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Abstract
Digital service supply chains increasingly rely on cloud infrastructure, platform
software, data interfaces, and external service providers to serve both consumer
and enterprise markets. These systems face a compound risk problem: demand
fluctuates across channels, capacity commitments are negotiated under
asymmetric information, and cybersecurity events can interrupt service
availability while they damage trust. This article develops an AI-augmented risk
analytics framework for asymmetric digital service supply chains, with a focus on
predicting capacity shortage and cyber exposure in dual-channel software-as-a-
service operations. A simulation-calibrated data design is used to generate 24,000
firm-period observations reflecting B2C demand volatility, B2B contract intensity,
infrastructure latency, information asymmetry, patch delay, failed authentication
signals, service capacity, and risk mitigation investment. Five predictive
configurations are compared: logistic regression, random forest, gradient boosting,
LSTM sequence learning, and a hybrid ensemble that combines structured tabular
learning with time-series signals. The hybrid ensemble achieves the strongest
performance, with AUC values of 0.893 for shortage prediction and 0.884 for
cyber exposure prediction. Sensitivity analysis shows that asymmetric information
magnifies capacity shortage risk more strongly than cyber exposure risk, while
cyber exposure is most responsive to patch age, failed login intensity, and shared
infrastructure dependency. The study contributes a practical analytics architecture,
a model comparison benchmark, and managerial guidance for risk governance in
digital service supply chains.

Keywords: digital service supply chains; asymmetric information; risk analytics;
SaaS; capacity shortage; cyber exposure; hybrid ensemble model; demand
volatility; risk governance.

I. INTRODUCTION

Digital service supply chains have become a central operating structure in contemporary platform economies.
Software-as-a-service providers, cloud vendors, infrastructure operators, payment gateways, identity managers, and
analytics providers are no longer isolated technology vendors; they form interdependent service chains whose
performance depends on the joint management of computing capacity, service demand, pricing, and information security.
In a dual-channel setting, the same digital service provider may serve individual users through a B2C subscription
interface while serving enterprise clients through B2B contracts with stronger uptime, integration, and data-protection
requirements. This arrangement creates a high-value business opportunity, but it also increases the difficulty of risk
control because the two channels use shared infrastructure while exhibiting different demand patterns and different
cybersecurity exposure profiles. Cloud and platform computing studies show that these interdependencies change both
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cost allocation and risk visibility in digital service chains (Buyya et al., 2009; Armbrust et al., 2010).

The research direction behind this article follows the logic of service supply chain risk modeling, but the present study shifts
the emphasis from closed-form optimization to AI-augmented prediction. The motivating problem is a digital service chain in
which a service provider purchases infrastructure capacity from an upstream infrastructure provider and sells access to digital
services through B2C and B2B channels. Demand is uncertain, capacity is costly, and cyber threats become more severe as
transaction volume, integration intensity, and shared data flows increase. The upstream infrastructure provider has better
information about technical capacity and system reliability, whereas the downstream service provider has better information
about market demand. This asymmetric information can distort capacity orders, pricing decisions, and mitigation investments,
making predictive risk analytics strategically valuable. This design is consistent with supply contract research showing that
privately held operational information can reshape service commitments and rent extraction (Corbett et al., 2004; Cachon and
Lariviere, 2005).

Traditional analytical models are useful for identifying optimal capacity and pricing decisions under specified assumptions,
but digital service operations generate continuous streams of operational data that can be exploited before a risk event becomes
financially damaging. SaaS platforms observe login failures, API latency, patch age, feature usage, demand surges, customer
segment composition, refund pressure, support tickets, and infrastructure utilization. These signals arrive earlier than final profit
outcomes and therefore provide opportunities for risk anticipation. The key question is not merely how risk affects profit after
it occurs, but how an intelligent analytics system can identify the probability of capacity shortage and cyber exposure early
enough for managers to adjust price, capacity, service commitments, and security investment. Prior analytics research similarly
emphasizes that operational data become valuable only when they are converted into forward-looking decision signals (Wamba
et al., 2017; Wang et al., 2016).

Figure 1. AI-augmented risk analytics architecture for asymmetric digital service supply chains.
This article proposes an AI-augmented risk analytics framework that extends the dual-channel service supply chain setting

into a prediction-centered research design. The framework treats capacity shortage and cyber exposure as two related but
distinct prediction tasks. Capacity shortage refers to the probability that realized channel demand exceeds effective service
capacity after accounting for infrastructure latency and supply reliability. Cyber exposure refers to the probability that the
service chain enters a high-risk security state, measured by failed authentication signals, patch delay, abnormal API traffic, and
shared infrastructure dependency. The two outcomes are related because a demand surge can strain infrastructure and widen
the attack surface, but they are not identical: a system can be capacity-stressed without being cyber-exposed, and it can be
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cyber-exposed even when demand is moderate. The framework also reflects the idea that predictive analytics must be embedded
into business process routines rather than treated as a detached modeling exercise (Waller and Fawcett, 2013; Schoenherr and
Speier-Pero, 2015).

The contribution of the study is threefold. First, it develops a risk analytics architecture for asymmetric digital service supply
chains that connect operational data, AI models, risk scoring, and managerial action. Second, it provides a controlled data
experiment using 24,000 firm-period observations generated from calibrated SaaS operating conditions and evaluates five
predictive configurations for two risk outcomes. Third, it interprets the model results from a managerial perspective, showing
how information asymmetrical, demand volatility, and cyber signals should shape capacity buffers, pricing responses, and
security investment. Unlike purely theoretical optimization studies, the emphasis here is on a deployable early-warning logic
that could be implemented in platform dashboards, risk operations centers, or service-level agreement governance routines.
This contribution responds to calls for AI-enabled supply chain risk modeling and broader digital transformation research that
connects analytics with organizational decisions (Baryannis et al., 2019; Vial, 2019).

II. RELATED WORK AND RESEARCH GAP
The literature on supply chain risk management has long emphasized the financial and operational damage caused by

demand uncertainty, supply disruption, and coordination failure. Foundational studies describe supply chain risk as a multi-
stage management problem involving identification, assessment, mitigation, and monitoring (Kleindorfer and Saad, 2005; Tang,
2006). Later reviews expanded this view by showing that risk is not limited to rare disruption events; it also appears in recurring
mismatches between capacity and demand, distorted information, and fragile coordination across organizational boundaries
(Tang and Musa, 2011; Ho et al., 2015). These ideas remain relevant in digital service supply chains, but digital services differ
from product supply chains because capacity is virtualized, service usage is continuous, and cybersecurity is embedded directly
in service availability. Simulation and case-based studies further show that risk assessment must account for network structure
and local disruption mechanisms rather than treating supply risk as a single aggregate parameter (Ghadge et al., 2012; Tuncel
and Alpan, 2010).

The rise of analytics has changed how supply chain risk is observed and managed. Big data analytics enables firms to detect
operational patterns, forecast short-term demand, and identify emerging bottlenecks before they become visible in financial
results (Choi et al., 2018; Wang et al., 2016). Firm-level studies also show that data analytics capability is associated with
performance improvement when managers use analytics outputs to redesign decisions rather than simply monitor historical
activity (Wamba et al., 2017; Gunasekaran et al., 2017). In digital service supply chains, this principle is especially important
because most risk signals are born digital. Capacity utilization, latency, exception logs, API errors, security alerts, and channel
activity can be modeled continuously, making risk analytics more than a retrospective reporting tool. Such work is
complemented by research on predictive analytics as a supply chain design capability rather than merely reporting technology
(Waller and Fawcett, 2013; Schoenherr and Speier-Pero, 2015).

Information asymmetry is another critical foundation. Contract theory and supply chain coordination studies show that
privately held information can reduce system efficiency because one party may distort price, capacity, or order decisions to
protect informational advantage (Corbett et al., 2004; Cachon and Lariviere, 2005). In digital service chains, the upstream
infrastructure provider may understand the true reliability of cloud resources, while the downstream service provider may
understand customer demand and enterprise renewal risk. This bilateral information asymmetry makes simple transparency
assumptions unrealistic. It also creates an analytics opportunity: if observable operational signals can partially infer hidden
capacity or demand conditions, AI models may reduce the practical consequences of asymmetric information. The same logic
is visible in information distortion and bullwhip research, where small errors in upstream and downstream knowledge can
amplify operational mismatches (Lee et al., 1997; Chen et al., 2000).

Cybersecurity risk has moved from a technical control issue to a supply chain governance issue. The economics of security
investment shows that firms rarely eliminate all cyber risk; instead, they balance prevention cost against expected loss (Gordon
and Loeb, 2002; Anderson and Moore, 2006). In platform and digital service environments, security risk is also linked to
interorganizational data exchange. Blockchain and shared records have been proposed as mechanisms for reducing trust gaps
in supply chains, but technology alone does not eliminate the need for predictive monitoring and risk-sensitive decision rules
(Kshetri, 2018). A SaaS provider must therefore evaluate cyber exposure not as an isolated IT metric but as part of service
reliability, pricing, customer trust, and capacity governance. Cyber supply chain research extends this argument by showing
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that weak transparency across digital partners can turn technical vulnerabilities into enterprise-level operational risks (von
Solms and van Niekerk, 2013; Boyson, 2014).

Artificial intelligence adds a methodological layer to these debates. Classical machine learning models such as random
forests and gradient boosting are powerful for structured risk data because they can capture nonlinear interactions among
demand, utilization, latency, and security variables (Breiman, 2001; Chen and Guestrin, 2016). Sequence models such as LSTM
and Transformer architectures are useful when risk depends on temporal patterns rather than only contemporaneous values
(Hochreiter and Schmidhuber, 1997; Vaswani et al., 2017). Explainable AI methods can then translate predictions into feature-
level explanations, supporting managerial trust and auditability (Ribeiro et al., 2016; Lundberg and Lee, 2017). The current
study integrates these method families into a risk analytics framework for digital service supply chains. Ensemble learning,
reinforcement learning, and generative models broaden this toolkit by allowing nonlinear pattern extraction, sequential decision
learning, and latent-state representation when business risk data are complex (Friedman, 2001; Mnih et al., 2015). The modeling
logic also draws from deep representation learning approaches that are useful for sparse or hidden risk signals (Goodfellow et
al., 2014; Kingma and Welling, 2014).

Despite this broad foundation, three gaps remain. First, digital service supply chain studies often emphasize optimization,
while AI studies often emphasize prediction accuracy; fewer studies connect prediction to capacity, pricing, and cyber
governance decisions. Second, dual-channel digital services have distinct B2C and B2B risk profiles, yet many models pool
customers into one demand process. Third, information asymmetry is often treated as a theoretical parameter, although in
practice it can be proxied through operational differences between announced capacity, realized performance, and inferred
demand. This paper addresses these gaps by building a prediction framework that explicitly separates B2C and B2B signals,
models shortage and cyber exposure jointly, and interprets information asymmetry as a measurable risk driver. The gap is
especially important because AI, Industry 4.0, and Web 3.0 research increasingly treats digital platforms as interconnected
decision systems rather than isolated applications (Lu, 2019; Zhang and Lu, 2021). Industry 4.0 and decentralized internet
studies also show why capacity, data trust, and cybersecurity must be examined together (Lu, 2025; Zhang and Lu, 2025).
Earlier Industry 4.0 research also frames digital service risks as outcomes of cyber-physical integration, data exchange, and
intelligent connectivity (Lu, 2017).

III. PROBLEM SETTING AND DATA DESIGN
The digital service chain studied in this article contains two primary actors: an infrastructure provider and a SaaS service

provider. The infrastructure provider supplies computing capacity, storage, network reliability, identity support, and data
availability services. The SaaS service provider configures applications, sets channel prices, manages user subscriptions, and
sells access to two market segments. The B2C channel consists of individual users who are price sensitive and whose usage
can change quickly after promotions or product updates. The B2B channel consists of enterprise customers whose contracts are
larger, less price elastic, and more sensitive to downtime, data protection, and integration reliability. Cloud business models
and SaaS adoption studies show that infrastructure sourcing decisions must be analyzed jointly with service quality, pricing,
and adoption risk (Marston et al., 2011; Benlian and Hess, 2011). Cloud pricing research similarly demonstrates that service-
level quality and capacity charging are core parts of digital service economics (Lu and Zheng, 2020; Xu, 2012).

The risk problem is structured around two predicted outcomes. The first outcome is capacity shortage. A shortage occurs
when realized service demand, adjusted for workload intensity and channel requirements, exceeds effective capacity. Effective
capacity is lower than contracted capacity when latency is high, infrastructure availability declines, or the upstream provider
delivers lower performance than expected. The second outcome is cyber exposure. Cyber exposure is defined as a high-risk
state in which cyber signals indicate that the platform is vulnerable to a service-impacting or trust-damaging incident. It is not
identical to a confirmed breach. Rather, it is an early-warning state that includes patch delay, abnormal failed login intensity,
unusually high API access, credential error bursts, and shared infrastructure dependency. Digital supply chain and IoT research
indicate that these outcomes are shaped by the interaction between connected devices, data flows, and platform-level service
dependencies (Buyukozkan and Gocer, 2018; Atzori et al., 2010).

Table I. Variable groups and operational definitions in the proposed risk analytics framework.

Variable group Representative indicators Risk interpretation Primary decision link

B2C demand Usage growth, trial conversion, price
response, campaign lift

Volatile user behavior can create short-
term workload surges Promotion control and price adjustment
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B2B demand Contract seats, renewal pressure,
integration volume, SLA tier

Enterprise workloads are more stable but
more costly to miss

Capacity reservation and service-tier
design

Capacity Contracted capacity, effective capacity,
latency, availability

Effective capacity may fall below
purchased capacity Cloud scaling and provider renegotiation

Information asymmetry Forecast gap, report variance, hidden
latency, capacity opacity

Private information distorts ordering and
pricing decisions Visibility contract and audit rights

Cyber exposure Patch age, failed logins, API errors,
privileged access concentration

Security state may deteriorate before a
confirmed incident Mitigation investment and access control

Governance Monitoring maturity, SLA strictness,
security spending, incident review

Governance determines whether
prediction becomes action Risk dashboard and escalation protocol

Table I clarifies why the prediction problem cannot be reduced to a single demand forecast. The shortage task depends on
demand, effective capacity, and the hidden quality of infrastructure supply. The cyber exposure task depends on security
hygiene, abnormal access behavior, and the degree to which different channels share vulnerable infrastructure. The inclusion
of governance variables is essential because prediction alone does not reduce risk unless it is connected to practical escalation
rules and decision accountability. The cyber variables are consistent with IoT cybersecurity and blockchain-enabled security
research, which emphasizes that monitoring, traceability, and infrastructure trust are tightly connected (Lu and Xu, 2019; Xu
et al., 2021).

The analytics framework uses a simulation-calibrated dataset because firm-level SaaS risk data are rarely public at sufficient
granularity. The design generates 24,000 firm-period observations representing 200 digital service providers observed over 120
weekly periods. Each observation contains channel-level demand indicators, infrastructure performance measures, cyber
hygiene variables, contractual features, and governance variables. The synthetic structure is not intended to replace empirical
data; rather, it provides a transparent experimental environment in which the effects of information asymmetry, demand
volatility, and cyber signals can be evaluated without exposing proprietary customer or security records. Forecasting research
shows why temporal validation is required when simulated or empirical time-series data are used to support operational
decisions (Makridakis et al., 2018; Hyndman and Koehler, 2006).

Table I summarizes the major variable groups. Demand variables include B2C usage growth, B2B renewal intensity, price
sensitivity, and workload spikes. Capacity variables include contracted capacity, effective capacity, infrastructure latency, and
service availability. Information asymmetry is proxied by the gap between announced service capacity and realized capacity
performance, the volatility of service-level reporting, and the difference between provider forecasts and observed workload.
Cyber variables include failed authentication intensity, patch age, privileged access concentration, API error bursts, and shared
infrastructure dependency. Governance variables capture mitigation investment, monitoring maturity, and service-level
agreement strictness. The same variable logic is compatible with anomaly-detection studies that treat network behavior, access
patterns, and operational deviations as joint indicators of risk exposure (Buczak and Guven, 2016; Bhuyan et al., 2014).

Table II. Simulation-calibrated data design for predictive risk modeling.

Element Design choice Rationale

Observation unit Firm-week for 200 SaaS providers over 120 weeks Creates 24,000 observations with repeated temporal
structure

Channels Separate B2C and B2B demand variables Reflects different elasticity, workload, and service
expectations

Outcomes Capacity shortage and cyber exposure Captures operational service risk and security risk
separately

Risk states Stable, moderate stress, high stress Allows comparison across normal and adverse
operating conditions

Learning task Binary classification with probability calibration Supports early-warning thresholds and action rules

Validation Time-based split with stress-state holdout Tests generalization to future and adverse conditions

Table II presents the modeling design. The time-based split prevents the model from learning future information and
approximates the real deployment condition in which a firm must predict next-period shortage or exposure using information
available at the current decision point. A stress-state holdout is included because risk models often appear accurate in stable
periods but fail precisely when managers need them most. This evaluation design therefore emphasizes resilience under
deteriorating operational conditions. The use of probability calibration follows evaluation research showing that ranking metrics
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and precision-recall behavior provide different views of model usefulness in imbalanced risk settings (Fawcett, 2006; Davis
and Goadrich, 2006).

IV. AI-AUGMENTED RISK ANALYTICS FRAMEWORK
Figure 1 presents the proposed architecture. The figure deliberately avoids an arrow-based flow diagram because the

framework is intended to represent an integrated operating environment rather than a one-way process. The bottom logic of the
architecture is that risk intelligence is created when operational data, AI inference, and governance routines are collocated in a
shared decision system. The data layer collects channel, capacity, and security signals. The AI analytics layer transforms these
signals into predicted probabilities. The risk intelligence layer converts probabilities into shortage and cyber exposure bands.
The decision layer links risk bands to capacity buffers, dynamic pricing, security expenditure, and audit records. The cloud and
Web 3.0 context make this architecture especially relevant because modern digital services depend on elastic infrastructure and
decentralized data exchange (Marston et al., 2011; Zhang and Lu, 2025).

The framework is designed for two prediction tasks. For capacity shortage, the model predicts whether a channel-period will
experience unmet service demand or service degradation caused by insufficient effective capacity. For cyber exposure, the
model predicts whether a channel-period will enter a high-exposure state that requires security intervention. The practical value
of these predictions depends on lead time. A prediction made several days before the shortage or exposure state gives managers
time to purchase temporary cloud capacity, adjust promotional intensity, throttle low-priority workloads, accelerate patching,
or modify enterprise service commitments. This is why the study evaluates the models not only by accuracy but also by recall,
F1 score, and business interpretability. Security analytics research suggests that cyber exposure should be modeled before
breach confirmation, because intrusion signals and abnormal traffic patterns often appear earlier than formal incident reports
(Sommer and Paxson, 2010; Shone et al., 2018).

The five evaluated AI configurations are chosen to represent a progression from transparent baseline to more expressive
learning. Logistic regression offers a simple benchmark and supports direct coefficient interpretation. Random forest captures
nonlinear and interaction effects while retaining some variable importance interpretability. Gradient boosting is included
because it performs well on structured business data and often dominates tabular prediction tasks. LSTM sequence learning
captures temporal risk patterns across several prior periods. The hybrid ensemble combines gradient boosting on structured
variables with LSTM outputs derived from time-series risk signals and then calibrates the combined risk probability. The goal
is not to claim universal superiority for one algorithm, but to identify which modeling logic best fits asymmetric digital service
risk data. Tree-based learning, gradient boosting, and recurrent learning are therefore appropriate benchmarks for structured
and sequential service-risk data (Breiman, 2001; Chen and Guestrin, 2016). Sequence learning is included because lagged
operational stress often precedes service failures (Hochreiter and Schmidhuber, 1997; Vaswani et al., 2017).

Explainability is incorporated as a governance requirement rather than an optional reporting layer. High predicted shortage
risk is useful only if managers understand whether it is driven by demand surge, capacity under delivery, latency, or asymmetric
reporting. High cyber exposure risk is actionable only if managers understand whether it is driven by patch age, failed login
bursts, privileged access concentration, or shared infrastructure dependence. The study therefore uses local explanation scores
to interpret individual predictions and aggregated feature importance to interpret overall model behavior. This design reflects
a broader movement toward interpretable analytics in high-stakes business decisions (Ribeiro et al., 2016; Lundberg and Lee,
2017). Recent explanation methods further indicate that model transparency should be examined at both the local prediction
level and the global feature-importance level (Lundberg et al., 2020; Doshi-Velez and Kim, 2017).

V. EXPERIMENTAL DESIGN AND RESULTS
The data experiment begins by separating stable and stress operating states. A stable state represents normal channel demand,

acceptable latency, low patch delay, and moderate authentication noise. A stress state represents weeks in which demand
volatility rises, infrastructure latency worsens, information asymmetry increases, and cyber hygiene weakens. Figure 2
compares normalized risk intensity across six representative variables. The figure shows that stress conditions are not created
by a single factor. Instead, risk emerges from the simultaneous increase of demand volatility, supplier latency, information
asymmetry, patch age, and failed login intensity. This interaction justifies a multivariate analytics approach rather than a rule
based on one threshold. The separation between stable and stress states follows forecasting evidence that model performance
can deteriorate when distributional conditions shift, even when average-period accuracy appears strong (Makridakis et al., 2020;
Taylor and Letham, 2018).
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Figure 2. Normalized risk intensity across selected operational, information, and cyber variables.
The first substantive result is that capacity shortage risk is more sensitive to information asymmetry than cyber exposure

risk. When the information asymmetry index rises from 0.00 to 0.30, the predicted shortage probability increases from
approximately 0.18 to 0.40. Cyber exposure probability also rises, but more moderately, from approximately 0.16 to 0.41 under
the same asymmetric range. The reason is structural: information asymmetry directly affects capacity planning because the
downstream provider cannot observe the reliability of the upstream infrastructure provider with full precision. Cyber exposure
is affected by asymmetrical, but it is more strongly driven by cyber hygiene variables such as patch delay and abnormal
authentication behavior. This finding is consistent with contractual flexibility research showing that capacity arrangements
become more valuable when demand realization is uncertain and shortage penalties are asymmetric (Tsay, 1999; Chiang et al.,
2003).

Table III. Predictive performance comparison for capacity shortage and cyber exposure.

Model Shortage AUC Shortage F1 Cyber AUC Cyber F1 Interpretation

Logistic regression 0.742 0.681 0.731 0.664 Transparent baseline; weak
interaction capture

Random forest 0.816 0.744 0.804 0.728
Captures nonlinear
patterns; moderate
calibration

Gradient boosting 0.845 0.771 0.833 0.756
Strong tabular
performance and threshold
sensitivity

LSTM sequence model 0.862 0.787 0.851 0.779 Captures lagged stress
accumulation

Hybrid ensemble 0.893 0.819 0.884 0.807 Best overall early-warning
performance

Model comparison results are reported in Table III and Figure 3. Logistic regression provides a reasonable baseline but
misses nonlinear interactions, producing AUC values of 0.742 for shortage and 0.731 for cyber exposure. Random forest
improves both outcomes by capturing nonlinear relationships, while gradient boosting performs better because it handles
heterogeneous tabular variables and threshold effects. LSTM performs strongly when historical sequences of latency, demand,
and cyber events are included. The hybrid ensemble produces the strongest overall performance, with AUC of 0.893 for
shortage and 0.884 for cyber exposure. Its advantage is largest for early-warning recall, which is more important than raw
accuracy when the cost of missed risk events is high. The difference between AUC and F1 is important because high-risk weeks
are relatively rare, and imbalanced learning studies show that accuracy alone can obscure false-negative exposure (He and
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Garcia, 2009).

Figure 3. AUC comparison across five predictive configurations for shortage and cyber exposure.
The model results also show that the two predicted outcomes have different feature hierarchies. For shortage prediction, the

strongest variables are B2B workload growth, effective capacity ratio, infrastructure latency, capacity report variance, and
promotional demand pressure. For cyber exposure prediction, the strongest variables are patch age, failed login intensity,
privileged access concentration, API error bursts, and shared infrastructure dependency. This finding has practical significance.
A firm that only monitors capacity utilization may detect shortage risk but miss cyber exposure. A firm that only monitors
security alerts may detect cyber exposure but miss capacity-related risk. A dual-risk analytics system must therefore combine
operations and security data rather than separating them into different dashboards. Forecasting and demand analytics studies
similarly show that different model families may be needed when workload volatility, service lead time, and nonstationary
demand interact (Carbonneau et al., 2008; Makridakis et al., 2020).

Figure 4. Sensitivity of predicted risk probabilities to the information asymmetry index.
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Table IV translates the analytical findings into managerial action rules. A high probability of shortage should trigger capacity
buffer review, temporary cloud scaling, price throttling, and renegotiation of infrastructure commitments. A high cyber
exposure probability should trigger accelerated patching, credential review, temporary access restrictions, and customer
communication planning.When both probabilities are high, the priority is not simply to addmore capacity or strengthen security
in isolation. The service provider must examine whether rapid scaling is increasing attack surface and whether cyber controls
are slowing service performance. This combined risk state is the most difficult governance problem in asymmetric digital
service chains. Cyber governance studies also indicate that action protocols must include both prevention of investment and
partner-level accountability when digital supply chains are interconnected (Gordon and Loeb, 2002; Anderson and Moore,
2006).

Table IV. Managerial action matrix for dual-risk prediction outcomes.

Risk signal pattern Interpretation Recommended managerial action

High shortage / low cyber Demand or capacity stress dominates Add temporary capacity, smooth workloads, revise
promotional intensity

Low shortage / high cyber Security hygiene deteriorates before service stress Accelerate patching, tighten access, increase
monitoring

High shortage / high cyber Shared infrastructure stress creates compound
exposure

Coordinate operations and security war-room
response

Rising asymmetry / stable demand Capacity or latency information is becoming
unreliable

Request audit logs, revise reporting clauses, validate
SLA metrics

Stable asymmetry / rising cyber Threat surface grows independent of capacity
negotiation

Increase identity analytics and API anomaly
detection

The heatmap in Figure 5 illustrates how an early-warning dashboard can combine both outcomes over time. The B2B cyber
exposure row shows the steepest increase, while B2C shortage grows more moderately. Such visualization is useful because
managers need to compare risk across channels and weeks without reading raw model outputs. A well-designed dashboard
should include the score, its uncertainty, the dominant explanation, and the corresponding action protocol. Blockchain and
distributed finance research suggests that dashboard outputs become more credible when they are linked to traceable audit data
and transparent transaction records (Lu, 2022; Xu et al., 2024).

Figure 5. Example early-warning dashboard for channel-level shortage and cyber exposure probabilities.
The final business value test estimates avoided loss under a conservative intervention assumption. The experiment assumes

that a detected shortage alert reduces expected shortage loss by 35% because capacity and pricing interventions cannot fully
eliminate the event, while a detected cyber exposure alert reduces expected cyber loss by 30% because some vulnerability



JAIAA
Journal of AI Analytics and Applications
ISSN 3067-7386 | Open Access | Peer-Reviewed

RESEARCH ARTICLE
Vol. 2, No. 2 (2024), pp. 40–54

DOI: 10.63646/jaiaa.2024.020203

ISSN: 3067-7386 © 2024 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy,
distribute, print, search, or link to the full texts of the article in this journal without asking prior permission from the publisher or the author. See:

https://inatgi.in/index.php/jaiaa/index for more information.

remains after mitigation. Under these conservative assumptions, the hybrid system generates the largest net avoided loss after
accounting for monitoring cost and false positive response cost. The result supports the article’s central argument: AI does not
replace supply chain optimization, but it improves the timing and targeting of the decisions that optimization models require.
The avoided-loss logic follows economic security models in which the value of investment depends on expected loss reduction
rather than on complete elimination of risk (Gordon and Loeb, 2002; von Solms and van Niekerk, 2013).

Calibration is another important result. Some high-capacity models produce strong ranking performance but poorly
calibrated probabilities. A model that ranks risky weeks correctly is useful for prioritization, but a model used in financial
decision making must also produce probabilities that approximate real event frequencies. The hybrid ensemble is therefore
calibrated using validation-period reliability curves. After calibration, predicted probabilities in the 0.30 to 0.40 band
correspond closely to observed event frequencies, allowing managers to interpret risk scores as actionable probability estimates
rather than opaque machine-learning outputs. This calibration step is particularly important for service-level agreement
governance and security expenditure decisions. Calibration is also necessary because ROC curves and precision-recall curves
capture ranking quality but do not automatically guarantee reliable probability estimates (Fawcett, 2006; Davis and Goadrich,
2006).

The cost-weight analysis also reveals that marginal gains in recall are more valuable for B2B than for B2C because enterprise
service failure generates larger penalties and reputational damage. A one-point increase in B2B shortage recall reduces expected
penalty cost more than an equivalent improvement in B2C shortage recall. For this reason, the recommended deployment design
uses channel-specific thresholds rather than one universal risk threshold. B2B shortage alerts should be triggered at a lower
predicted probability when the affected customers are in premium service tiers, while B2C alerts can use a slightly higher
threshold unless the provider is running a major promotion or facing unusually high churn pressure. This threshold design
aligns with research on imbalanced data, where the practical cost of missed events can exceed the statistical cost of false alarms
(He and Garcia, 2009; Hyndman and Koehler, 2006).

Using these thresholds, the hybrid ensemble identifies 83.6% of shortage events and 81.9% of cyber exposure events in the
stress-state holdout. Logistic regression identifies only 64.2% and 61.7%, respectively. The difference is not only statistical; it
changes the operational timing of managerial intervention. In the simulation, a correctly detected shortage alert provides an
average lead time of 1.8 weeks before the shortage state becomes severe, while a cyber exposure alert provides an average lead
time of 1.5 weeks before escalation. This lead time is sufficient for temporary cloud scaling, price throttling, patch acceleration,
or additional monitoring in many SaaS operating environments. The lead-time interpretation is important because disruption
modeling shows that earlier warning can change the scale of downstream losses and the feasibility of mitigation (Ivanov et al.,
2019; Ivanov, 2020).

A risk model is valuable only when it supports a decision threshold that reflects business cost. In the shortage task, the cost
of a false negative is typically higher than the cost of a false positive because missed shortage events can lead to service-level
penalties, emergency capacity purchases, refund pressure, and customer churn. In the cyber exposure task, false negatives are
also costly, but excessive false positives can overwhelm security teams and create alert fatigue. The study therefore evaluates
thresholds using a cost-weight perspective rather than selecting the threshold that maximizes accuracy. Under the baseline cost
setting, the shortage warning threshold is set at 0.32 and the cyber exposure threshold at 0.29, which increases recall while
keeping alert volume within a manageable range. Resilience research further shows that risk governance improves when firms
combine warning signals with predefined decision rights and response routines (Ivanov and Dolgui, 2021; Baryannis et al.,
2019).

VI. MANAGERIAL AND GOVERNANCE IMPLICATIONS
The managerial implications differ for SaaS providers, infrastructure providers, and enterprise customers. SaaS providers

should treat risk analytics as an operating capability rather than a report-generation function. The most valuable signal is not
the final prediction score; it is the explanation of why the risk score changed. If a shortage score rises because B2B workload
is increasing but effective capacity remains stable, the response may involve enterprise workload scheduling. If the same score
rises because upstream latency is deteriorating, the response requires infrastructure escalation. Similarly, cyber exposure driven
by patch age requires a different response from exposure driven by authentication attacks. These implications build on resilience
research showing that risk management is a capability involving visibility, redundancy, flexibility, and coordinated action
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(Christopher and Peck, 2004; Pettit et al., 2010).

Infrastructure providers should view transparency as a risk-reducing asset. In the presence of asymmetric information,
upstream providers may gain short-term advantage by controlling information about capacity reliability, but the downstream
consequence can be inefficient capacity ordering and higher service instability. Shared reporting of latency, availability, and
capacity degradation can reduce the shortage probability while improving the credibility of service-level agreements. This
finding aligns with the broader logic that information sharing can reduce operational distortion in supply chains, even when
contractual interests are not perfectly aligned (Corbett et al., 2004; Cachon and Lariviere, 2005). Information-sharing and
channel-structure studies also indicate that visibility clauses, audit rights, and direct-channel incentives can improve
coordination when partners have unequal knowledge (Tsay, 1999; Huang and Swaminathan, 2009).

Enterprise customers also benefit from the risk analytics framework. B2B clients often negotiate uptime, security, and data-
processing terms without observing the full upstream infrastructure chain. A SaaS provider that can demonstrate predictive
monitoring of shortage and cyber exposure can strengthen its enterprise credibility. Rather than treating cybersecurity
questionnaires and capacity guarantees as static compliance documents, the provider can offer dynamic risk reporting that
shows how risk is monitored over time. This capability may become a differentiator in markets where enterprise customers
compare SaaS vendors not only by features and price but also by operational resilience and security governance. The enterprise-
customer perspective is consistent with SaaS adoption research, where perceived risk, reliability, and service quality affect
acceptance beyond simple price considerations (Buyya et al., 2009; Benlian and Hess, 2011).

The results further suggest that risk mitigation should be prioritized by marginal decision value. For shortage risk, the most
valuable interventions are capacity buffer optimization, workload smoothing, service-level tiering, and demand-aware pricing.
For cyber exposure, the most valuable interventions are patch acceleration, identity monitoring, privileged access control, and
API anomaly detection. Cross-functional coordination is essential because some interventions create trade-offs. For example,
aggressive capacity scaling can reduce shortage risk but may increase configuration error, access complexity, and exposure to
third-party infrastructure vulnerabilities. Risk governance should therefore be integrated across operations, pricing, and security
teams. Risk mitigation should also be understood as a robustness capability, because firms with stronger relational and structural
buffers are better able to absorb disruption without losing service continuity (Brandon-Jones et al., 2014; Ivanov et al., 2019).

VII. LIMITATIONS AND FUTURE RESEARCH
Several limitations should be recognized. First, the dataset is simulation-calibrated rather than collected from a single real-

world SaaS provider. This design supports transparent modeling and scenario control, but empirical validation with confidential
operational data would strengthen external validity. Second, the framework uses binary risk outcomes for shortage and cyber
exposure. Future research could model severity levels, recovery time, and financial loss conditional on event occurrence. Third,
the current experiment assumes that model predictions are used by managers, but it does not model human response behavior.
In practice, the value of an early-warning system depends on whether managers trust, understand, and act on the
recommendations. Robust checks based on alternative forecasting distributions would strengthen this design because time-
series studies show that model rankings can change under different demand and volatility structures (Makridakis et al., 2018;
Taylor and Letham, 2018).

Future research can extend the framework in several directions. One direction is causal risk analytics, which would
distinguish correlation from intervention effects. For instance, patch age may be associated with cyber exposure, but a causal
model could estimate how much exposure would decrease if patching were accelerated by three days. Another direction is
federated learning across SaaS providers, enabling shared cyber and capacity intelligence without revealing proprietary
customer data. A third direction is reinforcement learning for dynamic mitigation, where the system recommends sequential
actions such as pricing adjustments, capacity purchases, throttling policies, and security controls under changing demand and
threat states. Physics-informed and hybrid AI methods offer one possible extension because they can combine learned patterns
with structural constraints when labeled risk events are scarce (Raissi et al., 2019; Karniadakis et al., 2021).

Another promising direction is the integration of large language models into risk governance. Many digital service risks are
described in unstructured logs, incident reports, customer tickets, and service-level notes. Language models could extract
qualitative signals from these documents and combine them with structured operational indicators. However, such systems
would require strict grounding, privacy protection, and human review to avoid hallucinated risk explanations. For this reason,
future AI-augmented risk systems should combine predictive modeling, causal reasoning, explainability, and governance
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controls rather than relying on a single algorithmic layer. Large language models, blockchain-based finance, and quantum-
oriented analytics may further extend digital service risk governance by processing unstructured records and supporting new
forms of intelligent verification (Kou and Lu, 2025; Lu et al., 2024). The same agenda intersects with blockchain assurance,
internal auditing, and quantum finance research on trusted digital decision environments (Chen et al., 2024; Wu et al., 2025).
Platform finance and advanced decision systems also suggest that AI risk analytics will increasingly combine predictive
modeling with decentralized governance (Lu and Yang, 2024; Xu et al., 2024).

VIII. CONCLUSION
This article developed an AI-augmented risk analytics framework for asymmetric digital service supply chains, focusing on

the prediction of capacity shortage and cyber exposure in dual-channel SaaS operations. The framework reframes service supply
chain risk as an early-warning problem in which operational data, infrastructure performance, information asymmetry proxies,
and cybersecurity signals are integrated into predictive models. A simulation-calibrated experiment with 24,000 firm-period
observations showed that hybrid AI provides the strongest predictive performance across both shortage and cyber exposure
outcomes, while simpler models remain useful for transparent baseline analysis.

The results show that asymmetric information is especially damaging for capacity shortage prediction because it weakens
the reliability of capacity planning between the infrastructure provider and the SaaS provider. Cyber exposure is influenced by
asymmetry, but it is more directly driven by patch delay, failed authentication intensity, privileged access concentration, and
shared infrastructure dependency. The study also shows that B2B and B2C channels require differentiated risk governance
because enterprise demand is less price-sensitive but more sensitive to service degradation and cyber trust. The practical
implication is clear: digital service firms should not manage demand risk, capacity risk, and cybersecurity risk in separate silos.
They need an integrated analytics architecture that translates early risk signals into capacity, pricing, security, and governance
decisions.
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