysis as a means of describing and
interpreting variation in forecasting. Time series forecasting offers a
structured way to distinguish between patterns and randomness in
data. Therefore, an observed time series is the combination of some
pattern and random variations, with the aim of separating them
from each other in order to describe historical patterns in the data
and prepare forecasts by anticipating the revealed historical pattern
in the future [5, 33, 34]. It is important to note that enough data
is needed in order to determine a trend in a time series. The four
major components of time series are discussed below, including
Figure 3.

6.2.1. Trend

The first thing to look for is whether your time series has a
positive or negative trend to it. Next, the thing you look for is the
variation considering the “peaks” and “troughs” in the plot. See
Figure 4 below, showing a positive trend with peaks and troughs
in the time series.

6.2.2. Seasonality

A seasonality time series plot has regular peaks and troughs
and can predict when a certain event might happen based on when
they’ve happened in the past. Seasonality is not only about summer
or winter; it could be a day of the week based on multiple weeks
of data or a month or quarter based on years of data. It could
present either an upward (positive) trend or a downward (negative)
trend with seasonal variation.

6.2.3. Cyclic

A cyclic time series plot has a pattern to the peaks and
troughs but with unpredictable times — that is, they don’t hap-
pen at regular time intervals. The peaks and troughs occur for a
different reason — or reasons — other than seasons. It could present
either an upward (positive) trend or a downward (negative) trend
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Figure 4. Sample plots for the four major components of time series

with cyclical variation. The difference between seasonality and
cyclic time series is the predictability and unpredictability of the
peaks and troughs, respectively.

6.2.4. Random

A random time series plot doesn’t have any obvious peaks
and troughs happening for particular reasons. There is no obvi-
ous pattern of variation to it, although there could be a trend of
upward (positive) or downward (negative) trend, with the variation
being random.

7. Global Applications and Trends in Healthcare
Forecasting

Across the globe, health systems and organizations have
adopted a range of forecasting strategies and tools to address
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supply—demand imbalances, with varying degrees of success, influ-
enced by technological capacity, data infrastructure, and policy.
Forecasting is not exclusive to high-income countries; it is equally
critical in low- and middle-income settings, where resource con-
straints demand even greater precision in planning. However,
disparities persist, not only between countries but also across health
sectors and domains. For instance, while secondary care often ben-
efits from structured forecasting for beds and staffing, primary and
community care frequently rely on reactive approaches, particularly
in fragmented health systems [3, 5, 21, 24,29].

In the UK, the NHS Demand and Capacity Programme
supports predictive planning by helping hospitals simulate future
demand and resource needs. These tools include models for
outpatient services, EDs, and elective care, and are used to
inform operational and strategic decisions. Australia applies/imple-
ments forecasting through the Australian Institute of Health and
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Welfare, which regularly publishes forecasts and projections related
to hospital activity, chronic disease trends, and the impact of
an aging population. These data-driven insights support national
and regional health planning. During the COVID-19 pandemic,
Canada employed system dynamics modeling to forecast ICU
occupancy, personal protective equipment requirements, and other
critical resources. These models were used by public health agen-
cies to inform emergency response strategies. However, in the
United States, integrated systems like Kaiser Permanente employ
Al-driven platforms to predict patient deterioration and improve
ED flow and preventable hospital readmissions. Also, predictive
analytics platforms such as Epic Cogito and IBM Watson Health
are used to aid operational planning. Furthermore, during the
COVID-19 crisis, the Chinese government leveraged mobile and
geolocation data to track outbreaks and inform the allocation
of testing and hospital resources. The National Health Commis-
sion also supported disease-specific forecasting efforts using big
data analytics, particularly in high-impact regions such as Hubei
Province, to enhance emergency response planning [35].

In the Global South, innovative forecasting approaches are
increasingly being adopted. In rural regions of India, mobile health
data and weather-linked disease patterns are used to anticipate
malaria outbreaks and guide resource allocation [36]. In Kenya,
DHIS2-based platforms support routine health data monitoring
and are being leveraged for basic predictive planning at county
levels [37]. In Brazil, spatial and machine learning forecasting mod-
els have been applied to predict dengue fever outbreaks, enabling
targeted mosquito control efforts [38].

Improving forecasting globally requires enhanced interoper-
ability of health information systems, greater investment in data
analytics infrastructure, and context-appropriate tools that reflect
the sociopolitical and economic realities of each region. However,
disparities exist across primary, secondary, and social care sectors
[3], with bed occupancy forecasting more likely to be more relevant
to secondary care, while appointment scheduling forecasts may be
more crucial in primary care or general practice. As global health
systems continue to evolve, the integration of forecasting into routine
planning, tailored to local contexts, will be essential for improving
responsiveness, efficiency, and equity in healthcare delivery.

8. Challenges and Limitations of Forecasting in
Healthcare

As previously discussed, while the goal of forecasting is to
achieve a perfect balance between supply and demand, this is
rarely fully attainable in practice. Healthcare forecasting is inher-
ently complex, often characterized by uncertainty, variability, and
unintended consequences [10]. Some literature [5, 9, 13, 21-23, 39]
has highlighted the challenges and limitations of forecasting, and
recognizing these can better prepare healthcare managers to nav-
igate these difficulties and support continuous improvement in
capacity planning and service delivery. Key challenges include:

1) Imperfect accuracy: no forecasting model or technique can
guarantee 100% accuracy, particularly in dynamic and complex
healthcare environments.

2) Assumption of system stability: many forecasting methods rely
on the assumption of underlying system stability, making them
less effective in predicting unexpected or rare events (i.e., special
cause variation).

3) Data privacy concerns: forecasting may involve sensitive patient
and organizational data, raising significant concerns about
privacy, confidentiality, and ethical data use.

4) Infrastructure and resource constraints: effective forecasting
requires robust data infrastructure and analytical capacity,
which may be costly or unavailable in some health systems or
settings.

5) Consent and engagement: the collection and use of sensitive
data necessitate informed patient consent and active stakeholder
engagement.

6) Data integration challenges: aggregating and harmonizing data
across multiple organizations and levels of the health systems
and domains can be technically and administratively difficult.

7) Data quality issues: forecasting depends on the availability of
accurate, timely, and reliable data.

8) Bias in data and model design: selection bias and other forms
of bias in data or modeling can significantly reduce forecasting
accuracy and fairness.

9) Consequences of inaccurate forecasts: poor forecasting can

lead to resource misallocation, increased costs, and missed

opportunities for intervention.

Emerging threats and unpredictability: forecasting models may

struggle to anticipate novel health threats or epidemiological

shifts, as seen during the COVID-19 pandemic.

10)

Despite these limitations, advances in Al and big data ana-
Iytics are transforming forecast capabilities. Predictive platforms
such as Epic’s Cogito and IBM Watson Health offer increasingly
sophisticated tools for anticipating demand and improving oper-
ational efficiency. However, concerns around ethics, equity, and
transparency remain and must be addressed to ensure responsible
adoption and implementation.

9. Conclusion

As healthcare systems face increasing complexity, the ability
to anticipate and respond to demand fluctuations is critical. Mis-
matches can lead to longer waiting times, higher costs, and reduced
public trust. Embedding forecasting into operational and strategic
decision-making is therefore essential. This paper offers a roadmap
for health leaders, educators, and researchers committed to apply-
ing healthcare forecasting for quality improvement. It expands the
conceptual framework for integrating forecasting within healthcare
organizations and argues that forecasting must become a strategic
imperative, central to balancing supply and demand, and building
resilient and equitable health systems.

Advancements in Al and machine learning are transform-
ing predictive analytics, offering more dynamic and responsive
forecasting. However, these innovations also risk reinforcing exist-
ing global health disparities and challenges. Future research and
policy must prioritize ethical, inclusive, and equitable implementa-
tion, supported by interoperable data systems. Moreover, realizing
the full potential of forecasting requires multidisciplinary collab-
oration and integration into healthcare education and training.
Also, governance frameworks that promote transparency and
continuous improvement are vital.

Healthcare forecasting is both a science and a strategic lever
for improvement that should be embraced by healthcare leaders
and organizations. It presents a potential to turn uncertainty into
actionable insights for enhancing the quality of care, optimizing
resources, and strengthening the sustainability of health systems.
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