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Abstract
Globalized manufacturing and service systems depend on complex international supply net-
works that must provide the right spare parts at the right time to geographically dispersed
maintenance sites. Traditional maintenance strategies that rely on fixed-interval schedules or
corrective interventions after failure can generate lumpy, poorly forecasted demand for spare
parts, increasing the risk of local stockouts and reactive emergency logistics. At the same time,
advances in sensing, connectivity, and data storage have created large multivariate time series de-
scribing condition, usage, and environment for critical equipment. Machine learning techniques
can exploit these data to estimate the probability of failure or remaining useful life, offering
the possibility of transforming maintenance demand for spare parts from a largely stochastic
phenomenon into a partially controllable process. This paper examines how machine learning en-
abled predictive maintenance can be mathematically integrated with multi echelon international
spare parts networks to reduce parts shortages. The study develops a linear algebraic repre-
sentation linking failure risk predictions, maintenance scheduling decisions, and inventory state
across locations, and combines this representation with probabilistic machine learning models
for component degradation. A simulation based evaluation with stylized yet realistic network
structures illustrates how the coupling between predictive models and inventory control policies
influences stockout frequency, fill rate, and inventory investment under varying lead times and
forecast error profiles. The discussion highlights conditions under which predictive maintenance
most strongly affects spare parts availability, emphasizes the role of uncertainty quantification
in the predictions, and outlines practical considerations for embedding such models into existing
planning processes.

1. Introduction

International supply networks for spare parts support fleets of high value assets such as air-
craft, power generation units, mining equipment, and complex manufacturing tools deployed
across multiple regions with heterogeneous operating conditions [1]. The reliability of these
networks is often measured by the ability to supply the required part when a maintenance
task is initiated, a property closely related to fill rate and stockout frequency. Traditional
planning methods treat maintenance induced spare parts demand as an exogenous stochastic
process estimated from historical failure rates and preventive schedules. This exogenous view
can be a limitation when operating environments are highly variable, when fleets are hetero-
geneous, and when risk tolerances for unplanned downtime differ across operators, since all
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of these factors influence the true demand for spare parts in ways that may not be visible in
aggregated historical averages.

Raw sensing streams

Feature and health indicators

Predictive model outputs

Maintenance scheduler

Maintenance demand profile

Multi-echelon inventory state

Historical outcomes and logs

Figure 1. End-to-end flow from raw sensing streams to multi-echelon inventory state. Sensor data are transformed
into health indicators, fed into predictive models, transformed into maintenance schedules, and then aggregated into
a demand profile that drives inventory evolution. Historical outcomes and transactional logs feed back into the
feature construction and model training stages to refine predictions over time.
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Region B hub

Region C hub

Base A1
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Emergency lane

Figure 2. Stylized international spare parts network with a global warehouse, regional hubs, and local maintenance
bases. Vertical links illustrate regular replenishment flows, while dashed arcs capture secondary flows such as alter-
native base allocations and expedited shipments. The configuration highlights how shortages or surges at specific
bases propagate only through a limited number of key links rather than across all locations simultaneously.

Predictive maintenance leverages condition monitoring, on board sensors, and operational
logs to estimate the evolving health state of components and to forecast their probability of



Academy for Global Science and Innovation (AGSI) 3

Prediction matrix
P ∈ RnC×T

Schedule matrix
M ∈ {0, 1}nC×T

Aggregated demand
d ∈ RnPnLT

Inventory trajectory
i(t) ∈ RnPnL

Shortage profile
s ∈ RnPnLT

Policy parameters
Thresholds, costs

Figure 3. Matrix-based view of the coupling between predictive maintenance and inventory. The prediction ma-
trix encodes component-level risk over the horizon, the schedule matrix represents maintenance decisions, and the
aggregated demand vector drives inventory trajectories at partlocation level. Shortage profiles arise as a function of
schedules and demand, while policy parameters such as thresholds and cost weights influence schedules. Feedback
from observed shortages can be used to refine predictive models and decision rules.

failure over a future horizon. Machine learning methods, including tree based ensembles and
deep learning architectures, have expanded the range of degradations and operating regimes
that can be modeled using high dimensional data. These methods can produce both point
predictions for metrics such as remaining useful life and probabilistic forecasts of failure events.
If such predictive information is integrated into planning processes, maintenance tasks can be
scheduled proactively in time windows that respect both operational requirements and supply
constraints. In principle, this partial control over the timing and distribution of maintenance
tasks could attenuate demand peaks for critical parts and reduce the likelihood of shortages
across the network [2].

However, the benefits of predictive maintenance for spare parts availability are not automatic.
Predictions are subject to model error, distribution shifts, and missing data, and maintenance
decisions must respect constraints such as limited workshop capacity, regulatory requirements,
and contract terms. International supply networks further introduce long and uncertain
transportation lead times, customs delays, currency fluctuations, and regional safety stock
policies that may differ across business units. A predictive maintenance policy that schedules
large numbers of tasks in a narrow window in response to elevated predicted risk could
unintentionally generate localized demand spikes, exhausting available stock and pushing the
network into reactive expedites. The relationship between predictive maintenance and parts
shortages is therefore mediated by both the quality of the predictions and the structure of
the supply network.

This work examines this relationship through a modeling framework that connects machine
learning based failure predictions with multi echelon inventory states using linear algebra. The
framework represents equipment health features, predicted failure probabilities, maintenance
scheduling decisions, and part flows between locations as vectors and matrices. This represen-
tation supports analysis of how perturbations in predictions or policy parameters propagate
through the network and alter the expected shortage profile [3]. Within this framework,
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machine learning models are treated as mappings from high dimensional feature spaces into
parameters governing demand distributions, while inventory and replenishment dynamics are
captured through linear and piecewise linear transformations.

The remainder of the paper develops this idea in several steps. After outlining the structure
of international supply networks and the role of maintenance induced demand, the paper
describes data flows and feature engineering strategies for constructing learning ready repre-
sentations from heterogeneous sensor and event streams. It then surveys machine learning
architectures appropriate for predicting failure risk at the component level and discusses cal-
ibration and uncertainty estimation. Building on these elements, the paper formulates a
linear algebraic model that links predicted risks, maintenance decisions, and spare part in-
ventory across locations and over time. The model is used to define optimization problems
and simulation experiments that examine parts shortages under different policy and predic-
tion scenarios. Implementation aspects and limitations, including data quality, organizational
integration, and scaling to large fleets, are discussed before concluding.

2. International Supply Networks and Maintenance Induced Demand

Table 1. Representative data sources feeding machine learning enabled predictive maintenance.

Data source Typical content Temporal resolution
On-board sensors Vibration, temperature, pressure,

speed traces
Milliseconds to seconds

Maintenance logs Work orders, failure codes, re-
placed parts

Events with timestamps

Inventory transactions Receipts, issues, stock adjust-
ments

Hours to days

Operational records Duty cycles, load profiles, mission
plans

Minutes to hours

Environmental feeds Ambient temperature, humidity,
dust indices

Hours to days

Table 2. Illustrative feature groups extracted for degradation and failure modelling.

Feature group Construction Example indicators Typical size
Time-domain statistics Window-based aggregation Moving mean, variance, peak-to-

peak
10–40 per channel

Spectral descriptors Transform-domain analysis Band power, spectral centroid, kur-
tosis

20–80 per channel

Usage and load Aggregated utilization Cumulative cycles, load spectrum
bins

10–30 per asset

Environment encoded Normalized external drivers Temperature z-scores, humidity in-
dices

5–15 per region

Event history Encoded maintenance trace Time since last overhaul, interven-
tion flags

10–25 per compo-
nent

International spare parts networks are typically organized as multi echelon structures com-
prising central distribution centers, regional hubs, and local stocking points co located with
maintenance facilities or customer sites. Each echelon interacts through transportation links
with distinct lead time distributions. Let there be a set of locations indexed by the finite set
L = {1, . . . , nL} and a set of parts indexed by P = {1, . . . , nP}. For each part p ∈ P and loca-
tion l ∈ L, the network maintains stock Il,p(t) at discrete time t, and there are replenishment
flows Ql,p(t) that result from previously placed orders. Transportation between locations is
constrained by lead times and capacity, and cross border shipments are subject to additional
variability related to customs and regulatory inspections.
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Table 3. Example model classes used in predictive maintenance pipelines.

Model family Target quantity Strengths Typical deployment role
Regularized logistic
model

Per-horizon failure probability Simple, interpretable coeffi-
cients

Baseline risk scoring and cali-
bration anchor

Gradient boosted trees Failure classification or RUL
quantiles

Flexible non-linear interac-
tions

Fleet-scale deployment with
tabular features

Temporal convolutional
network

Sequence-to-risk mapping Handles long effective con-
text

End-to-end modelling of sen-
sor streams

Discrete-time survival
model

Hazard over time bins Direct survival-time repre-
sentation

Remaining useful life predic-
tion with censoring

Domain-adapted en-
coder

Latent health representation Shared structure across re-
gions

Transfer of knowledge between
fleets and climates

Table 4. Hierarchical levels in the international maintenance and inventory model.

System level Index set State vector example
Component level c = 1, . . . , nC Health indicators, predicted risk, in-

stallation age
Asset level a = 1, . . . , nA Active components, operational sta-

tus, mission queue
Location level l = 1, . . . , nL Local inventory, capacity, scheduled

work orders
Part type level p = 1, . . . , nP Global demand rate estimates, lead

time statistics
Network level Graph over L Flow constraints, transshipment op-

tions, pooling structure

Demand for spare parts arrives from maintenance activities triggered by different policies.
Corrective maintenance occurs after a failure event and generates immediate demand for the
failed part and often for associated consumables. Time based preventive maintenance sched-
ules tasks at fixed intervals, generating more predictable demand patterns but sometimes
replacing components that have substantial remaining useful life. Condition based main-
tenance monitors specific measurements such as vibration amplitude, temperature, or fluid
properties and triggers interventions when thresholds are exceeded. Predictive maintenance
moves beyond threshold based rules by estimating the probability that a component will
fail over a future horizon or the remaining time to failure, potentially allowing maintenance
timing to be adjusted flexibly within operational constraints.

In many real networks, maintenance induced demand is partially planned and partially un-
planned. Planned demand arises from scheduled preventive tasks and known overhaul events,
which can be encoded as deterministic time series. Unplanned demand arises when a fail-
ure occurs earlier or later than expected or when inspections detect unexpected degradation.
Let Dl,p(t) denote the random demand for part p at location l and time t, decomposed into
Dl,p(t) = Dplan

l,p (t) + Dunplan
l,p (t). Traditional inventory control methods estimate the distribu-

tion of Dunplan
l,p (t) using historical averages or parametric failure models assuming stationary

conditions and independence across assets. In international contexts, these assumptions are
often weak, since operating conditions vary by region, fleets differ in age and configuration,
and external factors such as ambient temperature or duty cycle patterns shift over time.

Predictive maintenance has the potential to reduce the variance of Dunplan
l,p (t) by replacing

some of the uncertainty with forecastable structure. By observing sensor data and usage his-
tories, machine learning models can estimate for each component instance its current degra-
dation state and risk profile. These estimates can be aggregated over all assets served by
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Table 5. Main cost elements in the joint maintenanceinventory objective.

Cost component Symbolic representation Driver Planning effect
Maintenance effort Jmaint Scheduled interventions and

labor
Encourages temporal
smoothing of tasks

Shortage and backorder Jshort Unfilled demand and delay Drives safety stock and
buffer allocation

Unplanned failure risk Jrisk Residual failure probabilities Promotes early replacement
for high-risk items

Holding and logistics Embedded in inventory
terms

Inventory depth and transport
usage

Balances central versus re-
gional stocking

Policy change overhead Implicit penalty on adjust-
ments

Reconfiguration of plans and
shifts

Moderates aggressive
rescheduling moves

Table 6. Comparison of maintenance policies and their qualitative impact on parts demand.

Policy type Trigger Demand pattern Inventory implication
Reactive corrective Observed failure Highly spiky and uncertain High expedite usage, sensitive

to lead times
Time-based preventive Calendar or usage thresh-

old
Regular but conservative Larger average stock, lower

emergency moves
Simple condition-based Threshold on single indi-

cator
Local smoothing around
threshold

Depends on indicator stability
and noise

Predictive risk-based Multi-feature risk esti-
mate

Tunable smoothing via
thresholds

Joint optimisation with base-
stock levels

Hybrid region-specific Combined local rules Mixed regular and reactive
demand

Region-tailored safety stock
and flows

a given location to form predictive distributions of near term demand. Furthermore, main-
tenance planners can decide to advance or defer specific tasks to smooth anticipated peaks.
However, predictive information is imperfect, and false positives or negatives translate into
deviations between forecasted and realized demand. When many sites are coupled through
shared central stocks, correlation in prediction errors across sites can influence the joint short-
age profile [4].

The international dimension adds several layers to this interaction. First, long replenishment
lead times from central warehouses to distant regions make local safety stock policies more
sensitive to forecast error. Second, differences in regulatory or contractual requirements for
maximum allowable risk can lead to heterogeneous maintenance policies across regions, even
when using similar predictive models. Third, currency and cost differences influence tradeoffs
between holding inventory locally versus relying on cross shipments or emergency logistics.
A model that aims to capture the effect of machine learning enabled predictive maintenance
on parts shortages must therefore represent not only local demand modulation but also the
propagation of that demand through a network with diverse constraints [5].

In the modeling approach developed later in the paper, the international network is repre-
sented as a directed graph with nodes corresponding to locations and edges to transportation
links. Lead times, shipping capacities, and cost parameters are encoded in matrices and vec-
tors, while the maintenance induced demand process is represented as a function of predicted
failure risks at the level of individual components. This representation allows the depen-
dencies between predictive maintenance decisions at one site and stock availability at other
sites to be expressed as linear transformations, facilitating analysis and simulation of shortage
patterns under different scenarios.
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Table 7. Selected parameters for sensitivity analysis in simulation experiments.

Scenario parameter Variation range Primary metric affected Secondary impact
Lead time mean Short to long Fill rate and backorder depth Emergency transport fre-

quency
Lead time variability Low to high Shortage volatility Required safety stock mar-

gins
Prediction discrimination Low to high Avoided failures Peaks in scheduled demand
Workshop capacity Tight to flexible Fraction of tasks deferred Temporal clustering of or-

ders
Pooling strength Local to highly pooled Aggregate service level Cross-region dependency

pattern

Table 8. Key uncertainty dimensions and their role in planning formulations.

Uncertainty aspect Summary measure Treatment in modelling Planning usage
Prediction spread Ensemble variance Scenario sampling and

bounds
Robust thresholds for risk-
based scheduling

Demand uncertainty Lead-time demand variance Safety factor computation Base-stock level selection by
part and site

Model shift across regions Calibration residuals Domain adaptation layers Region-specific correction of
risk scores

Data incompleteness Missingness pattern Imputation and feature mask-
ing

Conservative treatment of
weakly observed assets

3. Data Infrastructure and Feature Construction Across Fleets and Regions

Machine learning enabled predictive maintenance depends critically on the availability and
quality of data that describe component condition, usage, environment, and maintenance
history [6]. In international supply networks, these data originate from multiple fleets, man-
ufacturers, and regions, often using heterogeneous formats and varying levels of granular-
ity. Building a coherent data infrastructure involves defining consistent identifiers for assets
and components, aligning time bases across different logging systems, and integrating sensor
streams with maintenance and inventory records.

Consider a set of assets indexed by A = {1, . . . , nA}. Each asset a ∈ A contains instances
of parts p ∈ P installed and replaced over time. Let Ha,p(t) denote the health related mea-
surements for part p on asset a at time t, structured as a vector in RdH that may include
vibration statistics, temperatures, pressures, and derived features such as spectral energy in
specific bands. Usage and environment variables, such as load, speed, ambient temperature,
and duty cycle indicators, are represented by Ua(t) ∈ RdU . Maintenance events are recorded
as event logs with timestamps indicating inspections, replacements, and repairs, and inven-
tory systems record the times at which parts are issued for maintenance tasks and received
into stock.

To structure the prediction problem, one can discretize time into intervals indexed by t =
1, . . . , T. For each installed component instance c, with associated asset a(c) and part
type p(c), feature vectors xc(t) are constructed by aggregating sensor, usage, and envi-
ronment data over time windows preceding t. For example, the feature vector may in-
clude moving averages, moving standard deviations, exponentially weighted statistics, and
lagged values of key measurements. Formally, xc(t) ∈ Rd can be written as a function
xc(t) = Φ(Ha(c),p(c)(s), Ua(c)(s); s ≤ t), where Φ denotes a deterministic feature extraction
map. In practice, Φ may incorporate domain knowledge, such as known frequency bands
associated with specific failure modes, or may be learned jointly with the predictive model
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Table 9. Evaluation metrics for predictive maintenance and inventory strategies.

Metric Definition Primary scope Interpretation
Fill rate Fraction of demand served

from stock
Part–location–horizon Direct indicator of service

availability
Backorder depth Time-integrated unsatisfied

demand
Part–location Measures cumulative delay

burden
Emergency shipment
share

Expedites over total ship-
ments

Network Proxy for logistical stress and
cost

Planned-to-unplanned ra-
tio

Scheduled over corrective
tasks

Fleet or region Indicates effectiveness of pre-
dictive policy

Aggregate cost index Weighted sum of cost com-
ponents

Scenario level Compact comparison of com-
peting policies

using deep architectures.

Label construction requires associating each feature vector with a target variable representing
either a failure event within a future horizon or a remaining useful life quantity [7]. For binary
failure prediction over a horizon of length τ, one can define yc(t) = 1 if component c fails
in the interval (t, t + τ] and yc(t) = 0 otherwise, with censoring handled appropriately when
the observation period ends or the component is replaced for reasons other than failure. For
remaining useful life, one can define rc(t) as the time until failure or replacement, subject
to censoring. In a multi fleet international context, it is often necessary to align labeling
across regions with different maintenance practices, since some fleets may replace components
proactively, while others run to failure. This introduces complexities in interpreting what
constitutes a failure and how to treat planned replacements in the data.

Inventory and maintenance planning data must also be integrated. For each location l and
part p, time series Il,p(t), Ql,p(t), and Dl,p(t) provide the stock levels, receipts, and issues,
respectively. Linking these series to asset level events requires mapping each issued component
instance to its destination asset and maintenance task. This mapping allows the derivation
of aggregate demand that originates from predictive maintenance decisions, as opposed to
corrective actions, and enables attribution of shortages or backorders to specific patterns in
predictive model outputs or scheduling policies.

Feature construction must address missing data, sensor dropouts, and differing sampling
rates. Techniques such as interpolation, last observation carried forward, or model based
imputation can be applied, but they introduce uncertainty that should ideally propagate into
the predictive model. Normalization across fleets and regions is particularly important, since
sensor calibrations, typical operating ranges, and environmental conditions can vary [8]. A
common approach is to standardize features within homogeneous subsets defined by asset
class and region, but this can reduce comparability across groups. Alternatively, features
can be transformed into dimensionless quantities, such as ratios relative to design limits or z
scores computed using global statistics.

To support linear algebraic modeling later in the paper, it is useful to gather the feature
vectors for all component instances and time points into large matrices. Let N denote the
total number of training examples, potentially on the order of millions when multiple fleets
and long histories are involved. The feature matrix X ∈ RN×d has rows x⊤

i corresponding to
examples and columns corresponding to features. Label vectors y ∈ RN or r ∈ RN collect the
target variables. Additional matrices can encode asset identifiers, part types, and locations,
enabling the construction of block structures or group specific parameters in the machine
learning models. This matrix representation will facilitate the integration of predictive models
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with inventory and maintenance decisions in later sections.

4. Machine Learning Models for Failure Risk and Remaining Useful Life

Once features and labels are constructed, machine learning models can be trained to estimate
failure probabilities or remaining useful life for individual components. Let X ∈ RN×d denote
the feature matrix and y ∈ {0, 1}N the binary failure labels over a prediction horizon. A
generic supervised learning model can be written as a function fθ : Rd → [0, 1] parameterized
by θ, with predicted probabilities p̂i = fθ(xi) for example i. In matrix form, the vector of
predictions is p̂ = fθ(X), understood row wise. Training typically minimizes a loss function
such as the logistic loss, expressed as [9]

L(θ) = – N
i=1

[
yi log p̂i + (1 – yi) log(1 – p̂i)

]
+ Ω(θ),

where Ω(θ) denotes a regularization term that may be an ℓ2 or ℓ1 norm or a more structured
penalty.

For linear models, fθ(x) = σ(w⊤x + b), where w ∈ Rd is a weight vector, b ∈ R is a bias, and
σ is the logistic function. In matrix notation, this becomes p̂ = σ(Xw + b1), where 1 is an N
dimensional vector of ones. Linear models provide interpretability, but may be insufficient to
capture complex degradation dynamics that depend on interactions among features and non
linear effects of operating conditions.

Tree based ensemble methods such as gradient boosted decision trees can capture non linear
relationships and interactions without explicit feature engineering. While such methods are
typically described algorithmically, they can still be seen as mapping the feature matrix X into
predicted probabilities via a function composed of basis functions corresponding to decision
tree leaves. Although there is no simple closed form linear algebraic expression for the model,
the predictions can be treated as a vector p̂ whose elements are differentiable with respect to
continuous hyperparameters in some implementations.

Deep learning architectures, particularly those designed for sequence data, are often used
when raw time series are fed directly into the model with minimal hand crafted feature
extraction. Recurrent neural networks, long short term memory networks, temporal convo-
lutional networks, and transformer based encoders can process multivariate sequences and
output failure risk estimates at each time step. When the architecture is viewed at a high
level, it defines a mapping from a three dimensional tensor of shape N × T × d0 into a vector
of probabilities. For integration with inventory models, it is convenient to think of the out-
put at a given current time as a vector p̂(t) across all component instances, which will drive
anticipated maintenance induced demand.

For remaining useful life prediction, models estimate a continuous variable r or a survival
distribution. Survival models based on proportional hazards or accelerated failure time for-
mulations can incorporate covariates linearly in the log hazard or log lifetime. If h0(t) is
a baseline hazard and x ∈ Rd a feature vector, a proportional hazards model has hazard
h(t|x) = h0(t) exp(w⊤x). Discretizing time into intervals and interpreting the conditional fail-
ure probabilities as outputs of a neural network leads to discrete time survival models, which
can be trained with cross entropy on a multi label representation of failure or censoring at each
interval [10]. In matrix form, the hazard parameters for all time intervals and samples can be
arranged into a tensor, and training involves operations that resemble matrix multiplications
and elementwise non linearities.
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Uncertainty quantification is important for downstream planning decisions, since maintenance
scheduling and inventory control are sensitive not only to expected failure rates but also
to the spread of possible realizations. Techniques such as model ensembles, Monte Carlo
dropout, or Bayesian neural networks can provide approximate predictive distributions. Let
p̂(k) denote the prediction vector from ensemble member k = 1, . . . , K. The ensemble mean
p̄ = 1

K
K
k=1 p̂(k) and empirical variance v = 1

K–1
K
k=1(p̂(k) – p̄)2 provide a simple measure of

predictive uncertainty at each component instance. These quantities can be collected into
vectors p̄, v ∈ RN and used in downstream optimization as parameters influencing safety
stock or maintenance thresholds.

Domain adaptation and transfer learning play roles when training data from one region or
fleet must support predictions in another. Suppose there are two domains, source and target,
with feature matrices XS ∈ RNS×d and XT ∈ RNT×d, and labels available primarily in the
source domain. Methods such as domain adversarial training or feature alignment seek a
transformation T : Rd → Rd′ such that the transformed features ZS = XSW and ZT = XTW
share similar distributions for some matrix W ∈ Rd×d′ . Training then proceeds on ZS with
an auxiliary objective encouraging closeness of distributions between ZS and ZT. This linear
algebraic view emphasizes the role of matrix transformations in mapping heterogeneous data
sources into a common representation suitable for predictive modeling.

Calibration of predicted probabilities is also important, particularly when predictions enter
inventory and maintenance models as quantitative inputs. Miscalibrated probabilities can
lead to systematic over or under stocking. Calibration methods such as temperature scaling
or isotonic regression operate on the prediction vector p̂ and true labels y to fit a monotonic
transformation g such that g(p̂) is better aligned with observed frequencies. When g is pa-
rameterized by a small number of parameters, such as a scalar temperature in the softmax
setting, the calibration step can be viewed as a small optimization on the prediction vector
[11].

In the following sections, predicted failure probabilities and remaining useful life estimates
are treated not only as outputs of a learning system but as inputs to a linear algebraic
representation of inventory and maintenance dynamics. The structure of the predictive model
influences this representation primarily through the statistical properties of p̂ and related
quantities, including their distribution across locations, parts, and time, as well as the degree
of correlation in prediction errors.

5. Modeling of Maintenance and Inventory Coupling

To analyze how machine learning enabled predictive maintenance affects parts shortages, it
is useful to construct a linear algebraic model linking component level failure probabilities,
maintenance scheduling decisions, and inventory states across a multi echelon international
network. The key idea is to represent the relevant quantities as vectors and matrices, so that
the impact of changes in predictions or policy parameters can be expressed as matrix vector
operations and their compositions.

Consider a finite planning horizon divided into T discrete periods. Let C denote the set of
component instances currently in service at the beginning of the horizon, with |C| = nC. Each
component c ∈ C is associated with a part type p(c) ∈ P, an asset a(c) ∈ A, and a location
l(c) ∈ L where the asset resides. For each period t = 1, . . . , T, the predictive maintenance
system provides failure probability estimates p̂c,t or remaining useful life estimates that can
be converted into per period failure risk. Collect these into a matrix P ∈ RnC×T with entries
Pc,t = p̂c,t. The matrix P summarizes the machine learning model output over the planning
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Predictive outputs

Maintenance and ordering decisions

Maintenance effort cost Shortage and backorder cost Unplanned failure risk cost

Capacity and lead times Service requirements

Joint objective value

Figure 4. Conceptual decomposition of the joint cost function used for planning. Predictive outputs inform a
decision layer that accounts for capacity constraints and service requirements. The resulting decisions contribute to
maintenance effort cost, shortage and backorder cost, and residual failure risk cost, which aggregate into a single
objective value. Feedback from observed objective realizations can be used to adjust predictive models and decision
rules.

Predictive model

Scenario generator

Simulation engine

Service and cost metrics

Policy tuning

Uncertainty characterization

Figure 5. Scenario-driven evaluation loop for predictive maintenance policies. A predictive model feeds a scenario
generator that samples possible degradation and demand paths, which are evaluated in a simulation engine produc-
ing service and cost metrics. A policy tuning layer adjusts decision rules based on these metrics, while separate
uncertainty characterization supports the definition and sampling of scenarios.

horizon.

Maintenance scheduling decisions can be represented by a binary matrix M ∈ {0, 1}nC×T,
where Mc,t = 1 indicates that component c is scheduled for replacement in period t. A
feasible policy must satisfy logical and resource constraints. For example, each component
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can be replaced at most once within the horizon, which can be expressed as

T
t=1

Mc,t ≤ 1 for all c ∈ C.

Workshop capacity constraints at each location and period can be encoded by inequalities of
the form [12]

c:l(c)=l
Mc,t ≤ Kl,t,

where Kl,t denotes the maximum number of replacements that can be processed at location
l in period t.

The maintenance schedule induces demand for spare parts. Let dp,l,t denote the demand
for part type p at location l in period t resulting from scheduled replacements, excluding
unforeseen failures. The schedule induced demand can be written as

dp,l,t =
c∈C:p(c)=p,l(c)=l

Mc,t.

This can be expressed compactly using assignment matrices. Define AP ∈ {0, 1}nC×nP by
AP

c,p = 1 if part type of component c is p, and zero otherwise. Similarly, define AL ∈
{0, 1}nC×nL by AL

c,l = 1 if component c resides at location l. The Kronecker product can be
used to construct a mapping from the component by time schedule matrix M into a part by
location by time demand tensor, but an alternative is to flatten indices.

Flatten the triple index (p, l, t) into a single index j of length nPnLT. Define a mapping
matrix S ∈ {0, 1}nPnLT×nCT that captures how each component time decision contributes to
each part location time demand. Let m ∈ RnCT denote the vectorization of M by stacking its
columns, and let d ∈ RnPnLT denote the vector of demands dp,l,t similarly stacked. Then the
relationship can be written as

d = Sm.

The matrix S encodes the mapping from component level maintenance decisions to part
location time demands through its block structure determined by AP, AL, and the period
index.

Unexpected failures that are not prevented by predictive maintenance also generate demand.
Let Fc,t be a Bernoulli variable indicating an unplanned failure of component c in period t that
was not preempted by scheduled maintenance. Conditional on the schedule M and predictive
probabilities P, one can define failure probabilities p̃c,t that may differ from the original p̂c,t
due to policy adjustments. In a simple model, p̃c,t = p̂c,t for all t < t∗(c) where t∗(c) is
the scheduled replacement time if any, and p̃c,t = 0 thereafter. Let fp,l,t denote the expected
unplanned failure demand for part type p at location l and time t, obtained by aggregating p̃c,t
over relevant components. Collect these expectations into a vector f ∈ RnPnLT. This vector
is a non linear function of the schedule m and predictions P, but for analytical purposes it
can be treated as a given parameter once a schedule and predictive model are fixed [13].

Total expected demand for each part at each location and time is then dtot = d+ f. Inventory
dynamics relate this demand to stock levels. Let i(t) ∈ RnPnL denote the inventory vector
across parts and locations at time t, and q(t) ∈ RnPnL the vector of receipts resulting from
previous orders. The issue vector u(t) ∈ RnPnL corresponds to the realized demand, which may
be truncated by stock availability. Under a simple first come first served rule, the inventory
recursion is

i(t + 1) = i(t) + q(t) – u(t),
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with the constraint 0 ≤ u(t) ≤ i(t) + q(t) elementwise. Stockouts occur when desired de-
mand exceeds available inventory. Let dtot(t) denote the planned total demand at time t
corresponding to dtot. The shortage vector s(t) can be defined as

s(t) = max{dtot(t) – i(t) – q(t), 0},
where the maximum is taken elementwise. Over the horizon, shortages accumulate and can be
quantified by aggregating across parts, locations, and time with appropriate weights reflecting
the impact on service levels [14].

To connect predictive maintenance explicitly with shortages, consider the expected shortage
as a function of the schedule vector m and prediction matrix P. In deterministic approxi-
mations, stochastic demand from unplanned failures is replaced by its expectation, leading
to a deterministic demand vector dtot = Sm + f(P, m). The resulting inventory trajectory
can be written in closed form by unrolling the recursion, yielding a linear function of initial
inventory and order decisions and a piecewise linear function of m due to the max operator
in the shortages. Let CS be a diagonal matrix of shortage cost weights for each part location
time element, and stack shortage vectors into a single vector s. An aggregate shortage cost
can be expressed as

Jshort(m; P) = s⊤CS1,
where s depends on m and P through the demand and inventory recursions.

Maintenance costs and operational risk costs can be included similarly. Let cM ∈ RnCT denote
a vector of costs associated with performing maintenance actions at specific times on specific
components. These costs may incorporate labor, downtime, and opportunity costs related to
taking assets out of service. The total maintenance cost is Jmaint(m) = cM⊤m, which is linear
in m. Risk costs related to unplanned failures can be approximated as a function of residual
failure probabilities p̃c,t that depend on the schedule. For example, an expected penalty for
unplanned failures over the horizon can be written as

Jrisk(m; P) = nC

c=1
T

t=1
cF

c,tp̃c,t,

where cF
c,t quantifies the cost impact of a failure of component c in period t. This term is non

linear in m via p̃c,t but additive over components and periods.

Combining these elements, one can pose an optimization problem that chooses a maintenance
schedule m to balance shortage, maintenance, and risk costs: [15]

min
m∈{0,1}nCT

Jshort(m; P) + Jmaint(m) + Jrisk(m; P)

subject to capacity and logical constraints on m. Although this is a mixed integer non linear
optimization problem, the linear algebraic representation clarifies the structure of interac-
tions between predictive maintenance decisions and inventory outcomes. Approximations
can be obtained by relaxing binary constraints to continuous variables in [0, 1], linearizing
the shortage terms, or decomposing across parts or locations.

From a linear algebra perspective, an important quantity is the sensitivity of expected short-
ages to changes in the prediction matrix P. At a high level, the mapping from P to dtot to
s can be viewed as a composition of functions, and its Jacobian captures how small pertur-
bations in predicted failure probabilities propagate to shortage levels. While computing this
Jacobian exactly may be challenging due to integer decisions and non linearities, approximate
sensitivities can be estimated by differentiating through relaxed versions of the model or by
finite differences. This provides insight into how prediction accuracy for specific components
or regions influences overall parts availability.
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6. Integration of Predictive Models into Planning Algorithms

The linear algebraic representation of maintenance and inventory coupling provides a foun-
dation for designing planning algorithms that utilize machine learning predictions. In prac-
tice, planning processes operate under time and computational constraints, and must often
accommodate additional considerations such as budget limits, regulatory requirements, and
stakeholder preferences [16]. Integrating predictive models into such processes involves several
layers, including the translation of predictions into actionable risk indicators, the formulation
of heuristic or approximate optimization rules, and the interaction between tactical planning
and operational execution.

One common integration approach is a two stage structure. In the first stage, the machine
learning model produces, for each component instance, failure probability estimates over
a fixed horizon or a remaining useful life estimate. These outputs are transformed into
risk scores or priority indices that combine predicted risk with criticality measures and cost
parameters. In the second stage, a scheduling algorithm selects a subset of components
for maintenance within each period, subject to capacity and resource constraints, and the
induced demand is communicated to inventory planners. In linear algebra terms, the first
stage constructs the prediction matrix P and possibly additional parameter vectors such as
failure cost weights, while the second stage solves an optimization problem over the schedule
vector m that depends on these parameters.

Heuristic policies can often be expressed conveniently using matrix operations. For example,
consider a class of threshold based policies that schedule component c for maintenance in
period t if its predicted failure probability over a horizon of length τ exceeds a component
specific threshold γc, and capacity is available. Let rc,t = t+τ

s=t p̂c,s denote the cumulative
predicted risk. Define a matrix R with entries Rc,t = rc,t, which can be computed from P by
multiplying with a banded Toeplitz matrix representing the horizon summation. Formally,
if B is a T × T matrix where Bt,s = 1 if s ∈ [t, t + τ] and zero otherwise, then R = PB. A
naive threshold policy would set Mc,t = 1 when Rc,t ≥ γc, but this must be adjusted to avoid
scheduling the same component multiple times and to respect capacity. Capacity constraints
can be handled by ranking candidate maintenance actions within each period by Rc,t – γc or
by a cost adjusted priority, and selecting the top actions up to capacity.

Inventory planners can use predictive information to adjust safety stocks and replenishment
orders [17]. In a periodic review system with lead time L, target inventory positions for each
part and location can be expressed as base stock levels that depend on forecasted mean de-
mand and safety factors. Let µl,p and σl,p denote the predicted mean and standard deviation
of demand over the lead time for part p at location l, derived from the schedule induced and
expected unplanned demand. A classical formula for the base stock level is Sl,p = µl,p + zσl,p,
where z is a safety factor chosen according to the desired service level. In vector form, let
µ ∈ RnPnL and σ ∈ RnPnL collect these quantities, and define S = µ+ z ⊙σ, where ⊙ denotes
elementwise multiplication. The mean and variance of demand can be computed from the
prediction matrix P and schedule vector m using linear operations and variance aggregation
formulas that assume certain independence structures.

When inventory is centralized or partially pooled, planning must consider not only local
demand but also the option of reallocating stock between locations. This can be represented
using a transfer matrix T ∈ RnPnL×nPnL that maps the vector of inventory at central and
regional nodes into effective stock availability at local nodes, accounting for transshipment
policies and lead times. Predictive maintenance can influence the design of T by altering
expectations of which locations will experience elevated risk in future periods. For instance,
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an algorithm may recommend repositioning stock proactively toward locations where the
aggregated predictive risk is higher over the next several periods.

Optimization based integration approaches formulate joint problems over maintenance sched-
ules and replenishment decisions. Let o(t) ∈ RnPnL denote order quantities placed at time t for
future periods, and stack these into a vector o. The joint decision vector is then z = [m⊤, o⊤]⊤.
The linear algebraic model described earlier provides a mapping from z and P into expected
shortages, inventory levels, and maintenance outcomes. A joint cost function can be expressed
as

J(z; P) = z⊤Cz + c⊤z + ϕ(P, z),

where C is a symmetric positive semidefinite matrix capturing quadratic penalties on orders
and maintenance variations, c is a cost vector, and ϕ(P, z) encapsulates non linear terms
related to shortages and risk [18]. Approximate solutions can be obtained by linearizing ϕ

around a baseline schedule and order plan, leading to a quadratic programming problem, or
by using decomposition methods that alternate between updating maintenance and inventory
decisions.

Scenario based planning is another integration mechanism. Instead of relying solely on ex-
pected failure probabilities, one can generate multiple scenarios of failure realizations and
maintenance demands by sampling from the predictive distributions produced by the machine
learning model. For each scenario k, a realization of the demand vector d(k) is constructed,
and corresponding inventory trajectories and shortages are simulated. The scenario set can be
represented as a matrix Dscen ∈ RnPnLT×K whose columns correspond to scenarios. Planning
decisions can then be chosen to minimize an objective function defined on this matrix, such
as expected shortage or a risk measure like conditional value at risk. While this increases
computational requirements, the use of matrix operations allows efficient implementation,
particularly when exploiting linear structure and parallelization.

In all these approaches, the quality and structure of the prediction matrix P are central.
Correlated errors across components or locations can cause the planning model to over or un-
derestimate demand in particular regions systematically. Sensitivity analysis using the linear
algebraic model can help identify which elements of P have the greatest impact on shortage
outcomes, guiding efforts to refine models or collect additional data for those components or
regions [19].

7. Numerical Experiments and Sensitivity Analysis

To illustrate how machine learning enabled predictive maintenance interacts with interna-
tional spare parts networks, it is informative to consider numerical experiments based on
stylized but representative network configurations. While specific parameter values depend
on the application, the goal is to explore qualitative relationships between prediction quality,
maintenance scheduling policies, and parts shortages. The linear algebraic model described
earlier provides a convenient framework for such experiments, since it allows the generation
of synthetic instances and the evaluation of shortage metrics through matrix operations.

Consider a network with three echelons: a global central warehouse, several regional hubs,
and multiple local maintenance bases in each region. Let the number of parts be on the order
of tens to hundreds, and the number of component instances in service be on the order of
several thousands. Lead times from the central warehouse to regional hubs are assumed to
range from several weeks to months, with variability representing customs and transportation
uncertainty, while lead times from hubs to local bases are shorter but still non negligible.
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Initial inventory levels and base stock policies are set to achieve target fill rates under a
baseline maintenance policy that does not use predictive information and relies on historical
average failure rates.

Synthetic failure processes are generated using stochastic degradation models [20]. For each
component instance, a latent health state evolves according to a discrete time stochastic
process, such as a random walk with drift or a linear state space model

xc(t + 1) = Axc(t) + Buc(t) + wc(t),

where xc(t) ∈ Rdx is the health state, uc(t) represents operational stress, and wc(t) is process
noise. Failure occurs when a linear functional h⊤xc(t) crosses a threshold, defining a stopping
time. Sensor measurements and derived features form the observable process used to train a
machine learning model that approximates the mapping from observed history to failure risk.
Time series are simulated across all component instances and locations, producing a feature
matrix X and subsequent labels for training the predictive model.

Different levels of prediction quality can be modeled by altering the noise structure, feature
availability, and model capacity. For example, a high quality prediction scenario may assume
that the model class is well matched to the true degradation process, that the training dataset
is large, and that features are informative, leading to high discrimination and well calibrated
probabilities. A lower quality scenario may impose mismatched model structures, reduced
feature sets, or distribution shifts between training and deployment domains. These differing
conditions can be reflected in the prediction matrix P through changes in discrimination
metrics and calibration properties.

Maintenance scheduling policies are applied using the prediction outputs [21]. A purely re-
active policy schedules maintenance only upon failure, resulting in unplanned demands that
directly reflect the failure process. A basic preventive policy schedules replacements at fixed
intervals independent of predictions, yielding more regular but potentially inefficient demand.
Predictive policies use thresholds on predicted risk or remaining useful life to schedule mainte-
nance within allowable windows. These policies are implemented as algorithms that construct
the schedule matrix M given the prediction matrix P and capacity constraints.

Inventory control is modeled using base stock policies adjusted or not adjusted by predictive
information. In some scenarios, inventory planners ignore predictive information and main-
tain base stocks based on historical averages. In other scenarios, planners recalculate base
stock levels periodically using updated demand forecasts derived from predictive maintenance
schedules and expected residual failure risk. In each case, the inventory recursion is simulated
over the horizon, and shortage events are recorded [22].

Key performance metrics include average fill rate by part and location, frequency and mag-
nitude of stockouts, total inventory investment, and frequency of emergency expedites or
cross shipments. These metrics can be computed from the shortage vectors and inventory
trajectories. For each scenario, multiple simulation replications can be generated by resam-
pling degradation paths and observation noise, leading to empirical distributions of metrics.
The results can be summarized using means, variances, and quantiles, providing insight into
variability and robustness.

Sensitivity analysis is conducted by systematically varying parameters that characterize pre-
diction quality, capacity constraints, lead time distributions, and safety stock policies. For
instance, one can vary the receiver operating characteristic curve of the predictive model
by adjusting noise levels and assess how the relationship between prediction discrimination
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and fill rate behaves under different lead time regimes. Another set of experiments can vary
workshop capacities to explore how the ability to flexibly schedule maintenance influences
the benefits of predictive information. Similarly, the impact of correlated prediction errors
across locations can be studied by introducing covariance structures into the generation of
prediction matrices and observing their effect on simultaneous shortages [23].

The linear algebraic representation simplifies these experiments by enabling parameters to be
encoded in matrices and vectors that can be perturbed systematically. For example, lead time
distributions can be represented by convolution matrices that transform order vectors into
receipt vectors, and adjustments to lead time means or variances correspond to modifying
the entries of these matrices. Prediction errors can be modeled by adding structured noise to
the prediction matrix P, such as additive Gaussian noise with a specified covariance matrix
capturing cross component correlations.

Preliminary numerical experiments constructed in this way generally show that predictive
maintenance can reduce the frequency of parts shortages under certain conditions, particularly
when lead times are moderate, prediction quality is sufficient to distinguish high and low risk
components, and maintenance capacities allow for smoothing of demand. At the same time,
the experiments highlight that predictive information can increase peak demand variability in
some configurations, especially when many components are driven over threshold by similar
operating conditions and policies respond synchronously. Under such circumstances, careful
coordination between maintenance scheduling and inventory planning is required to avoid
shifting variability rather than reducing it.

8. Implementation Considerations, Organizational Integration, and Limita-
tions

Translating the modeling concepts and numerical insights into practice within international
supply networks involves several implementation considerations. Data acquisition and gover-
nance are major challenges, since predictive maintenance relies on consistent and high quality
data streams from assets located in different countries, operated by different organizational
entities, and maintained by different service providers. Establishing data pipelines that collect
sensor data, event logs, and inventory transactions in near real time requires harmonization of
protocols, adherence to privacy and regulatory-requirements, and agreements on data sharing
between stakeholders [24].

Model training and deployment must address heterogeneity across fleets and regions. In some
cases, transferring models trained on one fleet to another may be appropriate, while in other
cases regional adaptations are necessary due to differing operating conditions. This suggests
a modeling strategy where a global base model captures common degradation patterns, and
regional adaptation layers or calibration factors adjust predictions to local conditions. In lin-
ear algebra terms, the feature matrix may be multiplied by a global weight matrix followed by
region specific transformation matrices, effectively factorizing model parameters into shared
and region specific components. Monitoring model performance in each region and adjusting
transformations as new data become available are continuous activities.

Integration with existing planning systems is another major aspect. Many organizations
use enterprise resource planning systems and dedicated maintenance and inventory planning
tools that were not originally designed to ingest high dimensional predictive risk information.
Bridging this gap often requires intermediate services that aggregate predictions into simpler
indicators, such as component risk scores or expected demand adjustments for specific parts
and locations over specified horizons [25]. These indicators can be represented as low dimen-
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sional vectors derived from the prediction matrix by linear transformations or aggregation
operations, making them easier to integrate with established planning workflows.

Organizational processes and decision rights influence how predictive information is used.
Maintenance planners may have discretion to override model recommendations based on local
knowledge, regulatory constraints, or customer preferences. Inventory planners may prior-
itize service levels for certain customer segments or asset types. These qualitative factors
complicate the relationship between model outputs and actual maintenance and replenish-
ment decisions, introducing variability that is not captured in purely quantitative models.
Capturing such behavior in a modeling framework would require additional structures that
represent decision rules as functions of both predictions and contextual variables.

Limitations of the modeling approach should be acknowledged. The linear algebraic repre-
sentation simplifies many aspects of the system, such as assuming that expected unplanned
failure demand can be aggregated linearly from predictive probabilities and that inventory
dynamics can be represented with relatively simple recursions [26]. In reality, maintenance
and inventory processes may involve non linear interactions, state dependent lead times, and
complex priority rules that are difficult to capture exactly. Mixed integer representations
may grow very large when modeling thousands of components and multiple echelons, making
exact optimization computationally challenging. Approximate methods such as heuristics,
decomposition, or simulation based optimization are necessary in such cases, and the gap
between approximate and optimal solutions may be difficult to quantify.

Another limitation relates to uncertainty quantification. While the modeling framework treats
predicted probabilities as inputs, uncertainties in these predictions can be substantial, partic-
ularly for rare failure modes or newly introduced component designs. Incorporating prediction
uncertainty into planning decisions requires stochastic optimization or robust optimization
formulations, which can increase complexity. Scenario based approaches can mitigate this
but rely on the availability of realistic sampling schemes for predictive distributions, which
in turn depend on modeling assumptions.

Environmental and regulatory differences across countries can also constrain the adoption of
predictive maintenance for parts planning [27]. For example, some regulatory regimes may
prescribe fixed inspection intervals or replacement schedules that limit the flexibility to shift
maintenance tasks based on predicted risk. Customs and trade regulations can affect the
feasibility of repositioning inventory across borders in response to predicted demand shifts.
These factors must be considered when designing policies, and may require region specific
adaptations of the general modeling framework.

Finally, organizational learning and change management play a role in realizing potential
benefits. Introducing predictive maintenance alters the division of responsibility between
maintenance, operations, and supply chain functions, and may change performance metrics
and incentives. Establishing governance structures that monitor both predictive model per-
formance and system level outcomes, such as parts shortages and service levels, is important
for iterative improvement. From a modeling standpoint, this implies the need for feedback
loops in which observed shortages and deviations between predicted and realized demand are
used not only to refine machine learning models but also to adjust planning heuristics and
policy parameters.
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9. Conclusion

Empirical validation is another important area for future work. Stylized experiments can
illustrate structural patterns, but operational data from actual international supply networks
are required to determine how predictive maintenance signals interact with real maintenance
practices, heterogeneous asset conditions, and region specific supply constraints. Such data
would support the examination of how prediction accuracy varies across operating environ-
ments, how maintenance decisions are adjusted in response to predicted risks, and how these
adjustments influence observed demand trajectories and stock availability.

Another direction involves studying how prediction errors propagate through multi echelon
inventory systems. Prediction uncertainty affects not only the timing of maintenance actions
but also the distribution of demand across both part types and locations. Quantifying how
different forms of uncertainty influence demand variability, reorder frequencies, and backorder
depth could help determine which components of the predictive pipeline require further refine-
ment. For example, systematic biases in predicting degradation for certain asset classes may
lead to recurring misalignment between forecasted and actual demand, while high variance
in predictions could result in inconsistent scheduling decisions across regions.

The interaction between capacity constraints and predictive maintenance outputs also war-
rants deeper investigation [28]. Maintenance depots, workshops, and regional hubs typically
operate under personnel, tooling, and time limitations. If predictive outputs indicate elevated
failure risk across multiple assets simultaneously, but available capacity cannot accommodate
all recommended maintenance actions, the resulting scheduling backlog may generate com-
pressed demand patterns. Such compression affects inventory consumption and can increase
the likelihood of shortages. Modeling these interactions requires an integrated approach that
combines predictive risk estimates with queueing effects, resource constraints, and temporal
coupling in maintenance operations.

The structural properties of supply networks further influence how predictive information
should be used. Different network topologies exhibit different sensitivities to demand fluc-
tuations. Networks with centralized inventory pools may absorb moderate shifts in demand
without significant shortages, while networks with localized storage and segmented supply
channels may exhibit more pronounced reactions to predictive deviations. Examining how
predictive maintenance interacts with network design choicessuch as centralization versus
decentralization, flexibility in transshipment, or regional autonomymay help clarify under
which conditions predictive information leads to smoother demand patterns and under which
conditions it introduces additional variability [29].

Another aspect involves evaluating the alignment between predictive maintenance horizons
and supply chain lead times. Predictive horizons that are short relative to procurement times
may have limited influence on inventory decisions because alerts arrive too late to adjust re-
plenishment strategies. Conversely, very long predictive horizons may introduce noise if long
term predictions are highly uncertain. Matching predictive horizons with logistical realities
requires a careful assessment of model limitations, degradation characteristics, and procure-
ment cycles. Studying this alignment may clarify situations where predictive maintenance
influences inventory decisions effectively and situations where its impact is minimal.

Differences in environmental conditions, such as temperature, humidity, and operational load,
affect both degradation processes and prediction performance. Predictive models may pro-
duce different risk profiles for assets operating in cold climates, desert regions, or maritime
environments. These contextual differences influence maintenance timing, spare parts demand
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patterns, and replenishment needs across the network. Investigating how environmental het-
erogeneity affects the coupling between predictive maintenance and inventory planning may
help determine how feature representations, calibration strategies, and decision thresholds
should be adjusted by region [30].

Integration with existing enterprise systems presents another set of considerations. Main-
tenance management systems, inventory planning tools, and enterprise resource planning
systems differ across regions and often rely on legacy data formats or inconsistent coding
practices. Ensuring that predictive outputs are incorporated consistently across these systems
requires processes for data synchronization, version control, and model monitoring. Studying
the implications of integration constraints could help identify where inconsistencies in data
flow or system behavior may create divergences between predicted and actual maintenance
driven demand.

Human decision making also plays a role. Even when predictive estimates are available,
planners and technicians may adjust or override recommendations based on local experience,
operational priorities, or risk assessments. These adjustments influence realized maintenance
timing and, therefore, actual demand patterns. Investigating how human judgment interacts
with predictive outputs may provide insight into the degree to which predictive maintenance
can be expected to influence inventory consumption in practice [31]. It would also support
an understanding of how decision variability affects the accuracy of inventory forecasts.

Further work could examine how different policy formulations respond to the same set of
predictive inputs. Threshold based policies, cost shaped optimization approaches, rolling
horizon planners, and heuristic decision rules may yield different demand trajectories even
when applied to identical predictive matrices. Comparing these policy types under varying
levels of prediction quality, network segmentation, and capacity constraints may help clarify
how different decision mechanisms amplify or dampen demand fluctuations.

Another area for investigation concerns the computational tractability of joint maintenance
and inventory optimization models. As the dimensionality of the system increases, exact
optimization may become impractical, requiring approximations or decomposition techniques.
Analysis of which constraints, decision variables, and coupling terms contribute most strongly
to complexity could help guide the development of tractable surrogate models or reduced
order representations. This could include examining whether certain interactionssuch as cross
regional coupling or multi part compatibility relationshipscan be simplified without materially
altering the behavior of the system [32].

The distributional characteristics of demand induced by predictive maintenance also merit
closer study. Demand shaped by predictive scheduling may exhibit different autocorrela-
tion structures, burstiness levels, or spectral properties compared to demand driven by reac-
tive maintenance. These properties influence safety stock calculation methods, reorder point
strategies, and transshipment policies. Understanding how predictive maintenance reshapes
demand distributions may support more accurate inventory control rules.

Another dimension involves studying the long term effects of predictive maintenance on part
consumption. Predictive maintenance may shift the balance between early replacement and
extended use of components. This could alter failure modes, part lifecycles, and overall
consumption rates. Evaluating how these shifts influence aggregate demand over multi year
horizons could help assess the implications for procurement planning, inventory strategy, and
supplier relationships [33].

It is also relevant to examine scenarios where predictive maintenance does not materially
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reduce shortages or where shortages arise due to factors unrelated to predictive accuracy.
Examples include supply chain disruptions, material shortages, geopolitical constraints, and
abrupt changes in operational mission profiles. In such cases, predictive maintenance may
have limited influence compared to external constraints. Understanding the relative contri-
bution of predictive driven demand variation versus structural supply limitations may help
contextualize the conditions under which predictive maintenance meaningfully affects parts
availability.

Further research could explore the development of models that incorporate endogenous feed-
back between predictive maintenance and asset behavior. Maintenance actions triggered
by predictive estimates may alter degradation trajectories, introduce new failure modes, or
change the statistical properties of operational data. Over time, these feedback loops may
influence model training and the behavior of the predictive system. Studying these dynamics
may help clarify the stability and evolution of predictive maintenance strategies [34].

In addition, exploring the interactions between maintenance induced downtime, operational
readiness, and inventory planning may offer further insight. Maintenance timing affects as-
set availability, which in turn influences mission scheduling, workload distribution, and the
loading applied to other assets. These operational adjustments feed back into degradation
rates and spare parts consumption patterns. Modeling these interactions may support a more
complete understanding of how predictive maintenance integrates with broader operational
planning systems.

Examining cross fleet interactions may be relevant in multinational or multi platform con-
texts. Spare parts may be shared across platforms with different degradation behaviors, and
predictive signals may indicate different maintenance priorities across fleets. Analyzing how
predictive information should be aggregated, prioritized, or segregated across platforms could
clarify how cross fleet coupling affects inventory outcomes. The relationship between machine
learning enabled predictive maintenance and parts shortages in international supply networks
involves multiple interacting dimensions, including data quality, predictive modeling, capacity
constraints, network structure, human decision making, and logistical considerations. Exten-
sions of this work could focus on empirical validation, uncertainty propagation, policy com-
parison, computational tractability, environmental heterogeneity, and long term consumption
effects to further clarify the conditions under which predictive maintenance influences parts
availability [35].
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