
International Journal of Humanities and Information Technology (IJHIT)
e-ISSN: 2456 –1142,  Volume 5, Issue 3, (July–September 2023), ijhit.info

AI-Driven Supply Chain Resilience: Predicting and 

Mitigating Disruptions Through Machine Learning

Xoshimova Dilobar Kuchkarovna
Shahrisabz State Pedagogical Institute, Senior Lecturer of Mathematics and Applied Mathematics, 

teacher, Shahrisabz, Republic of Uzbekistan
Email: hoshimovadilobar87@gmail.com

ORCID: 0009-0006-1589-1434

Xaydarov Abror
DSc, Associate Professor in the Department of Social Sciences

Tashkent State Transport University
Temiryolchilar Str., Tashkent, 100167, Uzbekistan.

ORCID: 0009-0006-7839-5382
Email: xaydarov_a@tstu.uz

Nurjonov Izzatbek
Department of Accounting

Mamun university
Khiva, Uzbekistan

Email: nurjanov.izzat@mamunedu.uz

Abstract

Supply chain disruption management requires both anticipation and operational responses under 

uncertainty. This paper develops an integrated machine learning and prescriptive optimization 

framework that combines multimodal risk signals, calibrated disruption probabilities, severity 

forecasting,  scenario simulation and cost-aware mitigation.  The proposed architecture ingests 

supplier reliability, lead-time variability, demand volatility, inventory coverage, transportation 

congestion and external hazard indicators, then translates predictions into actionable decisions 

about  safety stock,  supplier  diversification,  expediting and capacity reservation.  To illustrate 

evaluation procedures without misrepresenting experimental evidence, a fully disclosed synthetic 

scenario  is  constructed  and  numerical  results  are  explicitly  labeled  illustrative  rather  than 

empirical.  In  this  scenario,  an  integrated  policy  lowers  simulated  expected  disruption  cost 

relative to a reactive baseline while requiring additional preventive expenditure. The manuscript 

discusses  calibration,  temporal  validation,  explainability,  fairness,  privacy,  data  drift  and 

implementation constraints.  It  offers reproducible evaluation logic and a research agenda for 

testing the framework on real multi-echelon supply chain data.

July–September 2023 www.ijhit.info 102 | Page

https://ijhit.info/


International Journal of Humanities and Information Technology (IJHIT)
e-ISSN: 2456 –1142,  Volume 5, Issue 3, (July–September 2023), ijhit.info

Keywords:  supply chain resilience;  machine learning;  disruption prediction;  risk calibration; 

inventory optimization; digital supply chains; explainable artificial intelligence; scenario analysis

DOI: 10.21590/ijhit.05.03.08

1. Introduction

Supply  chains  connect  procurement,  production,  warehousing,  transportation  and  customer 

fulfillment across organizations and geographies. Their interdependence enables efficiency but 

also propagates shocks. A delay at a critical supplier can interrupt production, affect downstream 

inventories and alter delivery commitments. Recent attention to resilience reflects the need to 

preserve essential functions during uncertain events, not merely to optimize average operating 

costs. Resilience therefore concerns anticipation, absorption, adaptation and recovery across the 

entire network.

Traditional planning often assumes stable lead times and interpretable demand patterns. 

Forecasts may be based on historical averages, static supplier scorecards and manually defined 

reorder points. Such approaches remain useful where data are sparse and processes are stable, but 

they can miss nonlinear interactions between weather, congestion, demand spikes and supplier 

financial  distress.  Moreover,  an  accurate  prediction  is  not  automatically  a  good  decision:  a 

forecast must be translated into a response whose expected benefits exceed its costs.

Artificial  intelligence  and  machine  learning  provide  tools  to  detect  early  signals  in 

heterogeneous  information.  Gradient  boosting  can  model  nonlinear  tabular  relationships; 

sequence  models  can  track  temporal  dependencies;  graph-based  methods  can  represent 

propagation across supplier and logistics networks. Yet these methods face practical obstacles, 

including incomplete event labels, shifting risk regimes, inconsistent timestamps, selection bias 

and the limited transferability of historical disruptions to unprecedented shocks.

The core problem addressed here is  how to integrate predictive risk assessment with 

operational  mitigation  rather  than  evaluating  classifiers  in  isolation.  An  organization  may 

correctly identify an elevated probability of disruption yet still make a poor decision if it orders 

excess inventory, expediates unnecessarily or ignores alternate supplier capacity. Conversely, a 

slightly less accurate model can deliver higher business value when its probabilities are well  

calibrated and its recommended actions are robust.
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This paper proposes a layered decision architecture. Data are first harmonized at supplier, 

material, route and time-period levels. The predictive layer estimates disruption likelihood and 

conditional loss severity. A prescriptive layer evaluates candidate interventions under budget, 

lead-time and capacity constraints. A monitoring layer records realized outcomes, model drift, 

overrides  and  post-event  recovery,  enabling  learning  over  time.  The  approach  treats 

explainability and governance as operational requirements rather than optional visualizations.

A disruption is defined as an event that prevents a supply node or route from meeting a 

pre-specified  service  threshold  during  a  prediction  horizon.  This  operational  definition  is 

essential  because  a  late  shipment,  supplier  shutdown  and  stockout  are  related  but  not 

interchangeable outcomes. Each target requires a clear timestamp and observation window. For 

instance, predicting whether an order will be delayed in the next fourteen days should exclude 

data generated after the order outcome becomes known.

The  framework  emphasizes  decision-specific  performance  metrics.  Area  under  the 

receiver  operating  characteristic  curve  summarizes  discrimination,  but  precision-recall 

performance is more informative when disruptions are rare. Brier score and reliability diagrams 

assess calibration. Expected total cost, fill rate, recovery time and tail loss measure the value of  

interventions. Evaluating all these dimensions reduces the risk of selecting a model that looks  

impressive statistically but harms operational performance.

The  conceptual  contribution  is  the  integration  of  calibrated  risk  forecasting  with 

constrained  mitigation  optimization.  A  second  contribution  is  an  evaluation  protocol  that 

combines rolling-origin validation, disruption stress scenarios and economic comparison against 

transparent baselines. A third is a governance specification for explanation, human review and 

model monitoring. These elements collectively connect the technical machine learning literature 

with practical supply chain resilience management.

The analysis intentionally separates methodological proposals from observed evidence. 

No proprietary shipment history, supplier data or actual production experiment was provided for 

this manuscript. Consequently, the numerical section is a worked synthetic illustration designed 

to demonstrate calculations and reporting formats. It cannot establish real-world superiority or 

statistical  significance.  Real  deployment  would  require  independently  sourced  datasets, 

prospective trials and stakeholder-defined cost parameters.
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The remaining sections review relevant scholarship, formalize the prediction and decision 

problems,  describe  the  workflow  and  evaluation  design,  and  present  illustrative  numerical 

outcomes with limitations. The paper concludes by identifying how enterprises and researchers 

can  adapt  the  proposed  approach  to  particular  industries,  including  automotive,  electronics, 

pharmaceuticals and food distribution, where disruption mechanisms and regulatory constraints 

differ.

2. Literature Review

Supply chain resilience research initially emphasized redundancy, flexibility, collaboration and 

recovery capabilities. Christopher and Peck (2004) described the need to build resilient supply 

chains through network understanding and risk management. Sheffi and Rice (2005) connected 

disruption  exposure  to  enterprise-level  recovery  planning.  These  foundational  perspectives 

remain relevant because algorithmic prediction cannot substitute for organizational capacity to 

act.

Tang  (2006)  reviewed  robust  strategies  for  managing  supply  chain  disruptions  and 

distinguished operational efficiency from risk mitigation. Strategies such as flexible sourcing, 

inventory  buffers  and  demand  management  have  different  costs  and  response  speeds.  This 

literature motivates an optimization layer that considers intervention choices jointly rather than 

treating a high-risk alert as a sufficient managerial outcome.

Pettit, Fiksel and Croxton (2010) framed resilience as a balance between vulnerabilities 

and  capabilities.  Their  conceptualization  helps  clarify  why  two  firms  exposed  to  the  same 

disruption  probability  may  experience  different  losses.  A  network  with  alternative  qualified 

suppliers, accessible inventory and flexible transportation may absorb shocks more effectively 

than one dependent on a single constrained source.

Ivanov  and  Dolgui  (2020)  discussed  the  viability  of  intertwined  supply  networks, 

emphasizing adaptation to major disruptions and continuity of supply. Network structure matters 

because  local  failures  can cascade through dependent  nodes.  This  suggests  that  risk  models 

should incorporate material criticality, supplier concentration and graph connectivity rather than 

treating each shipment as statistically independent.
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Machine learning methods offer practical tools for prediction in complex environments. 

Breiman (2001) introduced random forests, which combine decision trees to model interactions 

and reduce variance. Chen and Guestrin (2016) presented XGBoost, a scalable gradient boosting 

approach that has been widely used for structured prediction tasks. These models provide strong 

benchmarks for supplier and logistics risk signals when carefully tuned and validated.

Predictive  modeling  is  not  equivalent  to  probability  estimation.  Niculescu-Mizil  and 

Caruana (2005) examined probability calibration across supervised learning methods. For supply 

chain intervention decisions, calibration is critical: if a model outputs 0.70 disruption probability,  

similar cases should fail approximately seventy percent of the time over a suitable evaluation set.  

Calibration may be assessed with Brier score and reliability bins.

Interpretability can improve accountability. Lundberg and Lee (2017) proposed SHAP, a 

unified  framework  for  attributing  model  predictions  to  features.  In  operational  settings,  an 

explanation may highlight late delivery frequency, transport bottlenecks or shrinking inventory 

coverage. Nevertheless, feature attribution is not causal proof; managers should not assume that 

changing a correlated variable will necessarily reduce disruption probability.

Time dependence and nonstationarity create challenges that standard random train-test 

splits overlook. Demand shocks and geopolitical events can alter data-generating mechanisms, so 

a  model  trained  on  earlier  periods  may  underperform  after  regime  changes.  Rolling-origin 

evaluation,  feature  drift  monitoring  and  scheduled  recalibration  are  preferable  to  one-time 

accuracy estimates. Robustness should also be examined under missing signals and previously 

unseen suppliers.

Prescriptive analytics connects forecasts to actions. Inventory control theory characterizes 

tradeoffs between shortage losses and holding costs, while stochastic programming and robust 

optimization address uncertain scenarios. In supply chain resilience, candidate responses may 

include dual sourcing, strategic buffers, route switching and expediting. Their feasibility depends 

on contractual commitments, qualification lead times, capacity and product shelf life.

The  literature  therefore  identifies  an  integration  gap.  Research  streams  on  resilience 

capabilities, predictive algorithms and optimization are individually mature, but deployments can 

fail when model scores are detached from operational constraints and governance. The present 

framework  links  these  streams  through  calibrated  probabilities,  expected-loss  estimation, 
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transparent  constraints  and  post-decision  monitoring.  It  does  not  claim a  new classifier;  its 

proposed novelty is the system-level coupling and evaluation protocol.

3. Research Methodology

3.1 Research design and units of analysis

The proposed study is  a longitudinal,  decision-oriented framework. Each record represents a 

supplier–material–route combination observed at weekly decision time t. The horizon H is fixed 

before training (illustratively fourteen days). Outcomes are defined by an agreed service-level 

breach;  event  severity  is  the  incremental  cost  or  lost  service  conditional  on  an  event.  All  

measurements are timestamped to prevent future information from leaking into training. The 

proposed empirical design would use multiple firms or plants, several seasons and documented 

disruptions; the present numerical example is synthetic.
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3.2 End-to-end architecture and flowchart

Figure 1: Text-native editable workflow. Each stage is an implementation checkpoint and feeds 
audit logs into the monitoring layer.

Data ingestion: ERP, transport, inventory, weather and supplier 
records

↓

Timestamp alignment, quality screening and leakage audit

↓

Temporal features, network exposure and target definition

↓

Rolling-origin training and probability calibration

↓

Probability × severity estimation and explanation review

↓

Scenario-based constrained mitigation optimization

↓

Human approval, execution, outcome tracking and drift monitoring

3.3 Data dictionary and preprocessing

Feature family Example indicators Control

Supplier On-time delivery, defect rate, 
capacity utilization

Lag all values to decision date

Demand Forecast error, order volatility, 
seasonality

Train forecasts using historical 
windows

Inventory Days of cover, backorders, 
reorder point

Exclude future receipts

Logistics Port dwell, transit variance, 
route concentration

Time-stamp external 
observations

External Weather alerts, commodity 
price changes

Track availability and 
provenance

Network Single-source exposure, node 
centrality

Recompute graph from active 
relationships

Missing data are handled with training-fold median imputation for continuous variables, explicit 

missingness indicators and documented exclusions for impossible values. Categorical encodings 

are fit only on training folds. Supplier identifiers are not treated as substitutes for generalizable  

mechanisms. Rare-event imbalance is addressed with class weights or threshold selection within 

the training process; resampling must not contaminate validation windows.
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3.4 Prediction targets and mathematical formulation

yᵢₜ ∈ {0,1}

Here y denotes a service disruption indicator for entity i at decision time t, equal to one when a  

defined disruption occurs within horizon H and zero otherwise.

pᵢₜ = P(yᵢₜ = 1 | xᵢₜ)

The calibrated risk p is the conditional disruption probability based only on feature vector x 

available at the decision time.

Lᵢₜ = pᵢₜ × sᵢₜ

L is  expected disruption loss and s  is  estimated financial  severity conditional  on disruption. 

Monetary units must be consistent across suppliers and periods.

Brier = (1/N) Σᵢ (pᵢ - yᵢ)²

The Brier score evaluates probability accuracy over N out-of-time observations; lower values 

indicate better calibration and discrimination jointly.

Recall = TP/(TP + FN)

TP  denotes  correctly  detected  disruptions  and  FN  denotes  missed  disruptions.  Recall  is 

particularly relevant for costly events but should be balanced against false alerts.

3.5 Model estimation, validation and calibration

Candidate models include logistic regression as an interpretable baseline, random forest, gradient 

boosting and a temporal sequence model where data volume supports it. Hyperparameters are 

selected in nested rolling-origin folds. The final holdout is strictly later in time and is never used 

to  select  features  or  thresholds.  Probability  calibration  is  fitted  on  a  separate  training-era 

calibration slice using isotonic regression or logistic calibration. Confidence intervals should be 

computed using grouped block bootstrap to respect serial and supplier-level dependence.

Evaluate discrimination with ROC AUC and average precision, calibration with Brier 

score  and  reliability  plots,  and  operations  with  expected  cost  and  service  outcomes.  Report 

subgroup metrics by region, supplier size and material criticality. Compare against a seasonal 

heuristic and a non-ML risk score. For high-impact decisions, a human reviewer can override 

recommendations while logging the reason and eventual outcome.
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3.6 Prescriptive mitigation optimization

minₐ Σᵢ [cᵢ(aᵢ) + pᵢ(aᵢ)sᵢ(aᵢ)]

Choose  feasible  mitigation  actions  a  to  minimize  preventive  cost  c  plus  residual  expected 

disruption loss. Action-dependent probabilities and severity must be estimated or conservatively 

bounded; historical correlations alone do not identify causal action effects.

Σᵢ cᵢ(aᵢ) ≤ B

The total prevention expenditure cannot exceed the approved mitigation budget B.

qᵢ(aᵢ) ≤ Kᵢ

Quantity q allocated to a backup source must remain within qualified available capacity K for 

that source.

CVaRα(Z) = minη [η + E(max(Z - η,0))/(1 - α)]

Conditional value at risk at confidence level α penalizes high-loss tail scenarios; η is an auxiliary 

loss threshold and Z is scenario total cost.

The action catalog comprises  no intervention,  targeted safety stock,  qualified backup 

supplier  allocation,  selective  expediting  and  transport  rerouting.  A  scenario  engine  samples 

disruption realizations, durations and demand responses, while enforcing shelf-life, contractual 

and capacity constraints. To avoid overstating benefit, counterfactual action effectiveness should 

be estimated through pilots, quasi-experimental designs or conservative expert-elicited ranges. If 

such evidence is absent, show sensitivity intervals rather than a single precise saving.

3.7 Algorithm and operational governance

Step 1. Freeze the decision-time snapshot and compute eligible features.

Step 2. Score each node with a temporally validated calibrated predictor.

Step 3. Estimate conditional severity and map node dependencies.

Step 4. Generate candidate actions and plausible disruption scenarios.

Step 5. Solve constrained expected-cost or tail-risk optimization.

Step 6. Present predicted drivers, costs and feasibility to a human planner.

Step 7. Record action, realized event, realized cost and model drift for retraining.

Governance  requires  access  controls  for  supplier  information,  encryption,  retention  policies, 

audit  logs and contractual  review of third-party signals.  Explanations should be checked for 
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proxy discrimination against small suppliers. Alert thresholds should be set by expected decision 

utility, not arbitrary classification accuracy. A rollback rule must restore a conservative policy if 

calibration deteriorates or data feeds fail.

3.8 Evaluation design, assumptions and reproducibility

A  credible  prospective  evaluation  would  compare  matched  business  units  or  staggered 

deployment  periods,  controlling  for  seasonality  and  procurement  policy  changes.  Primary 

outcomes are total landed cost, disruption-related cost, fill rate and time to recover. Secondary 

outcomes include alert burden, false intervention costs and supplier concentration. The analysis 

plan should be registered before outcome collection, with explicit sensitivity to disruption base 

rate, mitigation effectiveness and supplier correlation.

For  the  worked  illustration,  assume  1,000  independent  synthetic  order  exposures,  a 

baseline event rate of 12%, a fixed forecast horizon, and cost figures expressed in thousands of  

hypothetical currency units. The numerical entries below are deliberately illustrative scenario 

inputs,  not  observed  outcomes  from  a  trained  or  deployed  model.  Values  are  chosen  to 

demonstrate  coherent  accounting  and  visual  comparison.  No  statistical  significance,  causal 

treatment effect or measured predictive performance is claimed.

4. Illustrative Results and Discussion

4.1 Synthetic scenario assumptions

Parameter Illustrative value Interpretation

Order exposures 1,000 Synthetic planning records

Baseline disruption probability 12% Scenario assumption

Mean loss per disruption 50 units Hypothetical cost units

Baseline expected disruption 
loss

6,000 units 1,000 × 0.12 × 50

Policy coverage 300 exposures Higher-risk cases considered

Prevention spending 650 units Inventory, sourcing and 
expediting
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4.2 Illustrative policy comparison

Policy Mitigation 
cost

Residual loss Total cost Fill rate % Disruption 
%

Reactive 
baseline

0 6000 6000 92.0 12.0

Heuristic 
alerts

350 5100 5450 93.1 10.2

ML risk 
ranking only

450 4700 5150 94.0 9.4

Integrated 
prediction + 
optimization

650 3850 4500 95.6 7.7

Table 2 uses internally consistent synthetic accounting: total cost equals mitigation expenditure 

plus residual expected loss. Relative to the reactive baseline, the integrated scenario reduces total  

cost by 1,500 units, equivalent to 25%, while spending 650 units on prevention. The illustrative 

fill  rate  improves by 3.6 percentage points  and disruption frequency falls  by 4.3 percentage 

points. These are scenario assumptions, not measured treatment effects.

Figure 2: Total expected cost across illustrative policy scenarios (synthetic values).

4.3 Sensitivity analysis

Mitigation 
effectiveness

Residual loss Prevention cost Total cost Savings vs 
baseline

Low 4900 650 5550 7.5%

Central 3850 650 4500 25.0%

High 3100 650 3750 37.5%

The sensitivity table shows that the economic value depends strongly on achievable mitigation 

effectiveness. The low-effectiveness case retains only modest savings. If the preventive actions 
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were less effective or more expensive than assumed, the integrated approach could be inferior to 

the  baseline.  Real  applications  should estimate  intervention efficacy and include uncertainty 

bands before committing capital.

4.4 Illustrative prediction diagnostic template

Metric Logistic baseline Gradient boosting Reporting status

ROC AUC 0.71 0.81 Hypothetical 
illustration

Average precision 0.25 0.39 Hypothetical 
illustration

Brier score 0.103 0.087 Hypothetical 
illustration

Recall at chosen 
threshold

0.61 0.74 Hypothetical 
illustration

These diagnostic numbers are placeholders demonstrating how a future empirical comparison 

should be reported. They were not calculated from a dataset or fitted models and must not be 

presented as experimental findings. In actual validation, calibration plots, confusion matrices, 

interval estimates and leakage checks are mandatory alongside the table.

4.5 Interpretation and threats to validity

The illustrative comparison demonstrates the central conceptual point: a risk score has value only 

when  connected  to  feasible,  cost-effective  action.  However,  the  synthetic  numbers  do  not 

establish that machine learning outperforms conventional planning. Independence assumptions 

understate  correlated  shocks,  while  assumed  action  effectiveness  may  exaggerate  avoidable 

losses.  Data  quality,  regime  shifts,  contractual  limitations  and  operational  compliance  can 

materially change results. Future studies should report deployment costs, workforce burden and 

supplier impacts in addition to predictive metrics.

5. Conclusion

This  paper  presents  an  integrated  architecture  for  predicting  and  mitigating  supply  chain 

disruptions through calibrated machine learning, conditional severity assessment and constrained 

optimization.  The  framework  combines  temporal  data  governance,  explainable  risk  scoring, 

scenario simulation and auditable operational intervention. A transparent synthetic illustration 

shows how a joint prediction-and-optimization policy could improve expected cost and service 

performance under favorable assumptions; it is not evidence of realized improvement. Empirical 
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validation  should  use  out-of-time  multi-echelon  data,  prospectively  assessed  action  effects, 

robust tail-risk analysis and transparent comparison against strong non-ML baselines. The key 

research opportunity lies in translating trustworthy prediction into operational resilience while 

preserving accountability, supplier fairness and decision feasibility.
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