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Abstract—Margin leakage frequently emerges before it is
visible in financial statements. Supplier cost increases may appear
in procurement systems, expedited freight in transportation
systems, price-cost mismatches in sales and billing systems,
discount leakage in quoting tools, production disruption in man-
ufacturing systems, and inventory write-down risk in warehouse
or planning systems. Finance often observes the margin effect
after intervention windows have narrowed. This paper proposes
a Margin Signal Governance Framework for detecting and
routing margin leakage signals across fragmented enterprise
systems. The framework consists of six stages: margin signal
identification, cross-system margin pathway mapping, leakage
classification, margin exposure translation, finance—operations
ownership routing, and intervention outcome measurement. The
proposed architecture preserves legacy systems of record while
adding a governed analytics control layer for Physical Data
Element (PDE) mapping, signal extraction, leakage taxonomy
management, financial-exposure scoring, decision-rule orches-
tration, workflow activation, and traceable action closure. A
discrete-event simulation was conducted over 180 operating days
using 13 enterprise systems, 1.8 million sales-order lines, 420,000
purchase-order lines, 310,000 logistics events, 95,000 pricing
records, and 38,000 manual adjustments. Results show that
the proposed framework reduced median margin intervention
latency from 55.4 h to 12.6 h relative to spreadsheet margin-
bridge reconciliation, reduced P95 latency from 148.7 h to 41.8
h, improved leakage-detection precision from 62.8% to 86.9%,
increased preventable leakage containment from 33.6 % to 76.4%,
and produced USD 7.42 million in annualized net economic
value. The findings position margin leakage as a cross-system
finance-control problem requiring governed interoperability be-
tween finance, pricing, procurement, logistics, operations, and
commercial functions.

Index Terms—margin leakage, profitability analytics, finance
analytics, cross-system analytics, enterprise systems, pricing gov-
ernance, decision support

I. INTRODUCTION

Enterprises frequently lose margin before finance can for-
mally recognize the loss. Procurement may observe a supplier
cost increase. Logistics may pay expedited freight. Sales may
approve non-standard discounts. Billing may issue an invoice
with price or quantity discrepancies. Operations may consume
excess labor or substitute materials. Inventory teams may flag
aging or write-down risk. Customer-service teams may receive
deductions or dispute claims. Each signal is locally visible,
but the combined gross-margin effect is often discovered later
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through monthly close, variance analysis, profitability reports,
or manual margin bridges.

This paper defines margin leakage as preventable or
partially preventable erosion between expected contribution
margin and realized contribution margin caused by cross-
functional execution gaps, data defects, cost shocks, pricing
exceptions, discounts, logistics premiums, disputes, manual
adjustments, or delayed intervention. The issue is not only
analytical. It is architectural. Leakage signals are distributed
across ERP, procurement, pricing, logistics, inventory, man-
ufacturing, customer-service, finance, and reporting systems.
Without governed cross-system analytics, finance observes
symptoms after operational teams have already made decisions
that embed margin loss.

The proposed contribution is a Margin Signal Governance
Framework that detects leakage signals, translates them into
financial exposure, assigns cross-functional ownership, and
activates finance-led intervention workflows. The framework is
designed for legacy enterprise environments where replacing
operational systems is not immediately feasible. It preserves
systems of record while adding a control layer for PDE
mapping, signal detection, margin exposure scoring, rule or-
chestration, workflow routing, and outcome measurement.

The research question is:

How can cross-system analytics detect and route
margin leakage signals before they become embed-
ded financial losses?

Pricing and revenue-management research has long shown
that pricing decisions, discount structures, and inventory con-
straints affect profitability [12]-[17]. Management accounting
research also demonstrates the importance of cost visibil-
ity, activity-based costing, cost stickiness, and profitability
analysis in managerial control [19]-[21]. Enterprise systems
and process literature show that ERP and business-process
integration affect reporting quality, process execution, and
managerial decision making [10], [11], [22]-[24]. Data gov-
ernance research further establishes that trusted analytics re-
quires decision rights, data ownership, lineage, and quality
controls [8], [9]. Industry reports before February 2024 also
emphasized pricing analytics, revenue leakage control, Al
adoption, automation, and governed enterprise technology as
priorities for finance and operations transformation [35]-[40].
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However, existing research does not fully formalize margin
leakage as a governed cross-system signal-to-action problem.
This paper makes five contributions:

o It defines margin intervention latency as a measurable
KPI for finance and operations alignment.

« It proposes a six-stage Margin Signal Governance Frame-
work for fragmented enterprise systems.

o It formalizes margin leakage detection through cross-
system PDE mapping, leakage classification, exposure
translation, and workflow routing.

« It specifies a reference architecture that preserves systems
of record while enabling margin-aware decision support.

« It evaluates the framework using a simulation against five
baseline enterprise analytics architectures.

II. RELATED WORK
A. Pricing, Revenue Management, and Discount Discipline

Revenue-management and pricing research provides the an-
alytical foundation for margin control. Gallego and van Ryzin
formalized dynamic pricing of inventories with stochastic
demand, establishing a core model for price and capacity
decisions [12]. Talluri and van Ryzin extended the opera-
tional theory of revenue management across industries and
capacity-constrained settings [13]. Ferreira et al. demonstrated
the practical use of analytics for demand forecasting and
price optimization in online retail, linking data-driven pricing
with operational implementation [14]. Dynamic pricing and
negotiation-agent research further connects pricing decisions
with computational decision systems and management ac-
counting [18].

Margin leakage is broader than price optimization. A firm
can set an optimal target price and still lose margin through
discounts, rebates, off-invoice allowances, unplanned freight,
manual credits, fulfillment substitutions, incorrect cost-to-
serve assumptions, and billing defects. Strategic pricing re-
search emphasizes that pricing capability is organizational, not
merely algorithmic [15]-[17]. McKinsey’s pricing analytics
material similarly frames pricing improvement as a capability
combining analytics, commercial discipline, and execution
routines [35]. KPMG’s revenue leakage material emphasizes
data, analytics, accounting, governance, and control processes
for identifying leakage in commercial programs [36].

B. Management Accounting and Margin Control

Management accounting research provides the control logic
for detecting margin erosion. Activity-based costing and prof-
itability analysis show that product, customer, channel, and
service-level profitability require granular cost attribution [19],
[20]. Cost-stickiness research shows that costs do not al-
ways adjust symmetrically with activity changes, creating
margin risk under demand volatility [21]. Gross-margin anal-
ysis and contribution-margin control therefore require more
than accounting-period variance reporting. They require timely
visibility into the operational drivers of realized net price and
realized cost.

Traditional margin bridges explain differences between
planned and actual profitability after the fact. The proposed
framework shifts the timing: it treats operational signals as
early indicators of leakage and converts them into governed
intervention cases before the loss becomes embedded.

C. Enterprise Systems and Cross-System Fragmentation

ERP systems can improve transaction integration and fi-
nancial reporting, but realized benefits depend on process
design, organizational adoption, and data quality [22]-[25].
Fragmented ERP environments remain common because of
mergers, regional deployments, legacy retention, business-unit
autonomy, specialized pricing tools, transportation systems,
procurement platforms, and local reporting layers. In such
environments, margin leakage cannot be detected reliably from
finance data alone. It must be reconstructed from order, price,
cost, freight, inventory, production, billing, deduction, and
adjustment data.

Analytics lifecycle methods such as CRISP-DM structure
the development of analytical artifacts but do not directly
specify how cross-system margin signals should be governed,
routed, and resolved [4], [S]. Business-process management
and process mining support bottleneck identification, con-
formance analysis, and predictive monitoring, but finance
intervention requires additional margin-exposure logic and
ownership routing [10], [11], [26].

D. Data Governance and Decision Support

Data governance defines decision rights, accountabilities,
data quality, policies, and stewardship responsibilities [8], [9].
Margin leakage analytics requires strong governance because
local PDE definitions differ across functions. A price in
quoting may differ from a net invoice price. Standard cost
may differ from actual cost. Freight estimate may differ from
freight invoice. Discount code may not capture off-invoice
concessions. Customer hierarchy may differ between sales and
finance. Without governed PDE, cross-system margin analytics
can amplify inconsistency rather than reduce leakage.

Recent data-strategy and supply-chain analytics research
emphasizes integration, data quality, predictive analytics, real-
time risk detection, and digital transformation as prereq-
uisites for operational decision support [30]-[34]. Process-
quality analytics using explainable artificial intelligence also
shows that high-dimensional operational data can be converted
into actionable improvement signals when interpretability and
process context are designed into the decision model [27].
These findings motivate the proposed governed cross-system
architecture.

E. Design-Science Positioning

This study follows design-science research. The artifact
is a framework and reference architecture for detecting and
routing margin leakage signals. The problem context is cross-
functional margin erosion in fragmented enterprise systems.
The evaluation uses simulation-based assessment against base-
line architectures [1]-[3].



III. PROPOSED METHODOLOGY
A. Framework Overview

The Margin Signal Governance Framework, abbreviated
MSGF, consists of six stages. It is designed to detect margin
leakage before financial close, classify the root cause, route the
issue to accountable owners, and measure intervention value.

TABLE I
MARGIN SIGNAL GOVERNANCE FRAMEWORK

Stage Design Question Primary Output

Which event can erode
realized margin?
Where does the leakage
signal appear across

Margin signal
identification
Cross-system
margin pathway

Signal taxonomy and
materiality threshold
PDE lineage, source
authority, and margin

mapping systems? pathway map
Leakage What type of leakage is  Leakage class and
classification occurring? root-cause category
Margin exposure ~ What is the estimated Leakage estimate,
translation financial exposure? probability, and
intervention value
Finance— Who must act and RACI model, escalation
operations approve? path, and intervention
ownership routing owner
Outcome What margin was Leakage contained, cycle
measurement protected or recovered? time reduced, and action

effectiveness

B. Leakage Taxonomy

The proposed taxonomy is shown in Table II. It covers
common cross-functional sources of margin erosion.

TABLE 11
MARGIN LEAKAGE TAXONOMY

Leakage Class Example Signal Primary Owner

Procurement and
finance

Logistics and
operations finance

Supplier cost
shock

Expedited freight

Purchase price variance
exceeds approved tolerance
Premium freight used to
protect service level

TABLE III

REFERENCE ARCHITECTURE FOR MARGIN LEAKAGE ANALYTICS

Layer

Component

Function

System-of-
record layer

Connectivity
layer

PDE governance
layer

Signal layer

Leakage
classification
layer

Exposure layer

Decision-rule
layer

Workflow layer

Measurement
layer

Learning layer

ERP, pricing, procurement,
logistics, manufacturing,
inventory, billing,
customer-service, finance
systems

API, EDI, batch ingestion,
CDC, event streams

PDE catalog, lineage
registry, quality rules,
stewardship model
Cost-shock, freight,
discount, price-cost,
billing, inventory,
adjustment detectors
Root-cause classifier and
leakage taxonomy

Margin bridge,
cost-to-serve estimator,
leakage probability model
Policy store, threshold
registry, approval rules,
escalation matrix

Case manager, SLA
monitor, approval router,
remediation queue
Outcome ledger,
protected-margin tracker,
action log

Threshold tuning, rule
refinement, semantic-drift
monitoring

Preserve authoritative
operational and financial
transactions

Extract decision-critical
PDE

Validate source authority,
semantics, freshness, and
completeness

Detect margin-relevant
events

Classify leakage source
and remediation category

Translate signal into
margin exposure

Convert leakage signal into
intervention logic

Activate
finance—operations action

Measure leakage contained
and cycle time reduced

Improve detection and
routing performance

D. Mathematical Formulation

1) Margin Event Model: Let E = {e1,ea, ..

., en} denote

events that may affect realized margin. Each event is repre-

sented as

€ = <ri7ti7 Ci, biaxi’€i>7

)

Price-cost

Sales price not updated after

Pricing, sales

cost increase

Non-standard discount or
rebate exceeds policy
Shipment complete but invoice

mismatch
Discount leakage

operations, finance
Sales, pricing,
commercial finance

Delayed billing Billing and order

not issued management
Inventory Aging or obsolete stock Supply chain and
write-down risk exceeds threshold finance
Customer Customer cost-to-serve exceeds Sales, service,
profitability margin threshold finance
deterioration
Manual adjustment Credits, claims, or journal Controllership and
pattern adjustments repeat unusually commercial finance
Production Rework, scrap, substitution, or ~Operations and plant

disruption cost yield loss exceeds tolerance finance

C. Reference Architecture

The architecture overlays existing enterprise systems rather
than replacing them. Its purpose is to create governed visibility
from operational signal to margin intervention.

where r; is the source system, ¢; is event time, c¢; is signal
class, b; is business entity, x; is the PDE vector, and ¢; is
the leakage domain: price, discount, cost, freight, inventory,
billing, dispute, production, or adjustment.

A signal detector computes

o; = f(xi, hi, ci;0), 2

where h; is historical context and © denotes model or rule
parameters. A signal becomes margin-actionable when

17 g; 2 90 A q(xz> Z Gmin A MEZ 2 ey

A = .
0, otherwise,

3)

where ¢(z;) is PDE quality, M E; is estimated margin expo-
sure, and g is materiality threshold.

2) Margin Bridge and Leakage Exposure: Expected con-
tribution margin for transaction ¢ is

Mieacp _ Pitarget _ quuth _ C«istd _ Fiplan _ Slpl(m,

“4)



where Pf‘"gd is target price, D?*" is authorized discount,
Cs' is standard cost, F7 lan 49 planned freight, and S? lan 49
planned service cost.

Realized contribution margin is

M{e“l = Pi”et—Df"pla”—CfCt—F{m—SfCt—Adji—Claimi7
(5)
where P! is realized net price, D""”'®" is unauthorized or
unplanned discount, C’f“ is actual cost, Fi‘wt is actual freight,
Sf‘:t is actual service cost, Adj; is manual adjustment, and
Claim,; is claim or deduction cost.
Margin leakage is

ML; = max(0, M{™ — M7y . V; (6)

where V; is transaction volume.
Leakage can be decomposed as

ML;=PL;+DL;+CL;+FL;+IL;+BL;+AL;+¢;, (7)

where PL; is price leakage, DL; is discount leakage, C'L; is
cost leakage, F'L; is freight leakage, I L; is inventory leakage,
BL; is billing leakage, AL; is adjustment leakage, and ¢; is
unexplained residual.

3) Margin Intervention Latency: Margin intervention la-
tency is defined as

MIL; =t¢ —t;, 8)
where ¢ is the timestamp of actionable leakage-signal activa-

tion and ¢} is verified intervention or closure.
Latency is decomposed as

E. Algorithmic Procedure
The operational procedure is summarized in Table IV.

TABLE IV
MARGIN SIGNAL GOVERNANCE ALGORITHM

Step Procedure

1 Register systems of record for pricing, sales, procurement,
logistics, manufacturing, inventory, billing, customer-service, and
finance data.

2 Define margin leakage taxonomy and materiality thresholds.

3 Identify decision-critical PDE for each leakage class.

4 Map PDE to source systems and validate lineage, ownership,
freshness, and quality.

5 Detect cross-system leakage signals and compute score o;.
6 Estimate expected margin, realized margin, and leakage exposure
ML;.

7 Classify leakage root cause: price, discount, cost, freight,
inventory, billing, dispute, production, or adjustment.
8 Resolve finance—operations owner and escalation path.

9 Prioritize intervention using exposure, recurrence probability,
customer importance, SLA, and uncertainty.

10 Create workflow case with source lineage, leakage estimate,
policy rule, and closure condition.

11 Monitor intervention completion and calculate M IL;.

12 Measure outcome: margin protected, leakage recovered,
recurrence reduced, and manual effort avoided.

13 Tune thresholds, root-cause rules, ownership assignments, and
prioritization weights using observed outcomes.

IV. EXPERIMENTAL DESIGN

MILZ _ L;_ietect_’_L;(nap_’_LZglass+L:xposure+L$wner+L;ﬂorkflo1A+Eflﬂumn Environment

€))
The objective is
N
max 2 [PV;(A;) = MMIL; — 2 FC; 0)
— XMWC; — MRR;],
subject to
q(zi) > Gmin, Vi:A;=1, (1)
Trace; =1, Vi:A; =1, (12)
Capy(t) < Cap,, Vg,t, (13)
P(missed material leakage) < €, (14)
P(false leakage escalation) < €. (15)

Here, PV;(A;) is protected margin value, 7 is routing
policy, € is threshold vector, o is ownership assignment, w
is workflow-priority policy, F'C; is false-classification cost,
W C; is workflow cost, and RR; is residual risk.

4) Intervention Prioritization: Intervention priority is cal-
culated as

A discrete-event simulation represented a fragmented enter-
prise environment with pricing, procurement, logistics, man-
ufacturing, inventory, billing, customer-service, and finance
functions. The simulation used synthetic data and did not use
proprietary enterprise records.

B. Baseline Architectures

MSGF was evaluated against five baselines:

o B0 Spreadsheet margin bridge: finance teams manually
reconcile price, cost, freight, discount, and adjustment
extracts.

o B1 Dashboard-only margin reporting: dashboards
show gross margin, price variance, cost variance, and
discount metrics but do not activate action.

« B2 Static variance alerts: ERP or pricing tools trigger
threshold alerts without cross-system root-cause classifi-
cation.

o B3 Centralized commercial finance queue: finance an-
alysts triage suspected leakage before routing to pricing,
sales, procurement, or operations.

o B4 Process-mining and variance diagnosis: process

P; = m M E;+nop} P +n3Cust;+ny S LA, 405 Strategic;—nsUnapd variance tools identify bottlenecks or deviations, but

K3
(16)
where ME; is estimated margin exposure, p}“***" is recur-
rence probability, Cust; is customer strategic importance,
SLA; is remaining intervention window, Strategic; is strate-
gic product or account weight, and Unc; is uncertainty penalty.

intervention workflows are externally managed.

e MSGF Proposed: governed margin signal framework
with PDE mapping, leakage classification, exposure scor-
ing, owner routing, workflow activation, and outcome
measurement.



TABLE V
SIMULATION CONFIGURATION

Parameter Value

Simulation horizon 180 operating days

Monte Carlo replications 30
Enterprise systems 13
Sales-order lines 1,800,000
Purchase-order lines 420,000
Logistics events 310,000
Pricing records 95,000
Manual adjustments 38,000
Customer accounts 24,000
Supplier entities 1,450
Product SKUs 18,200
Leakage signal classes 9
Decision owners 67

Workflow capacity
PDE quality threshold gmin 0.84
Materiality threshold w USD 15,000
Severe-case SLA 8h
Moderate-case SLA 24 h
Feedback tuning cycle Weekly

1,260 cases/day

C. Evaluation Metrics
The evaluation used nine metrics:

o median and P95 margin intervention latency;
« leakage-detection precision;

« leakage-detection recall;

« preventable leakage containment;

o unauthorized discount closure;

o supplier cost-shock response time;

« expedited freight leakage reduction;

o manual reconciliation effort;

« annualized net economic value.

V. RESULTS AND DISCUSSION
A. Performance Comparison

Table VI reports the simulation results. BO denotes spread-
sheet margin-bridge reconciliation, B1 dashboard-only margin
reporting, B2 static variance alerts, B3 centralized commercial
finance queueing, and B4 process-mining and variance diag-
nosis.

Relative to spreadsheet margin-bridge reconciliation, MSGF
reduced median intervention latency by 77.3% and P95 latency
by 71.9%. Relative to dashboard-only margin reporting, it
reduced median intervention latency by 67.0%. Relative to
static variance alerts, it reduced median intervention latency
by 57.3%. The improvement came from cross-system signal
integration and workflow activation rather than faster financial
reporting alone.

Leakage-detection precision increased from 62.8% to
86.9%, and recall increased from 49.7% to 88.1%. Static
variance alerts improved recall but generated weaker precision
because local thresholds lacked cross-system context. For
example, a procurement price variance may not be margin-
relevant if the sales price was updated, and a discount ex-

ception may be commercially valid if offset by lower cost-
to-serve. MSGF improved precision by combining source
lineage, leakage taxonomy, margin exposure, and rule-based
materiality gates.

B. Leakage-Class Results

Table VII reports MSGF outcomes by leakage class.

Discount leakage and price-cost mismatch achieved the
fastest intervention because rule ownership and approval
policies were relatively deterministic. Customer profitability
deterioration and production disruption costs required longer
intervention because they involved commercial negotiation,
operational diagnosis, or capacity trade-offs. Supplier cost
shocks were containable when detected early enough to trig-
ger price updates, sourcing alternatives, or finance-approved
margin exceptions.

C. Latency Decomposition

Table VIII decomposes median latency.

The largest reductions occurred in PDE mapping, margin
exposure translation, and ownership resolution. These are
the areas most affected by fragmented enterprise systems.
Finance teams can identify actual margin erosion after close,
but intervention requires earlier knowledge of source events,
accountable functions, and viable corrective actions.

D. Economic Interpretation

Annualized net economic value was calculated as

NEV = Bprotected+Brecovered+Bcapacity +Brisk - Cintegration - Cgover’.

(17
ROI was calculated as
NEV

Cintegration + Cgo’uernance + Coperation

MSGF generated USD 7.42 million in annualized net eco-
nomic value with a simulated ROI of 2.63. Benefits came from
unauthorized discount containment, faster response to supplier
cost shocks, reduced expedited freight leakage, lower manual
reconciliation effort, improved billing accuracy, and earlier
customer profitability intervention. Costs were concentrated in
source integration, PDE governance, leakage taxonomy design,
margin bridge calibration, workflow configuration, and change
management.

The economic result supports a finance-transformation prin-
ciple: margin improvement is not only a pricing initiative
or an FP&A reporting initiative. It is a cross-system control
problem. Pricing, procurement, logistics, operations, billing,
and finance must operate against a shared view of expected
margin, realized margin, and leakage exposure.

ROI =

(18)

E. Stress Testing

Stress testing increased cost volatility, discount activity,
freight disruption, production variance, and source-system
delay. Table IX reports P95 intervention latency.

Under disruption load, dashboards accumulated unresolved
variance explanations, and static alerts generated excessive



TABLE VI
PERFORMANCE COMPARISON ACROSS MARGIN ANALYTICS ARCHITECTURES

KPI BO B1 B2 B3 B4 MSGF
Median margin intervention latency, h 55.4 38.2 29.5 22.8 19.6 12.6
P95 margin intervention latency, h 148.7 109.4 87.6 72.8 61.5 41.8
Leakage-detection precision, % 62.8 68.5 71.9 77.4 79.8 86.9
Leakage-detection recall, % 49.7 58.6 66.1 72.8 76.3 88.1
Preventable leakage containment, % 33.6 44.8 54.2 61.7 65.4 76.4
Unauthorized discount closure, % 41.5 52.7 63.8 70.4 72.1 84.6
Supplier cost-shock response time, h 64.2 48.5 37.9 314 28.8 17.9
Expedited freight leakage reduction, % 8.4 16.8 24.1 31.6 342 48.9
Manual reconciliation effort, h/week 610 472 356 284 251 136
Annualized net economic value, USD million 0.00 1.92 3.14 4.56 5.08 7.42
unprioritized notifications. Process diagnosis retained value but
TABLE ViI did not consistently activate intervention ownership. MSGF
LEAKAGE-CLASS RESULTS UNDER MSGF Y O p-
degraded more slowly because materiality gates, PDE qual-
Leakage Class Share Containment Median ity controls, root-cause classification, and finance—operations
Intervention  routing constrained the action queue.
% % h The margin-control load condition can be expressed as
Supplier cost shock 16.8 78.4 17.9 A
Expedited freight 13.1 71.2 18.6 Pm = —%, (19)
Price-cost mismatch 14.7 82.5 11.8 Hm
Discount leakage 17.4 84.6 97 \here \,, is arrival rate of actionable leakage signals and ,,
Delayed billing 8.9 76.1 13.5 is effective int i itv. Wh > 1. leak
Inventory write-down risk 10.6 698 24 18 effective intervention capacity. When pr, > 1, leakage cases
Customer profitability 78 64.9 276 accumulate as unresolved cost variance, discount exceptions,
deterioration premium freight, billing errors, and customer profitability
Manual adjustment 6.2 2.7 163 erosion. MSGF reduces \,, through quality and materiality
pattern gating while increasing u,, through structured ownership,
Production disruption 4.5 67.5 24.8 N .
cost prioritization, and workflow routing.
F. Managerial and Architectural Implications
The results support four implications.
TABLE VIII . . . .
MARGIN INTERVENTION LATENCY DECOMPOSITION First, margin leakage should be measured as an intervention-
latency problem, not only a period-end variance problem.
Latency Component BO, h MSGF, h  Finance should measure time from leakage signal to action,
Signal detection 38 1o hotonly margin variance after closq '
PDE mapping and validation 104 21 Second, margin governance requires cross-functional PDE
Leakage classification 8.2 1.8 control. Target price, authorized discount, realized net price,
Margin exposure translation 9.5 22 standard cost, actual cost, freight cost, service cost, claims,
Ownership resolution 8.7 1.7 deductions, customer hierarchy, and product hierarchy must
Workflow activation 7 21 be governed as decision-critical PDE.
Outcome measurement 2.7 0.8 . . . .
Third, finance and operations alignment requires shared
Total median latency 55.4 126 exception taxonomies. A margin decline should be classified
by actionable root cause: supplier cost shock, freight premium,
price-cost mismatch, discount leakage, billing delay, inventory
TABLE IX write-down risk, customer profitability deterioration, manual
STRESS-TEST RESULTS adjustment pattern, or production disruption.
Fourth, ERP replacement is not the only path to mar-
Load Condition B1PS B2 P95 B4 P95 MSGF P95 oip jmprovement. A governed analytics overlay can preserve
h h h h legacy systems of record while improving margin visibility
1.0x normal load 109.4 87.6 61.5 41.8 and intervention speed.
2.0x volatility 176.2 138.7 96.4 59.5
load VI. CONCLUSION
4.0x disruption 292.8 231.4 164.1 97.6
load This paper proposed a Margin Signal Governance Frame-

work for detecting and routing margin leakage signals across



fragmented enterprise systems. The framework connects fi-
nance, pricing, procurement, logistics, operations, billing, and
commercial teams through margin signal identification, cross-
system margin pathway mapping, leakage classification, mar-
gin exposure translation, ownership routing, and outcome
measurement.

Simulation results showed that MSGF reduced median
margin intervention latency from 55.4 h to 12.6 h, reduced P95
latency from 148.7 h to 41.8 h, improved detection precision
from 62.8% to 86.9%, increased leakage recall from 49.7% to
88.1%, improved preventable leakage containment from 33.6%
to 76.4%, and generated USD 7.42 million in annualized net
economic value.

The deployment strategy should begin with leakage do-
mains where finance can quantify exposure and operations
can intervene: supplier cost increases, expedited freight, price-
cost mismatches, discount leakage, delayed billing, inventory
write-down risk, customer profitability deterioration, manual
adjustment patterns, and production disruption costs. Imple-
mentation should register systems of record, define margin-
critical PDE, establish leakage taxonomy, calibrate margin
exposure, assign owners, activate workflows, and measure
protected margin.

Future research should validate the framework in longi-
tudinal enterprise field studies, extend the exposure model
with causal inference for margin attribution, compare leakage
taxonomies across industries, and examine how Al-enabled
agents can be deployed safely after PDE governance, rule con-
trols, and finance—operations accountability are established.
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