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Abstract:

Modern supply chains, particularly those operating under highly regulated or high-velocity
environments such as cell therapy and e-commerce, face mounting challenges from unplanned
disruptions. Exception events—ranging from temperature excursions in cold chains to last-mile
delivery delays—can drastically undermine operational performance and patient or customer
outcomes. This paper introduces a field-validated exception typology framework that classifies
disruptions by predictability and preventability and prescribes actor-driven, time-sensitive protocols
for resolution. Leveraging over 600 documented incidents from both clinical logistics and e-commerce
delivery chains, the study outlines empirically calibrated countermeasures, dashboards, escalation
layers, and automation triggers. Using this approach, organizations achieved up to 36% faster
resolution times, 12% improvement in SLA compliance, and improved regulatory traceability. The
solution moves beyond generic exception handling toward contextualized, actor-mapped workflows
that bridge control tower monitoring with frontline responsiveness.

Keywords: Exception Typology, SLA Adherence, Regulated Logistics, E-Commerce Fulfillment,
Temperature Excursion, Missed Scan, Predictive Alerts, Field Operations, Exception Playbooks.

1. INTRODUCTION:

Exception events are inevitable in global logistics. Yet their impact and recoverability vary significantly
depending on the type of supply chain, geography, and system maturity. In regulated environments like cell
therapy logistics, where materials are often patient-specific, time- and temperature-sensitive, a single breach
can result in product invalidation, patient rebooking, and compliance investigation. Conversely, in high-
volume e-commerce networks, exceptions primarily impact cost, delivery reliability, and customer
satisfaction—making speed of detection and rerouting essential.

Between 2021 and 2024, global surveys identified exceptions as the leading cause of unplanned cost
escalation in healthcare logistics and the second-largest contributor to missed SLAs in retail delivery networks
[1][2]. Despite increased digitization, few firms maintain systematic exception response workflows that are
actor-linked, time-calibrated, and escalation-controlled. Most rely on fragmented alerts across systems,
manual triage, and retrospective analysis [3].

This paper presents an end-to-end solution: a calibrated typology model that categorizes exceptions not
generically, but by specific event patterns (e.g., temperature deviation between hub and infusion center) and
actor-responsibility (e.g., QA review within 15 minutes). It then layers on predictive flagging mechanisms,
dynamic dashboards, and historical resolution benchmarks, delivering a decision-intelligence layer that links
upstream visibility with downstream execution.
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2. LITERATURE REVIEW:
A 2025 ServiceNow benchmark revealed that 72% of logistics professionals across industries report difficulty
converting exception alerts into timely resolutions [4]. While many organizations have adopted digital control
towers or SCEM (Supply Chain Exception Management) tools, these systems often fail to bridge the visibility-
to-action gap [5]. McKinsey’s 2023 Pulse survey confirmed that only 37% of surveyed healthcare logistics
teams had implemented any protocolized response beyond alert generation [6].

Kim et al. [7] emphasized the growing role of modular dashboards in exception visualization but noted that
most systems lacked role-based action prompts. Tanaka and Gupta [8] explored early detection through
predictive monitoring, especially for temperature stability in pharma shipments, yet admitted their research
did not include calibrated response playbooks or escalation metrics. Ahmad et al. [9] described how IoT
integration enhances sensor reliability but warned that alerts without actionability only marginally reduce SLA
breaches.

Moreover, Indago Logistics’ 2024 survey found that operations using actor-tagged workflows and predefined
response clocks closed exceptions 18% faster and required 25% fewer manual escalations [10]. While these
studies underscore the promise of exception management tools, they also highlight the absence of
contextualized and time-specific response layers—particularly those embedded with learnings from past
disruptions. This paper directly addresses that void.

3. METHODOLOGY:

This section outlines the comprehensive methodological approach used to design, validate, and operationalize

the exception typology and response protocol framework across two logistics environments: regulated cell

therapy supply chains and dynamic e-commerce fulfillment networks. It details the multi-phase methodology

across data collection, exception classification, actor-role mapping, protocol scripting, simulation, dashboard

design, and implementation evaluation. The methodology was structured to ensure practical deployability,

statistical validity, and user accountability across all stages.

3.1 Study Scope and Site Selection

The study covered two parallel logistics domains:

e Cell Therapy Clinical Logistics (n=221 cases): Conducted across four clinical trial distribution sites
affiliated with a global biopharmaceutical firm between 2021 and 2024.

e E-Commerce Fulfillment Operations (n=406 cases): Conducted across three regional sortation hubs
operated by a national retail carrier from 2020 to 2023.

Each environment was selected for its high frequency of exceptions, mix of regulated and agile operations,

and mature data collection capabilities. Combined, the dataset includes 627 exception events representing

over 1 million deliveries.

3.2 Exception Event Identification
Each exception was initially identified from structured system logs and operational dashboards. Primary data
sources included:

. Cold chain monitoring platforms (cell therapy): real-time IoT feeds and excursion flags
. TMS (transportation management system): departure and arrival discrepancies

. WMS (warehouse management system): handoff mismatches and inventory lockouts

. Control tower alerts: route deviations, missed delivery scans, temperature breaches

A standardized data collection template was developed to capture 22 fields per event, including timestamp,
exception code, actor-involved, delay duration, mitigation steps taken, and outcome. Human-validated log
reviews were conducted to reconcile sensor or system-only errors.
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3.3 Exception Classification Protocol
Each exception was mapped into a 2x2 matrix based on two axes:

. Predictability: Could the exception be forecasted using historical patterns or contextual data?
. Preventability: Could the event have been averted through proactive intervention?

This matrix led to four distinct exception types:

1. Predictable & Preventable

2. Predictable & Uncontrollable

3. Stochastic & Preventable

4. Stochastic & Uncontrollable

A set of predefined classification criteria were applied. For example, temperature excursions during known
seasonal transitions were coded as Predictable, while cross-dock misplacements with zero scan record were
coded as Stochastic.

3.4 Actor Role Definition and Mapping

A critical feature of the methodology was the precise mapping of resolution responsibility to actor roles. Role
calibration workshops were held with over 45 frontline leads across dispatch, QA, inventory, delivery, and
planning to align tasks with organizational structures. Each exception type was then mapped to the lowest-
resolution-capable actor.

Table 3.1 — Actor Role Mapping Template

‘Exception TypeHDomain HPrimary ActorHSupport Role HAction Window (min)l
‘Temp ExcursionHCell Therapy HQA Supervisor HSite Ops HIS |
‘Missed Scan HE-CommerceHDispatch AgentHRoute QA HIO |
‘Load Spillover HE-CommerceHOps Manager H3PL CoordinatorHZ»O ‘
‘Delay Arrival HCell TherapyHHub Ops HNurse Liaison H2O |

3.5 Protocol Scripting and Playbook Development
Using the exception type and actor mapping, response playbooks were developed with four stages:

1. Trigger Detection: Threshold-based initiation using real-time parameters (e.g., temperature >8°C)
2. Actor Notification: Dashboard alert or SMS/email notification

3. Action Script: Codified SOP tied to exception clock (e.g., repack within 15 mins)

4. Escalation Layer: Trigger to next actor if SLA clock breached

Each playbook was reviewed and tested with frontline teams and embedded into control tower logic using
event-based business rules.

3.6 System Integration and Alert Configuration
Tableau dashboards were configured with embedded logic for:

. Alert prioritization using SLA impact score

. Actor dashboards with filtered task views

. Live heatmaps for exception density by region
. Compliance tracking via resolution status logs

Example SQL snippet used to drive actor-specific resolution flag:
SELECT actor_id, exception_code, response_time,
CASE WHEN response_time > threshold THEN 'Escalate’ ELSE 'Normal' END AS status
FROM exception_events
WHERE date BETWEEN '2023-01-01' AND '2024-01-01";
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3.7 Simulation and Calibration Testing

All exception playbooks were tested using historical data simulations to evaluate logic correctness and timing
feasibility. An R-based simulation engine was developed to replay event streams with actor clocks and
intervention overlays. Calibration parameters included:

. Delay sensitivity curves (e.g., impact of 5 vs. 15 min delay on SLA loss)
. Escalation thresholds by shift pattern
. Role overlap management during multi-actor interventions

3.8 Field Deployment and Training
A structured 3-phase deployment was executed:

. Phase 1 — Training: 3-hour workshops + simulation walkthroughs per site
. Phase 2 — Dry Run: Live monitoring without execution (2 weeks)
. Phase 3 — Full Go-Live: Exception logic enforced, metrics logged

Frontline adherence was reinforced through visual dashboards, compliance nudges, and daily standup reviews.

3.9 Measurement and Statistical Validation
Impact was measured via pre-post comparison of key metrics:

. Average Resolution Time (minutes)

. SLA Adherence Rate (%)

. Manual Escalation Frequency

. Audit Compliance Scores

Statistical tests applied:

. Paired t-tests: Pre vs. Post averages

. Chi-square tests: SLA flag distributions
. ANOVA: Actor group comparisons

. Cohen’s d: Effect size validation

Confidence intervals of 95% were used, and all statistical operations were performed using R Studio (v4.2).
Visualizations were generated with ggplot2 and Tableau.

4. RESULTS:
After implementation of exception-specific response playbooks, sites reported significant performance
improvements:

Table 1 — Exception Resolution Performance

‘Metric HBefore ImplementationHAfter ImplementationH% Change‘
|Avg. Resolution Time (mins) 26.4 [17.2 |1-34.8% |
ISLA Adherence Rate (%) 81.6 l91.3 +11.8% |
‘Manual Escalations per 100 EventsH42 H3l H-26.2% ‘

4.1 SQL-Based Response Trigger Example: To enable temperature-related exception triage, the following
SQL query was used:
SELECT package id, event time, temp reading, duration _min,
CASE
WHEN duration_min > 15 THEN 'Escalate to QA'
WHEN duration_min BETWEEN 5 AND 15 THEN 'Repack Protocol’
ELSE 'Continue Transit'
END AS action_flag
FROM cold _chain_exceptions
WHERE temp reading > 8.0;
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This logic supported real-time decision engines integrated within the control tower dashboard to auto-tag risk
level and trigger actor-specific alerts.

4.2 Actor-Specific SLA Recovery Rates
Table 2 — SLA Recovery by Response Actor

‘Actor Group HRecovery Rate (%)HAvg. Time to Resolve (mins)‘
QALead |94.6 112.7 |
IDispatch  [88.1 [15.3 |
|Ops Manager|90.2 13.9 |
3PL Handler [79.3 119.4 |

The QA group outperformed others due to direct access to release authority and data logs. The 3PL group
showed delayed resolution due to external coordination requirements.

S. CASE STUDIES:

Case A — Cell Therapy Cold Chain: Boston — January 2023

o Exception: Temperature excursion >9.5°C for 17 minutes during final leg transit.

e Classification: Predictable + Uncontrollable (due to scheduled transfer to external courier during winter
storm advisory).

e Resolution: Temperature breach flagged by IoT sensor; repack protocol initiated; QA review triggered
within 12 minutes.

e Outcome: Delivery on-time. Product integrity preserved. SLA met. Regulatory deviation logged but not
escalated.

Case B — E-Commerce Fulfillment Center: Dallas — November 2022

o Exception: Route congestion + scanner desynchronization leading to 22 missed zone exits.

o Classification: Predictable + Preventable.

e Resolution: End-of-lane rescan gates flagged unscanned units; Dispatch initiated a 3PL delay exception
with re-routing plan.

e Outcome: 93% of affected packages delivered with <I hour delay. SLA impact reduced to 0.4% from
potential 5.6%.

6. EXCEPTION PLAYBOOKS:

Exception playbooks serve as the actionable core of an exception management framework, transforming alerts

and signal detections into executable, time-bound, role-specific response steps. This section outlines the

architecture, design logic, classification, and deployment of exception playbooks across both regulated and

dynamic logistics domains. Built from 627 validated exception cases, the playbooks presented here address

six core dimensions: detection, decision timing, role execution, escalation, closure, and audit traceability.

6.1 Playbook Architecture Overview

Each exception playbook was structured with four sequential modules:

1. Trigger Condition: Measurable threshold indicating the onset of the exception (e.g., temperature >8°C
for more than 10 minutes).

2. Primary Actor Assignment: The role or team designated to initiate resolution.

3. Prescribed Protocol Steps: Ordered, timed set of tasks or decisions to neutralize or contain the
exception.

4. Escalation Workflow: Logic that shifts responsibility when time-to-response thresholds are exceeded.

Each playbook was digitally embedded into the Tableau-based control tower interface and coded into the SQL

trigger engine for live orchestration.
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6.2 Playbook Classification by Exception Type
Table 6.1 — Exception Playbook Categories and Core Attributes

Playbook || Exception . Trigger Escalation .
D Type Domain Metric Response SLA Time Closure Logic
o oy . . QA logs
PB-CT-001 Temp Cell >8°C fpr >10 || Repack Wlthln 15(|QA notlﬁcgtlon deviation and
Excursion || Therapy min min at 15 min
release
PB-EC- . E- .N(.) 3¢an |l Rescan + reroute || Route override Dispatch verifies
Missed Scan within 5 min o . . .
002 Commerce . within 10 min at 20 min scan chain
of zone exit
Late Cell Handoff delay Alert 1nfu51(.)n,. N.()t.lfy patient Nursq confirms
PB-CT-003 . resequence within|| liaison at 30 patient slot
Handoff || Therapy >25 min . .
20 min min recovery
PB-EC- Load E- Route load | Trigger flex fleet | Notify 3PL at Congrrlrlr; ?;ivery
004 Overflow ||Commerce >105% within 30 min 45 min o
reduced <30%
PB- IoT Device Sensor Manual tem Replace unit by ||QA logs incident
MULTI- ; Both | inactive >15 P P Y £
005 Failure min probe + override next hub closure

Each playbook was supported with a task-tree file specifying dependent tasks and parallelizable steps.

6.3 Example Playbook Flow: Temperature Excursion (PB-CT-001)
Trigger Event: Sensor reads 8.4°C for 12 continuous minutes.
Control Tower Alert: “Temp deviation at node CT-BOS-7: 12m exposure.”

Protocol Steps:

1. QA Supervisor receives auto-email + dashboard flag.

2. System calculates severity score (based on duration + product sensitivity).

3. If score >7/10, repack initiated. Temperature probe required pre-repacking.
4. QA logs deviation ticket (Form QA-77C) via GMP module.

5. If resolved <15 mins, shipment continues. Else, alternate dispatch created.

6. Final signoff required from QA Manager.
Escalation Logic: If no action logged after 15 min, system flags Ops Lead and holds container. Failure to act
within 25 mins triggers escalation to VP Clinical Logistics.

6.4 Role-Specific Execution and Task Overlap
Each playbook defined role-specific responsibilities, but real-world exceptions required overlapping
interventions. For instance, a failed handoff may require actions from:

. Hub Supervisor: Timestamp verification
. Dispatch Team: Route resequencing
. QA: Product holding until validated timestamp

To manage multi-actor collisions, an “owner of record” field was enforced per playbook. A coordination
module within the dashboard ensured one active actor at a time while allowing parallel update access.
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Table 6.2 — Actor Assignment Matrix (PB-EC-002)

‘StepHTask HAssigned Role HTime SLA‘
‘1 HScan check + log HRoute QA H3 min ‘
|2 HRescan or photo-verifyHDispatch “7 min |
|3 HPackage rerouting HOps Manager “15 min |
‘4 HSLA tag + alert HControl Tower AnalystHS min ‘

6.5 Exception Prioritization Index (EPI)
To prevent alert fatigue, exceptions were scored using a five-point Exception Prioritization Index (EPI):

. Severity Score (0-5): SLA and compliance impact

. Volume Impact (0-3): # of affected packages or patients

. Risk of Irreversibility (0—2): Impact on therapy or customer promise
. Traceability Score (0-2): Ease of root cause identification

. Escalation Momentum (0-2): Historical frequency and urgency

EPI Total = out of 14 points Playbooks with EPI >10 were tagged for auto-escalation.

6.6 Automation Triggers and Real-Time Validation

System scripts were written to perform auto-checks. For example:
SELECT * FROM iot _feed logs

WHERE device_status = 'offline’

AND last signal time < NOW() - INTERVAL 'l5 minutes';

Paired with alert routines:

INSERT INTO exception _dashboard (exception_id, status, timestamp)
VALUES ('TEMP-88932", 'Open’, CURRENT TIMESTAMP)

ON CONFLICT (exception_id) DO NOTHING:;

Scripts were executed via the data lake using Snowflake + Tableau front-end visual alerts. If status = 'Open’
> defined time, escalation function executed.

6.7 Audit Trail and Compliance Logging
For each closed exception:

. Timestamp, response steps, responsible actor, and digital signature were recorded.
. All logs were stored in a validated QMS system (21 CFR Part 11 compliant for pharma).
. Escalation records were version-controlled and linked to CAPA (Corrective and Preventive Action) if
SLA breached.
Table 6.3 — Audit Metrics Captured per Playbook

‘Field HDescription

‘Exception ID HUnique code per disruption

‘Actor ID HUser assigned to resolution

‘Completion Time HTime from trigger to resolution

‘Escalation Count H# of times exception was escalated
‘CAPA Linkage HReference if CAPA created

|
|
|
‘Action TimestampHLogged time of first action ‘
}
|

7. DASHBOARD AND SYSTEM DESIGN:
The effectiveness of an exception management system is defined not just by its protocols, but by how
intuitively and reliably those protocols are surfaced to operational stakeholders. A scalable dashboard

IJAIDR25021475 Volume 16, Issue 2, July-December 2025 7



https://www.ijaidr.com/

@ Journal of Advances in Developmental Research (IJAIDR)
% E-ISSN: 0976-4844 e \Website: www.ijaidr.com e Email: editor@ijaidr.com

architecture is central to bridging exception detection with actor-driven resolution. This section outlines the
architecture, logic, and user interface (UI) flow of the system built to support exception detection, monitoring,
prioritization, and closure across both regulated (cell therapy) and dynamic (e-commerce) environments.

7.1 Design Objectives
The dashboard ecosystem was built to fulfill the following core goals:

. Enable real-time visibility into all open exceptions.

. Route exceptions to assigned roles without manual triage.

. Provide escalation indicators with visual urgency scales.

. Track resolution metrics for audit and analytics.

. Support actor-specific workflows within a common UI framework.

7.2 System Architecture Overview
The architecture was modular, with front-end visualization powered by Tableau, backend rule execution by
Snowflake SQL, and IoT feeds integrated via a message queue bus.

. Data Sources: IoT sensors, WMS, TMS, scan devices

. Trigger Logic Layer: Business rules coded in SQL

. Data Lake: Snowflake hosted; handles raw event and historical overlays
. Visualization Layer: Tableau server with role-based dashboards

7.3 Dashboard Modules

The dashboard interface was split into the following modules:

Live Exception Board — Lists all open and in-progress exceptions
SLA Breach Monitor — Heatmap of SLA risk across nodes

Actor Task Panel — Role-based view of active and overdue tasks
Resolution Clock — Real-time tracker of time-to-resolution

Audit View — Closed exceptions with full actor trail

Nk W=

7.4 Alert Configuration and Trigger Logic
Alert logic was configured to operate at three urgency tiers:

. Level 1: Routine delay (minor impact, no SLA threat)
. Level 2: SLA breach probable (moderate volume, known actor)
. Level 3: SLA breach certain or escalated

SQL trigger logic example:
SELECT exception_id, sla_time, current time,
CASE
WHEN current time - start_time > interval '15 mins' THEN 'Level 2'
WHEN current_time - start_time > interval '30 mins' THEN 'Level 3’
ELSE 'Level 1’
END AS alert level
FROM exception_dashboard
WHERE status = 'Open’;

7.5 Actor Notification and Task Queue
Each user role accessed a filtered dashboard that listed only:

. Assigned exceptions
. Time left before escalation
. Task notes and required confirmation steps
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Tasks required either a manual status update (via button click) or automatic resolution if resolved via
integrated TMS/WMS scan.

7.6 Exception Lifecycle Timeline Tracker
Each exception row featured a horizontally-scrollable lifecycle tracker with icons:

. Open

. Acknowledged
. Actioned

. Resolved

. Escalated

Color-coded stages (gray — blue — green — red) allowed visual identification of bottlenecks.

7.7 Dashboard Performance and Uptime

Dashboards refreshed every 30 seconds using incremental extracts. Exception query loads averaged 200ms
latency per event record. Uptime SLA was 99.97%, matching enterprise compliance standards. Error logs
were piped into a Splunk monitoring service.

Tableau user session metrics:

. Avg session time per user/day: 47 minutes
. Active dashboard users/week: 156
. Error report rate: <0.1%

7.8 Data Security and Access Control

. PHI Handling (Cell Therapy): All patient IDs were masked at dashboard level.

. RBAC Model: Role-Based Access Control restricted views per actor (QA could not see dispatch-level
data).

. Audit Trail: All field-level interactions were timestamped and recorded to internal log system.

8. OPERATIONAL FEEDBACK:
Feedback collected from 22 frontline team members across 3 pilot regions:

Table 4 — Qualitative Feedback Highlights

|Role HFeedback Summary HImpact Noted ‘
QA Earlier V}’51b111ty helped us repack faster without Reduced deviation filings by 31%
approvals.
Dispatch “Role tags avoided confusion during shift handover.” Ilrglg/)roved SLA on night deliveries by
0
Ops « . . . . ) . ) o
Supervisor Exception log audit matched compliance targets. Audit compliance improved by 25%

9. DISCUSSION:

The empirical deployment of this exception typology framework not only reduced SLA violations but also
introduced operational accountability through actor mapping. Compared to standard control towers with alert
dashboards, this model added three differentiators: actionable thresholds, actor clock start-time, and predictive
triggers. This closed the loop between visibility and intervention. Challenges included: onboarding delay from
3PLs, calibration lag in external courier handoffs, and alert fatigue when protocols were overly sensitive.
Calibration tuning was key.
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10. CONCLUSION AND FUTURE WORK:

Exception handling in supply chains must move beyond alert fatigue toward precision response systems. This
paper contributes a concrete, field-tested model that incorporates classification, playbooks, and execution
roles into a single operational flow. Future research should explore: 1) machine learning for auto-classification
of new exception types; 2) integration of blockchain for immutable event tracking; 3) exception forecasting
heatmaps with temporal prioritization models.
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