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ABSTRACT

In recent years, the aviation sector has been at the forefront of
adopting Industry 4.0 technologies, including artificial intel-
ligence, additive manufacturing, cyber-physical systems, big
data analytics, and the Internet of Things (IOT). These tech-
nologies have accelerated the development of advanced main-
tenance strategies, such as Predictive and Prescriptive Mainte-
nance, especially in the field of spare part inventory manage-
ment. By leveraging insights from Prognostic Health Manage-
ment (PHM) technologies, logistics and maintenance service
providers can optimize inventory levels to reduce costs while
maintaining service levels, thereby minimizing aircraft down-
times. Despite these potential advantages, the widespread
adoption of PHM strategies in the Maintenance, Repair and
Overhaul (MRO) industry remains a challenge, primarily due
to their modelling complexity, high cost of adoption, reg-
ulatory challenges, data availability, and impact assessment.
However, a more targeted allocation of development resources,
to address these barriers, can be achieved if economic benefits
can clearly be demonstrated for individual stakeholders (such
as logistics) and different PHM technology maturity levels.
Therefore, the aim of this study is to quantify the benefits of
prognostic-based inventory policies in comparison to tradi-
tional reliability-based approaches across different demand
patterns. Specifically, this study investigates the influence of
different prognostic accuracy and prognostic horizon levels
on key performance indicators, such as total cost and service
level. It also evaluates the robustness of the proposed method-
ology against noise factors like prediction biases and false
alarms. Based on these comparisons, minimum performance
requirements for prognostics based policies can be established
to ensure tangible benefits. Consequently, this study not only
provides the readers with a methodology to quantify the impact
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of prognostics-based failure prediction on spare part inventory
management, but it also proposes a lightweight framework
which could act as surrogate for prognostic models to assist in
the development of future prescriptive maintenance strategies.

1. INTRODUCTION

The availability of spare parts in aviation has always been
of critical importance, as aircraft downtime directly under-
mines operational reliability, safety performance, and finan-
cial outcomes. The provisioning of spare parts is intricately
embedded in complex, globally distributed supply networks
which are bound to constraints regarding the availability of
critical raw materials (Hoff, Sprecher, Pohya, Wende, & Peck,
2025), stringent regulatory requirements (Meissner, Pohya,
Weiss, Piotrowski, & Wende, 2025), and extended lead times
for part replenishment (Oliver Wyman & International Air
Transport Association, 2025). Even minor malfunctions can
propagate rapidly, potentially resulting in Aircraft on Ground
(AOG) events with extensive operational irregularities and
substantial economic losses for airline operators (Alomar &
Nikita, 2025). To account for such risks and gain flexibility
to react to technical breakdowns, Maintenance, Repair and
Overhaul (MRO) logistic providers tend to maintain higher
inventory levels of essential spare parts. While this strategy
can help to stabilize operations through improved logistics
service levels, it increases the associated spare unit holding
costs significantly, resulting in additional operational expenses
of $1.3 billion in the year 2025 alone (Oliver Wyman & In-
ternational Air Transport Association, 2025). Consequently,
the development of Prognostic Health Management (PHM)
systems that can (a) aid in the accurate prediction of demand,
(b) support efficient inventory management solution, and (c)
improve resilience against external shocks (e.g., sudden sup-
ply chain interruptions) remain of pivotal importance to the
industry.

Traditionally, spare parts demand forecasting has relied on
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stochastic methods, such as Croston’s two-step approach for
intermittent demand (Croston, 1972), its bias-corrected variant
Syntetos and Boylan Approximate (SBA) (Syntetos & Boylan,
2005), the Teunter-Syntetos-Babai (TSB) method for declining
demand (Teunter, Syntetos, & Babai, 2011), and exponential
smoothing (Romeijnders, Teunter, & van Jaarsveld, 2012).
These methods, however, require extensive information about
historic demand to extract meaningful trends. To counter this,
several studies exist which rather focus on individual compo-
nent’s reliability to predict the failure, like, the development
of a conditional Weibull approach to predict the failure time
of individual Line Replaceable Unit (LRU) for new aircraft
(Yongquan, Xi, He, Yingchao, & Quanwu, 2016). More re-
cently, sensor-driven prognostics have evolved, with studies
predicting a turbofan engine component’s Remaining Useful
Life (RUL) through functional principal component analysis
and penalized regression to select informative sensors and fuse
degradation signals (Fang, Paynabar, & Gebraeel, 2017). How-
ever, these approaches are largely constrained by limited data
availability and predefined statistical assumptions, restricting
their ability to capture complex degradation patterns.

With the recent advancements in the Industry 4.0 concepts
and integration of large-scale sensors and data across pro-
cess and maintenance systems, there has been an increasing
emphasis on the benefits of prognosis in failure prediction,
allowing improved system reliability maintenance planning
(Reis & Gins, 2017). In aerospace applications specifically,
PHM-driven RUL estimation and prescriptive maintenance
frameworks have demonstrated significant gains in safety, cost
efficiency, emission reduction, and delay mitigation (Meissner,
Rahn, & Wicke, 2021; Kordestani, Orchard, Khorasani, &
Saif, 2023). Studies on complex systems like turbofan engines
have demonstrated that machine learning algorithms, such as
random forests and neural networks, can effectively predict
the RUL of aircraft components for predictive maintenance
(Mathew, Toby, Singh, Rao, & Kumar, 2017). Probabilistic
machine learning using a multi-channel Convolutional Neural
Network (CNN) has also been applied to predict the RUL
of aircraft turbofan engines for predictive maintenance (Lee
& Mitici, 2023). Studies have also combined Long Short-
Term Memory (LSTM) based models RUL prediction with a
latent wiener process to model turbofan degradation (Deng,
Bucchianico, & Pechenizkiy, 2020).

However, despite its potential, the application of PHM-based
maintenance approaches remain limited, in particular within
the aerospace sector. Implementation of prognostic capabil-
ities is constrained by a lack of availability and ownership
of quality data, high cost of adoption, and the complexity of
the models (Teubert, Pohya, & Gorospe, 2023). Furthermore,
existing Condition Based Maintenance (CBM) and regulatory
frameworks provide limited guidance on translating high-level
system objectives into measurable prognostic performance
requirements, making it difficult to formally certify progno-

sis tools for safety-critical aircraft functions (Meissner et al.,
2025).

Building on these challenges, there is a clear necessity to
develop a framework that can assess the practical value of
prognostics in real-world applications, e.g., spare part inven-
tory management. Some ground work has already been laid in
this field through prognostics-based just-in-time spare part or-
dering (Cai et al., 2022; Bousdekis, Papageorgiou, Magoutas,
Apostolou, & Mentzas, 2017) and the development of a cost
optimization model for prognostics-based spare part ordering
and replacement (Z. Wang, Hu, Wang, Kong, & Zhang, 2015).
However, these studies are limited in terms of identifying tech-
nological maturity requirements (e.g., expressed in terms of
Prognostic Accuracy (PA) and Prognostic Horizon (PH)) in
order to break-even with traditional statistics-based inventory
management approaches.

Through this study, by utilizing the prognostic performance
metrics PA and PH as indicators of different technological
maturity levels and surrogates for full prognostic models, we
propose a methodology that enables a systematic comparison
between traditional statistics-based and prognostic-based in-
ventory management strategies. The developed framework
allows the evaluation of inventory-management-related costs
and service level while explicitly accounting for external dis-
turbances such as prediction skewness and (diagnostic) False
Alarm (FA). The obtained results will (a) provide insights
into potential benefits and limitations of adopting prognostics-
based strategies in spare parts management and (b) support
developers to identify the necessary prognostic performance
of their developed algorithm to justify deviation from conven-
tional statistics-based approaches.

2. SIMULATION ARCHITECTURE

This section presents the methodology used to compare dif-
ferent strategies for demand prediction in spare part inven-
tory management. For this study, we use a rolling horizon
methodology, which is well documented for maintenance-
driven environments (Nielsen, Kroon, & Maréti, 2012; Sahin,
Narayanan, & Robinson, 2013), as it continuously updates
decisions based on newly revealed system states and demand
information to reduce uncertainty. Within the framework,
two distinct demand prediction approaches are evaluated: (a)
reliability-based statistical methods and (b) prognostic-based
methods. This distinction allows us to assess their respective
efficacy in reducing total inventory costs while maintaining
high customer service levels.

The rolling horizon framework is encapsulated within a Dis-
crete Event Simulation (DES) architecture (Meissner et al.,
2021), which allows a periodic simulation of demand forecast-
ing, inventory replenishment, component failures and replace-
ment events, as shown in Figure 1. At each period, forecasts
and inventory planning decisions are generated over a finite
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horizon, while only the immediate actions are executed. As
the simulation advances, the horizon rolls forward, incorporat-
ing updated information on the component’s condition as well
as inventory status, to better prepare the spare parts inventory
for the uncertainties associated with stochastic demands. The
individual phases are going to be explained in more detail
in the following sections, providing readers with information
about the analytical methods, theoretical foundations, and the
assumptions undertaken at each stage of the architecture.

At the conclusion of the simulation, the prediction methods
are evaluated based on the following two performance criteria.

Total cost: - Represents the cumulative cost incurred over the
entire simulation. It consists of the components like ordering
cost (Cordering)> holding cost (Cholging), and stock-out cost
(Cstock-out)> and can be expressed as

C"fotal = C10rdering + CVHolding + CStock—out (1 a)
with
T
C1Ordering = Z Ot (1b)
t=1
T
Chioldging = Y _ 1 I (lc)
t=1
T
Cstock-ont = P St (1d)

t=1

where O; denotes the fixed cost incurred when an order is
placed in period ¢, h is the unit holding cost per period, I,
represents the on-hand inventory level at the end of period
t, p is the penalty cost per unit short, and S; symbolizes the
unfulfilled demand in period t.

Service Level: Measures the ability of the inventory system
to satisfy demand without shortages. It is calculated as

TS
23:1 D,

where D; denotes the demand in period ¢ and .S; represents the
number of stock-outs. A higher service level indicates better
demand fulfillment performance and improved operational
reliability.

SL = (1 )+ 100 )

2.1. System Analysis

At the beginning of each epoch, a fleet wide check is per-
formed to identify the active/working components, their cur-
rent age, and their true/actual failure date (often referred to as
“eround truth”). This analysis is essential for two purposes.

First, it allows the simulation to generate the actual failure
date for a component upon introduction, by drawing samples
from a desired distribution. This study makes use of a Weibull
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Figure 1. Simulation Architecture

distribution, for it’s ability to represent different hazard proper-
ties as well as age-dependent failure behavior for a component
(Ross, 2014; J. Wang & Yin, 2019).

The Weibull distribution consists of the following two pa-
rameters that determine the failure rate evolution and overall
reliability characteristics of a component.

Shape Parameter (3). The parameter § dictates how the
failure rate behaves over time. Based on the value of 3, the
failure rate can represent one of the following three conditions:

* [ < 1: Early failures are prominent, with reliability
improving with age.

¢ [ = 1: The distribution shows a constant failure rate,
meaning failures occur randomly. In this case, the Weibull
distribution reduces to an exponential distribution.

e (3 > 1: The failure rate increases over time, with aging
components failing more frequently.

A visual representation of these conditions is shown in Figure
2

Scale parameter (). The parameter 1 on the other hand
determines the spread of the distribution along the time axis.
If the Mean Time Between Failure (MTBF) of a component is
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known, the scale parameter can be calculated using

MTBF
"= T+ 15) ©)

where I represents the Gamma function.

For a given pair of 8 and n parameters, the time to failure for
a component can then be calculated, by drawing samples from
the inverse Cumulative Distribution Function (CDF) of the
Weibull distribution through

T = yl-1n(1 - V)] @

where, U ~ U(0, 1) denotes the uniform random variate used
to generate Weibull-distributed samples.

The second purpose of this analysis, is to allow the simulation
to assimilate up-to-date information on the operational status
of the component (active or inactive ) along with its accumu-
lated age. This information forms the basis for determining
the component’s true RUL — a prerequisite for prognosis. If a
component is active, its RUL is calculated by

RUL = Trai1 — Tcurent ®)

with Tty as actual (or predicted) failure time and 7typent as
current age of the component. Once a component reaches its
failure time, its state changes to inactive. When a component
is inactive, the associated asset is assumed to be grounded.
In this situation, the component ceases ageing and, unless
replaced, incurs stock-out penalties.

2.2. Demand Prediction

The next step in the DES constitutes the main focus of this
study. Using the information about the component’s state
derived from the previous step, two distinct methodologies for
failure predictions are employed.

2.2.1. Reliability-Based Prediction

The statistics- or reliability-based approach makes use of con-
ditional probabilities to determine the proportion of compo-
nents which are expected to survive until a given time. Since
the component’s actual failure date is modeled through a
Weibull distribution, the reliability function, representing the
probability that a component survives at least until time ¢, can
be expressed as (Nelson, 1982)

R(t) = exp [ (;ﬂ ©)

From the reliability function, the corresponding CDF, which
gives the probability of failure by time ¢ can be defined with

F(t)=1—R(t) = 1 —exp [— (f’ﬂ %

Traditionally, reliability-based maintenance planning relies on
MTBF information as a representative lifetime measure. How-
ever, as MTBF reflects only the mean value of the distribution,
it should be noted that it does not translate to the median. For
example, in case S=1, once the MTBF is reached, 63.2% of the
components will have failed already (Wolf, Meissner, Pohya,
& Wende, 2026). In consequence, strictly using MTBF data
for inventory replenishment planning may lead to distorted
failure time estimates, depending on the specific distribution
shape.

Therefore, instead of relying on raw MTBF information, we
invert the cumulative failure function to determine the time
at which a specified fraction p of components is expected to
have failed with

ty=n[-In(1—p)]"", 8)

where, p denotes the proportion of components expected to
have failed by time ¢,,. Lower values of p correspond to con-
servative early replacement decisions, whereas higher values
lead to more aggressive strategies. For cost and service-level
considerations, this study utilizes the median lifetime between
successive failures, i.e., p=0.5, as it provides a more balanced
approach.

2.2.2. Prognostics-Based Predictions

The other approach for predicting component failures is to
employ prognostics, where the core idea is to use prognostic
performance metrics as surrogates for a physics-based or data-
driven prognostic model. Instead of directly modeling compo-
nent degradation, the algorithm relies on these performance
indicators to generate failure predictions, which emulate the
functioning of an actual prognostic model.

This substitution allows the influence of prognostic quality on
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maintenance and logistics decisions to be studied in isolation.
In particular, the results enable the identification of minimum
performance thresholds that must be achieved before the use
of prognostics-based approaches provide any tangible benefits
over purely reliability-based ones.

This study makes use of a simplified version of the a- perfor-
mance metrics (Saxena, Celaya, Saha, Saha, & Goebel, 2010)
to simulate failure prognosis as a proxy for a real prognostic
model. Here, o or PA represents the acceptable prediction ac-
curacy band around the true RUL, while ¢, defines the earliest
time after which all the predicted values adhere to the bounds
set by PA, as shown in Figure 3. The difference between the
End of Life (EOL) tgor. and t defines the PH.

------ Ground Truth
®  Predictions

PH

/_/\

RUL

v

Time )

Figure 3. a — A\ Performance Metric

In this study, for each component that enters the DES, a ¢
is established by calculating the difference between the com-
ponent’s actual time to failure (fgor) and the user specified
PH. Once, the components accumulated age exceeds that of
t», predicted failure times are generated such that their devia-
tion from the true RUL remains within the user specified PA
bounds. This approach enables a controlled experimentation
on the impact of PA and PH without introducing the additional
complexity and uncertainty associated with implementing a
full prognostic model.

For a user-specified error bound PA > 0, the prediction error €
is modeled as a bounded continuous random variable defined
over the interval [-PA, PA]. For the calculation, the following
two alternative distributional assumptions are considered.

Random (uniform) error distribution. In a standard sce-
nario, the prediction error is assumed to be uniformly dis-
tributed over the limits established by PA, implying that all
deviations within the bounds are equally likely. The corre-
sponding Probability Density Function (PDF) is then given

by

if — PA < x <PA
2PA | =T =5 9)

0 otherwise.

fe(x) =

Skewed (scaled beta) error distribution. To incorporate
prediction bias (Lee & Mitici, 2023), the error term is alterna-
tively modeled using a scaled Beta distribution defined over
the same bounded support. Let Z ~ Beta(a,b) with shape
parameters a, b > 0, the error variable is obtained via the linear
transformation

e=2aZ —«a (10)

Then, the results in the following PDF can be calculated as

1 r+PA\*!
2PA B(a,b) \_ 2PA

b—1
x(l—m‘LPA) if —PA <z < PA,

fs(ﬂﬁ) =

2PA
0 otherwise.
(1n

where B(a, b) denotes the Beta function.

Here, a left-skewed error structure arises when a > b, resulting
in a higher probability mass near -PA (early failures). Con-
versely, a right-skewed distribution is obtained when a < b,
indicating a greater likelihood of prediction near +PA (late
failures).

Upper/lower bounds of PH and PA. The value of PH is var-
ied from 10% to 100% in relation to the MTBF, to allow for
a comprehensive analysis of its effects on the resulting cost
and service levels. The value of PA, however, is subject to
constraints imposed by another prognostic metric, i.e., rela-
tive accuracy, which measures how close the predicted RUL
(RULpyeq) is to the true RUL (RUL7y.), so that

‘ RULPred - RLTLTrue |

RA=1-
RULTrue

(12)

Relative accuracy (RA) is bounded in the interval [0, 1], where
a value of 1 corresponds to a perfect prediction and 0 repre-
sents the maximum allowable deviation (Saxena et al., 2010).
From Eq. (12), a perfect prediction (RA = 1) occurs when

1%ULPred = RULTrue (13)

In contrast, the worst-case scenario (RA = 0) arises when the
prediction error equals the true remaining useful life,

|RULPred - 1%ULTrue| = l{[JLTruey (14)
which leads to the bounds

RULpreg =0 or RULpreg = 2 RULyye (15)

While RA captures the magnitude of the prediction error, it
does not distinguish between overestimation and underestima-
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tion. To incorporate this directionality, the PA is defined as the
signed error between the predicted and true RUL,

PA = RULpreg — RULTypye (16)
To evaluate these bounds in the proposed prognostics-driven
methodology, consider the onset of the prediction horizon,
where predictions are first issued. At this point, RULry =
P H by definition, as illustrated in Fig. 4. Substituting RULrye
with PH in Eq. (16) for the worst-case bounds derived from
RA = 0 yields PA = —PH when RULpq = 0, and
PA = +PH when RULpy = 2PH. The two extremes
define the admissible range of prediction accuracy, thus deem-
ing a prediction acceptable if and only if PA satisfies

—PH <PA < PH, (17

= Ground Truth |

RUL

2PH

PH

-
PH teoL Time

Figure 4. Admissible region for prediction accuracy at the
prediction horizon. A prediction is considered acceptable
if PA € [-PH, +PH], corresponding to the worst-case
bounds derived from RA = 0.

False alarms. To enhance the realism and incorporate the
uncertainties associated with diagnosis, a provision to account
for FA is also included. FA occur when a faulty diagnosis may
force the operator to conduct an immediate replacement/or
repair of the machine (Vachtsevanos & Zahiri, 2022). In other
words, irrespective of the of RUL, if a FA is raised, the prog-
nostic system treats it as an imminent failure, which in turn
stipulates an immediate repair/replacement of the component.
In this study, the FA rate is varied between 0% and 10%.

2.3. Inventory Management

Using the predictions from the previous stage, a failure calen-
dar is generated which represents the spare part demand. That
demand is then utilized by the inventory model to determine
the schedule for spare part replenishment. Here, the study
uses the Wagner-Whitin (WW) dynamic lot sizing algorithm
(Wagner & Whitin, 2004). The WW is a classical lot-sizing

model used to determine the optimal ordering schedule and
production quantities over a finite planning horizon. The ob-
jective of this model is to minimize the total inventory, by
optimizing for the ordering and holding costs while ensuring
that the demand for each period is satisfied. According to
WW algorithm, the total cost of placing an order in period ¢ to
satisfy demand up to period j is given by

J
C(tv ]) = C'Ordering + CHolding Z(k - t) dka (18)
k=t

where k and dj, represent the periods being covered and the
demand associated with the period respectively. The minimum
cumulative cost F'(j) to satisfy demand up to period j can
then be determined recursively through

F()= min {F(t-1)+C(L)}) (19

with F(0) = 0.

The recursion evaluates all feasible ordering periods ¢ that
could satisfy demand up to period 7 and selects the one that
minimizes the total cumulative cost, thereby yielding the opti-
mal replenishment schedule.

Within the rolling-horizon framework, the WW algorithm is re-
solved at each decision epoch to generate an updated ordering
plan. However, only the replenishment decision corresponding
to the current period is implemented, while future order recom-
mendations remain provisional and are revised at subsequent
periods as new information (e.g., on failure times) is available.
The applicability of the WW algorithm in rolling-horizon
settings has been demonstrated in prior studies (Campuzano-
Bolarin, Mula, Diaz-Madrofiero, & Legaz-Aparicio, 2020),
though it calls for some modification in the way assumptions
are handled. In the classical setting, the WW formulation
relies on several underlying assumptions:

Al: The forecast horizon is finite.

A2: Backorders are not allowed.

A3: The initial and final inventory levels are zero.

A4: In each period, only a single lot may be produced.

A5: Replenishments are instantaneous.

The classical WW formulation assumes that demand is satis-
fied in each period without shortages and that inventory levels
are zero at the beginning and end of the planning horizon.
In a rolling-horizon implementation, however, the inventory
position at the start of each decision epoch may be non-zero,
and unfulfilled demand from previous periods may exist. Con-
sequently, assumptions A2 and A3 may be violated and require
appropriate adjustments to the failure calendar before applying
the WW algorithm.

In this study, if positive inventory exists at the beginning of
the horizon, the predicted demand must be reduced to account
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Figure 6. Heatmaps visualising the impact of prognostic metrics on performance parameters.

for the components already in stock. Conversely, if previous
demand has not been fully satisfied (i.e., existence stock-outs),
emergency replenishment are introduced in the initial period of
the failure calendar to clear the backlog. The adjusted demand
sequence is then passed to the WW algorithm to determine the
optimal lot-sizing decisions, as shown in Figure 5.

2.4. Failure Simulation

The final stage in the DES for a given period is the realization
of failures. If a component on a particular period reaches the
end of its RUL, based on the ground truth, it is considered
to have failed. If the necessary spares exist in the inventory,
the component is going be replaced and a new RUL will be
generated for the replacement item. In contrast, if a replace-
ment cannot be performed due to insufficient spare parts in
inventory, a stock-out penalty cost is incurred and added to the
total inventory cost for each unmatched demand. Additionally,
the event is recorded as unfulfilled demand and is incorporated
into the service level calculation.

3. RESULTS

With the methodology described, a number of parameter stud-
ies are performed to assess the failure prediction approaches
and compare their respective performances with respect to the
simulation parameters highlighted in Table 1.

Table 1. Simulation Parameters

Value

Total Simulations 10,000
Simulation Duration (Days) 30

Parameter

Ordering Cost (Units) 100
Holding Cost (Units) 1
Stock-out Cost (Units) 10
MTBF (Days) 10
Beta 2

3.1. Impact of Prognostic Horizon and Prediction Accu-
racy

The results illustrating the effects of PH and PA on total cost
and service level are presented in Figures 6a and 6b respec-



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

tively. The shaded region within the figure indicate combina-
tions of PH and PA that outperform baseline values obtained
from the statistical method of prediction shown in Table 2.

Table 2. Total cost and service level obtained from statistical
demand prediction.

Total Cost (Monetary Units) Service Level (%)
824 96.4

3.1.1. Effect on Total Cost

The analysis of the effect of prognostic variation on total cost
highlights two trends. First, increasing the value of PH leads
to a continuous reduction in total cost. This is due to the fact
that a longer prognostic horizon window provides the WW al-
gorithm with enhanced visibility into future demand, enabling
more optimal lot-sizing decisions. An increased foresight fa-
cilitates better order consolidation and reduces unnecessary
inventory replenishment. In most real-world settings, where
ordering costs are significantly higher than holding costs, such
consolidation leads to substantial total cost reductions.

Secondly, for a fixed PH, decreasing the PA further reduces
total cost. Lower PA values correspond to tighter prediction
error bounds and thus more accurate failure forecasts. Reduced
uncertainty in failure timing enables the WW inventory model
to generate more reliable replenishment schedules, limiting
both premature ordering and costly reactive decisions.

Hence, improvements in prognostic horizon and predictive
accuracy directly translate to reductions in total cost.

3.1.2. Effect on Service Level

In contrast to the behaviour observed with total cost, the ser-
vice level remains consistently close to 100% across nearly
all the combinations of PH and PA. This indicates that, within
the current logistics framework, service level performance is
mostly insensitive to prognostic parameters. This outcome
is primarily because of the assumptions associated with the
implementation of WW algorithm. The WW formulation does
not incorporate lead-times. Consequently, even delayed pre-
dictions are sufficient to initiate replenishment before failure
realization, such that stock-outs arise only under consistent
positive PA errors. Given that stock-outs are the exclusive
determiners of the service levels, the absence of lead-time
constraints on a simulation standpoint suppresses stock-out
risk.

In a bid to understand the effect of lead-time on inventory
performance, further analysis was performed by introducing
stochastic replenishment lead-times into the simulation frame-
work. Two lead-time scenarios were considered: L € {0,1}
and L € {0, 1,2}, corresponding to discrete uniform sampling
over the respective ranges for the time periods. Figures 7a

and 7b present heatmaps of service level across combinations
of PH and PA under these lead-time conditions, with high-
lighted regions indicating parameter settings that outperform
the reliability-based benchmark, represented in Table 3.

The results indicate that increasing lead-time variability leads
to a deterioration in service level performance. In addition,
longer lead-times reduce the region of the prognostic param-
eter space for which the prognostic policy outperforms the
reliability-based benchmark, indicating that the effectiveness
of prognostic information becomes increasingly constrained
by lead-time dynamics.

Table 3. Service Level obtained from reliability based predic-
tion under different lead-time variability.

Le{0,1} Le{0,1,2}
92 % 90 %

A secondary observation is that, under stochastic lead-times,
configurations with higher PA may occasionally exhibit im-
proved service levels relative to scenarios with lower PA or per-
missible error. This effect arises because increased prediction
tolerance can induce earlier or more frequent replenishment
triggers, which in some cases partially compensate for delays
introduced by non-zero lead-times. However, this behaviour
is strictly regime-dependent and should not be interpreted as
evidence that higher prognostic error is beneficial. Instead,
it reflects an interaction between prediction variability and
lead-time uncertainty that affects the timing of replenishment
decisions. In practical applications, higher prognostic error
would generally be expected to degrade performance due to
reduced reliability of failure anticipation and increased risk of
inappropriate decision triggering..

3.2. Impact of Skewed Predictions

The subsequent analysis is conducted by introducing a skew to
the PA predictions, with the mean of the left and right skews set
at —PA/2 and +PA/2, respectively. For the representative case,
PH and PA are fixed at 10 and 4, while all other simulation
parameters are maintained as in the previous case.

3.2.1. Effect on Total Cost

Figure 8a depicts the result on total cost arising from prediction
skewness and the ratio of holding to stock-out cost. As can
be prominently observed in the figure, the performance of
left and right skewed predictions differ sharply as the stock-
out costs increase relative to holding cost. In particular, total
cost under right-skewed errors (delayed predictions) increases
significantly, whereas in the case of left-skewed errors (early
prediction), the total cost remains comparatively stable.

This divergence is caused by the way WW algorithm optimizes
the demand. Right-skewed errors postpone replenishment
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Figure 7. Heatmaps visualising the impact of lead time on service level performance.
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Figure 8. Influence of prediction skewness and cost ratio

decisions, increasing the probability of unfulfilled demand.
When stock-out penalties are low, this strategy may remain
economically beneficial, as it is able to evade extensive hold-
ing cost which may occur when the inventory is prematurely
replenished in the event of early predictions. However, as
the stock-out cost parameter increases, the cost of delayed
replenishment grows disproportionately, causing total cost
to escalate. Conversely, left-skewed errors shift predicted
demand forward in time, prompting earlier replenishment. Al-
though this increases average inventory on hand and therefore
holding cost, the probability of demand being unfilled on the
other hand reduces as well. This is beneficial in scenarios
where disruptions in operation arising from stock-out is not
favorable.

3.2.2. Effect on Service Levels

In contrast, the service level, as shown in Figure 8b, exhibits a
consistent trend: early predictions (left skew) always trump
over delayed ones (right skew), irrespective of the underlying
cost ratio. Delayed predictions often prompt the WW algo-

rithm to postpone replenishment decisions, thereby reducing
the stock on hand and increasing the exposure to stock-out
events. As a result, the organization becomes more vulner-
able to stock-outs under positively skewed prediction errors.
Since service level performance is driven exclusively by the
ability of an organization to successfully satisfy the incom-
ing demand, any delay in spare part replenishment directly
deteriorates service performance. This behavior reflects the
strategic difference between proactive and reactive decisions
in safety critical systems, where maintaining inventory levels
is typically favored over reacting close to the actual point of
failure.

3.3. Influence of False Alarms

The robustness of the framework against external shocks is
further analyzed by incorporating FAs. To study only the ef-
fect of FAs, the simulation was isolated from the effects of PH
and PA; therefore, these values are fixed and set to 10 and O,
respectively. As illustrated in Figure 9, the total cost increases
approximately proportionally with the false alarm rate. This
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Figure 9. Total cost for different FA rates with PH set to 10.

behavior is primarily driven by premature replacement deci-
sions triggered by incorrect failure predictions, which lead to
unnecessary replenishment orders and consequently higher
ordering costs. A similar analysis to study the effects of FA
on service level is not performed, due to the constraints associ-
ated with the current setup. Since lead-time are not considered,
replenishment occur instantaneously. As a result, the service
level are not affected, unless the predictions are delayed.

Figure 10, further illustrates that total cost increases with de-
teriorating prognostic accuracy and for a given FA rate. This
is consistent with earlier observations highlighted in figure
18, where PA degradation leads to delayed replenishment de-
cisions and increased exposure to stock-outs. However, the
marginal impact of PA degradation becomes less pronounced
in the presence of FA. This does not imply that FA improves
system performance, but rather reflects the interaction within
the simulation where false alarms lead to earlier triggers for
ordering that partially compensate for mistimed or delayed
predictions under the modeled assumptions, which might lead
to the assumption that FA and early predictions may appear
beneficial by reducing the severity of replenishment timing
errors and mitigating stock-out exposure.

But, it is important to highlight that this effect is regime-
dependent and should not be interpreted as universally desir-
able. FA does not reduce prognostic error nor alter the under-
lying failure process; it only shifts decision timing. Under the
zero lead time assumption adopted in this study, premature
actions may incidentally offset delayed predictions. However,
in real-world MRO systems, where lead-times, maintenance
costs, maintenance capacity constraints, and operational dis-
ruptions are present, excessive false alarms would likely in-
troduce significant penalties. These may include unnecessary
maintenance actions, increased labor and replacement costs,
premature disposal of components with remaining useful life,
higher material waste, and broader environmental impacts.

3.4. Modeling Limitations

The findings portrayed above, should however be interpreted
with caution. While the analysis has been extended to include
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Figure 10. Cost deviation as a function of prognostic accuracy
for different false alarm rates.

stochastic lead-times for replenishment, these are represented
using simplified discrete distributions and do not fully capture
the complexity of real-world supply chain behaviour, such as
correlated delays, supplier disruptions, or capacity-dependent
lead-times. Furthermore, maintenance actions are assumed to
be immediately executable upon decision triggering, without
accounting for maintenance crew availability or operational
scheduling constraints. These simplifications may influence
the magnitude of the observed effects, although the qualitative
trends are expected to remain valid.

4. CONCLUSION

This study presents a methodology to evaluate the performance
of prognostics against traditional reliability-based approaches
in the context of spare parts inventory management. By rep-
resenting prognostic performance through metrics such as
prognostic horizon, prognostic accuracy, prediction bias, and
false alarm rate, the framework provides a systematic means
of assessing the impact of prognostic quality on inventory
decisions and operational outcomes. The results demonstrate
that increasing prognostic horizon and tightening prediction
error bounds generally reduce total costs by enabling more
effective replenishment timing and lot-sizing decisions. Fur-
thermore, prediction bias was found to significantly influence
inventory performance, with left-skewed predictions improv-
ing service levels at the expense of higher holding costs, while
right-skewed predictions reduce inventory costs but increase
the risk of stock-outs. False alarms also contribute directly
to higher costs through premature replenishment actions and
elevated inventory levels.

The introduction of stochastic lead-times significantly alters
the relationship between prognostic performance and inven-
tory outcomes. Increasing lead-time variability leads to a

10
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deterioration in service levels and reduces the region of prog-
nostic parameter combinations for which the prognostic policy
outperforms the reliability-based benchmark. The findings
further indicate that the interaction between prediction uncer-
tainty, false alarms, and supply-side variability can produce
non-intuitive behaviour in specific operating regimes, high-
lighting that the value of prognostic information is strongly
dependent on the logistics environment in which it is applied.
Consequently, prognostic performance should be evaluated
within the context of realistic inventory and replenishment
constraints rather than in isolation.

Future work will focus on extending the framework to incorpo-
rate more realistic operational conditions, including correlated
lead-times, manufacturing constraints, and disruption-driven
variability in supply processes. In addition, the framework will
be expanded to consider multi-item spare parts systems, multi-
echelon inventory networks, and maintenance scheduling con-
straints. These extensions will enable a more comprehen-
sive assessment of prognostics-driven inventory policies and
support the development of more resilient and cost-effective
maintenance planning strategies in aerospace and other asset-
intensive industries.

NOMENCLATURE

AOG Aircraft on Ground.

CBM Condition Based Maintenance.
CDF Cumulative Distribution Function.
CNN Convolutional Neural Network.
DES Discrete Event Simulation.

EOL End of Life.

FA False Alarm.

IOT Internet of Things.

LRU Line Replaceable Unit.

LSTM Long Short-Term Memory.
MRO Maintenance, Repair and Overhaul.
MTBF Mean Time Between Failure.
PA Prognostic Accuracy.

PDF Probability Density Function.

PH Prognostic Horizon.

PHM Prognostic Health Management.
RUL Remaining Useful Life.

SBA Syntetos and Boylan Approximate.
TSB Teunter-Syntetos-Babai.

WW Wagner-Whitin.
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