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Abstract

Complex engineered systems evolve rapidly, and

small requirement changes can cascade across ar-

chitectures and behaviors, yet practitioners lack a

concise, repeatable way to quantify those ripples.

This paper presents a model-based impact-analysis

framework built on SysML v1 artifacts and an exe-

cutable Python pipeline. We formalize a compact

metric set — function and flow counts, functional

density, Dependency Structure Matrix (DSM) cou-

plingmeasures, behavioral cyclomatic complexity for

state machines, and provide algorithms to extract

them from SysML v1 models - Functional Architec-

ture (FA), Logical Architecture (LA), State Machine

Diagram (SMD), Sequence Diagram (SD) - and ancil-

lary trace matrices. The framework compares base-

line and post-change model snapshots, computes

delta profiles, generates a Dependency StructureMa-

trix, and ranks affected elements to guide testing,

verification, and architecture decisions. This paper

demonstrates the approach in the case of a 2-wheeler

electric vehicle: replacing mechanical key entry with

a wireless keyfob and dual-authentication design.

Quantitative results show targeted increases in func-

tional flows and functional density, among others,

and identify coupling hotspots (e.g., CAN bus) that

concentrate risk and verification effort. The imple-

mentation of this engine makes use of Python scripts

and SysML v1 models. The artifacts and tooling

emphasize portability to common MBSE toolchains.

The paper concludes with sensitivity analyses, limi-

tations tied to model granularity, and a roadmap for

integrating the engine into industrial MBSE work-

flows.

Keywords

Model-Based Systems Engineering (MBSE), SysML

v1, Complexity Metrics, Impact Analysis, Traceabil-
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I. Introduction

Today, engineering systems, particularly in domains

such as automotive electrification, autonomous mo-

bility, and connected infrastructure, are growing in

functional capability and interdependence. This

growth delivers new value, but simultaneously in-

creases the probability that a single requirement

change will produce far-reaching and often unan-

ticipated consequences across architecture, behav-

ior, and verification scope. Systems engineers there-

fore face two pressing needs: (1) objective, repeat-

able measures of system complexity that are tied

to concrete models, and (2) an operational process

that translates those measures into actionable im-

pact assessments for design, test, and risk mitiga-

tion. Model-Based Systems Engineering (MBSE) and

SysML v1 provide a natural substrate to meet these

needs: functional decompositions, logical alloca-

tions, state machines, and interaction sequences can

all be captured as authoritative artifacts. However,
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current practice often stops at visualization and in-

formal traceability. Prior research has proposed com-

plexity taxonomies and single-representation met-

rics (e.g., DSM analysis, McCabe cyclomatic counts,

and function-count heuristics) (Browning, 2001; Mc-

Cabe, 1976; Sheard & Mostashari, 2010; Stew-

ard, 1981) but lacks an integrated, model-driven

pipeline that (a) extracts quantitative metrics across

FA/LA/SMD/SD artifacts, (b) computes baseline vs.

post-change deltas, and (c) produces ranked impact

summaries that directly inform verification and ar-

chitectural choices.

This paper addresses that gap. We present a model-

based impact-analysis framework built on SysML v1

artifacts and an executable Python toolchain. Our

approach formalizes a compact set of metrics: func-

tion and flow counts, functional density, DSM cou-

pling measures, and behavioral cyclomatic complex-

ity and defines deterministic extraction and delta-

scoring algorithms. Contributions are threefold: (1) a

formal, multi-representation metric set with precise

extraction rules from SysML v1 models; (2) an auto-

mated pipeline (model export→ Python ingestion→

metric computation → DSM/trace difference → im-

pact ranking) validated on an industrially-relevant 2-

wheeler EV case; and (3) empirical insights into how

a single requirement change (mechanical key→ key-

fob dual authentication) quantitatively affects com-

plexity, testing scope, and coupling hotspots.

The paper is organized as follows. Firstly, the paper

situates our work in related literature. Secondly, it

defines metrics and formal methods for extraction.

Thirdly, it describes the toolchain and implementa-

tion. The paper, then, presents the EV case study

and results. Later, industrial utility, and limitations

for engineering practice are discussed, and finally the

paper concludes with a roadmap for integration into

industrial MBSE workflows.

II. Related Work

Traceability and model-based impact analysis are

well-established research and industrial practices

(INCOSE, 2023; Object Management Group (OMG),

2012). Prior work has studied complexity metrics

for engineering models (McCabe, 1976; Potts et

al., 2020; Sheard & Mostashari, 2010) , and DSM-

based analyses are standard for interface concentra-

tion detection (Browning, 2001; Steward, 1981; Yas-

sine et al., 2003). Our framework synthesizes these

strands: we compute simple, interpretable metrics

from SysML XMI, propagate changes via model link-

ages (traceability), and useDSManalyses to highlight

hotspots. Unlike many heavy commercial offerings,

this method emphasizes portability and repeatabil-

ity via open tooling (Papyrus and Python) and XMI

as a lingua franca.

III. Our Approach

This section situates the proposed impact-analysis

framework within three relevant research strands:

(a) complexity measurement in engineered systems,

(b) DSM and impact-analysis methods, and (c) MBSE

tooling and model-driven metrics.

A. Complexity measurement:

Foundational work on behavioral complexity (Mc-

Cabe, 1976) introduced cyclomatic complexity as

a path-based measure of behavioral branching,

that remains widely used for software and state-

based models; it provides a rigorous path-centric

view of verification burden and motivates our use

of cyclomatic counts on state-machine diagrams.

Broader typologies and taxonomies (e.g., Sheard &

Mostashari) classify sources of complexity in systems

engineering—interfaces, interactions, emergent be-

havior—and argue for multi-dimensional measures

rather than single-number heuristics (Sheard &

Mostashari, 2010). More recent empirical studies ex-

amine complexity in engineered systems frommulti-

model perspectives and highlight the need for met-

rics that map directly to artifacts engineers already

author (Potts et al., 2020).

B. Dependency analysis and DSMs:

The Design Structure Matrix (DSM) literature (Stew-

ard, 1981) and later applications in product archi-

tecture research show how dependency concentra-

tion predicts propagation of change and integration

risk. DSM methods have been adapted to software,

hardware, and socio-technical contexts to identify

hotspots and schedule risk (Browning, 2001; Ep-

pinger & Browning, 2016; Yassine et al., 2003). Our

use of DSM maps and degree-based coupling scores

follows this tradition but extends it by linking DSM

entries directly to SysML model elements and to

computed metric deltas.

C. Model-based impact and MBSE tooling:

Prior MBSE efforts demonstrate the value of formal

models (FA/LA/SMD/SD) for traceability and verifi-

cation (INCOSE, 2023; Object Management Group
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(OMG), 2012); tools such as Capella, Papyrus, and

other SysML workbenches support these represen-

tations and manual trace analyses. Industry so-

lutions and research prototypes for impact analy-

sis exist (e.g., vendor/consultancy tools that com-

pute trace-based change lists), but they often operate

within a single representation or require heavy man-

ual configuration. There is limited published work

that (1) systematically extracts the same set of quan-

titative metrics across FA, LA, SMD and SD, (2) com-

putes baseline → post-change deltas, and (3) pro-

duces ranked, explainable impact scores usable for

test-planning and architectural decisions.

D. Gap and our position:

In summary, the literature provides strong founda-

tions—cyclomatic theory for behavior, DSM for cou-

pling, andMBSE for authoritative artifacts—but lacks

a compact, reproducible pipeline that unifies these

pieces into an automated, multi-model impact en-

gine. Our contribution fills that gap by (a) formal-

izing a small, well-defined metric set across com-

monly used SysML artifacts, (b) automating extrac-

tion with a portable Python toolchain, and (c) com-

bining delta analysis with DSM/topology metrics to

produce ranked, actionable impact summaries.

IV. Definitions and Formal
Metrics

A. Definitions:

System - a set of interacting elements organized to

perform one or more functions.

Functional Architecture (FA) - hierarchical set of Func-

tions and Flows capturing what the system does. A

Function is an atomic unit of behavior at the chosen

granularity. A Flow is a directed logical dependency

(information, control, power) between functions.

Logical Architecture/Physical Architecture (LA/PA) -

Blocks (components) and Connectors that realize

functions; LA is domain-independent allocation; PA

is component/implementation allocation.

State-Machine Diagram (SMD) - a set of States

and Transitions describing behavioral modes and

guarded changes. Only atomic (leaf) states are

counted as states.

Sequence Diagram (SD) - ordered lifelines and mes-

sages showing interaction sequences between com-

ponents/actors.

Traceability Matrix - mapping between Requirements

and Model elements (Functions, Blocks, States, Mes-

sages).

Dependency Structure Matrix (DSM) - N×N matrix

representing directed dependencies among compo-

nents/blocks.

B. Granularity Rule:

Baseline granularity: The lowest decomposition

level was chosen such that further splitting of a func-

tion (or state) does not change the engineering de-

cisions the metric should influence. Practically: we

used leaf-level functions that map to a single test

case or work package; used atomic states (no inter-

nal substates) for SMD metrics.

C. Formal Metrics:

Function Count

NF = {f | f ∈ FA_leaf_functions}

Unit: count.

Interpretation: estimate of functional decomposi-

tion.

Flow Count

IF = {ϕ | ϕ : fi → fj}

Unit: count.

Interpretation: number of directed logical interac-

tions.

Functional Density (per function) - Normalised in-

teraction intensity

DF = IF /NF

Unit: flows per function.

Interpretation: higher DF means more interactions

per function (greater coordination cost).

State Count and Transition Count

S =| atomic states |, T =| transitions |

Units: counts.

Cyclomatic Complexity (State Machine) - For a state

graph

M = T − S + 1

Unit: count of independent execution paths.

Interpretation: minimal number of test cases to

cover all paths.

Lifeline Count (Sequence Diagram)
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L = number of participants.

Message Count (Sequence Diagram)

Ms = number of messages.

Interaction Depth (Sequence Diagram)

D = maximum parallel depth.

DSM / Coupling Metrics

LetAbe the adjacencymatrix (theDependency Struc-

ture Matrix (DSM) that is of interest) among n com-

ponents (blocks), where Aij = 1 if i depends on j (op-

tionally weighted).

Out-degree of i:

di
out =

∑

j

Aij

Interpretation: howmany components i depends on.

Change originating at node imay propagate outward.

In-degree of i:

di
in =

∑

j

Aj i

Interpretation: how many components depend on i.

Changes elsewhere may converge on node i.

Global Density:

ρ = (
∑

i, j

Aij) / n(n− 1)

Interpretation: tells that nodes with high total de-

gree are change propagation hotspots (high risk).

Traceability Coverage

Given R requirements and E elements:

Ctrace = ((R,E) |R traces to E ) / R

Unit: fraction (0 - 1).

Interpretation: fraction of requirements with model.

D. Delta & Impact scoring

We compare baseline (subscript 0) and updated

(subscript 1) snapshots and compute deltas:

∆X = X1 −X0

for metrics Xε{NF , IF , DF , S, T,M,L,Ms}.

Report absolute and percent delta:

%∆X = 100 ∗∆X/X0 (when X0 ̸= 0)

Interpretation: rank elements by delta change; high

scores -> prioritize test, review, or refactor.

Rationale for deltas: function/flow deltas measure

structural changes; cyclomatic delta measures be-

havioral branching changes.

E. Units, Thresholds, & Practical Defaults

Suggested Alert Thresholds:

• %∆NF > 10% means moderate structural

growth.

• %∆IF > 15% means increased coordination

risk.

• ∆M ≥ 3means behavioral complexitywarrant-
ing expanded testing.

• Node degree di ≥ 0.5 × max(d) means hotspot
(high coupling).

The thresholds mentioned here are empirical and

should be calibrated as per one’s organization’s prod-

ucts and practices.

F. Assumptions & Caveats

• Model fidelity: metrics reflect the model as

authored which means that inaccurate models

yield misleading metrics.

• Granularity sensitivity: metrics change with

decomposition level so, a documented baseline

is required.

• Semantic mapping: behavioral semantics

(e.g., composite states, orthogonal regions)

must be reduced to atomic states per baseline

rule before counting.

• Normalization: normalized scores require

consistent normalization method.

The selected metrics and extraction rules are

grounded in established behavioral, structural, and

systems-complexity literature and are intentionally

conservative to preserve interpretability and repro-

ducibility (McCabe, 1976; Potts et al., 2020; Sheard

& Mostashari, 2010; Steward, 1981).

V. Toolchain & Python
Implementation

DSM analysis, and model traversal were imple-

mented using established Python libraries (Hagberg

et al., 2008; Kolovos et al., n.d.).

We implemented a pipeline that consumes SysML v1

XMI exports and produces automated metrics, DSMs

and ranked impact lists. The pipeline stages are: (1)

Ingest XMI exports of system models. (2) Parse XMI

exports with python. (3) Metrics (compute counts,

densities, cyclomatic), (4) DSM& Trace (build matri-
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ces and compute coupling), (5) Delta & Impact (com-

pare snapshots and score elements), and (6) Visualize

and Report (JSON, CSV, charts).

A. Inputs

Authoritative SysML v1 model files exported as XMI

from the modeling tool (Papyrus, Cameo, Enter-

prise Architect, Capella). XMI is required because it

preserves element types, stereotypes and behavioral

structure (states, transitions, guards) better than di-

agram images.

B. Parsing XMI

Most SysML v1XMI files produced by Papyrus/Cameo

can be read using python. Models’ XMI exports ex-

pose metamodel classes, relationships and applied

stereotypes reliably. This preserves state ownership,

transitions, and trace links.

C. Visualization and Reports

Calculated metrics are exported as .csv and .json

files. DSM trace, and charts for comparison between

initial system models and models after requirement

changes ingestion into system are also obtained.

Key advantages: robust traversal, direct access to

SysML metaclasses, easier mapping of guards and

ports.

VI. Case Study: 2-Wheeler EV

A. System context and change request

This case study examines a representative subsys-

tem of a 2-wheeler battery-operated electric vehicle

(EV) that is typical of current production and near-

production platforms. In the baseline configuration,

vehicle access and enablement are achieved through

a purely mechanical handlebar lock–unlock mech-

anism actuated using a physical key. The baseline

system behavior and architecture therefore reflect a

low-coupling, low-branching entry mechanism with

minimal electronic authentication logic.

The core system capabilities modeled for this study

include vehicle entry, vehiclemobility (forward drive,

reverse drive, and limp-home operation), battery

charging, ECU software flashing, and telemetry/data

analytics. These capabilities were selected because

they represent a realistic cross-section of functional,

logical, and behavioral concerns in a modern EV,

and because they span both safety-critical and user-

facing behaviors.

The evaluated change request replaces the mechani-

cal key entry with a wireless keyfob-based access flow

that introduces dual authentication. The updated de-

sign requires: (1) successful detection and authenti-

cation of a wireless keyfob within a defined proximity

threshold (≤ 10 m), and (2) subsequent authentica-
tion of the Electronic Handle Lock (EHL)mediated by

the Supervisory Control Unit over the CAN bus. To

address security andmisuse concerns, the system in-

troduces an attempt counter; after three consecutive

failed authentication attempts, the system must no-

tify the vehicle owner via the telematics channel.

Objective: quantify how this change affects struc-

tural and behavioral complexity (FA, LA, SMD, SD),

identify propagation hotspots, and provide ranked,

actionable impact guidance for verification and ar-

chitecture work.

B. Models used and snapshot description

Weused authoritative SysML v1 artifacts (exported as

XMI) as inputs to the pipeline.

• FA (Functional Architecture) — baseline FA

(Figure 1) and updated FA (Figure 2). Leaf func-

tions were chosen as per the granularity rule:

each leaf maps to a single testable activity. The

updated FA adds functions such as fob detec-

tion, fob authentication, EHL authentication,

Increment Fail Count, and Notify Owner of ve-

hicle.

• LA (Logical Architecture)—baseline LA (Fig-

ure 3) and updated LA (Figure 4). The updated

LA introduces EHL-block with wireless com-

munication and TCU (telemetry/owner notifi-

cation) connectivity to GSM and CAN.

• SMD (State Machine Diagram) — baseline

SMD (Figure 5) and updated SMD (Figure 6).

Authentication sequence was introduced as a

distinct submachine with fob authentication,

EHL authentication, and an attempt counter

state.

• SD (Sequence Diagram)— representative sce-

nario (vehicle entry/startup): baseline SD (Fig-

ure 7). Updated SD (Figure 8) shows added

lifeline TCU, alternative blocks for retries and

owner notification.

C. Metric extraction and summary results

The extraction pipeline was executed on both base-

line and updated snapshots. Structural, behavioral,

and interaction metrics were computed for each

representation, and deltas were derived by direct

comparison. Table 1 summarizes the baseline val-

ues, updated values, and resulting changes used for
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subsequent impact analysis.

Metrics Baseline Updated ∆ %∆

Function

Count

30 33 (+)3 10.0%

Flow Count 17 21 (+)4 23.5%

Functional

Density

0.567 0.636 (+)0.069 12.2%

SMD States 16 18 (+)2 12.5%

SMD

Transitions

29 35 (+)6 20.7%

Cyclomatic 14 18 (+)4 28.6%

SD Lifelines 5 6 (+)1 20.0%

SD

Messages

24 27 (+)3 12.5%

Table 1. Baseline and Updated Metrics for Impact Analysis

Interpretation: the update increases both structural

(functions/flows) and behavioral (states/transitions/

cyclomatic) complexity. The cyclomatic increase (+4,

+28.6%) signals more independent execution paths

requiring test coverage. Functional density grows

12.2%, indicatingmore interactions per function and

thus higher coordination cost.

D. DSM & traceability results

We built DSMs from LA connector sets and generated

trace matrices between requirements and model ele-

ments.

Interpretation: high in/out degree nodes are prop-

agation hotspots. CAN’s high degree implies that

changes touching it are likely to cascade; EHL& TCU

are new contributors to this propagation potential.

E. Ranked Outcomes

Top impacted items:

• Electronic Handle Lock (EHL) — highest im-

pact due to direct function/flow additions and

medium-to-high DSM centrality.

• Telematics Unit (TCU) — new owner-

notification path and wireless dependency

increases its impact score.

• CAN Bus (CAN)— unchanged structurally but

highest centrality → significant propagation

risk.

• Battery Management System (BMS) — mi-

nor coupling increases (battery checks during

start/charging) produce secondary impact.

F. Recommended Engineering Actions

From the ranked impacts and DSM insights we rec-

ommend, in order:

• Focused verification — Prioritize verification

activities for Electronic Handle Lock (EHL) au-

thentication behavior. The increase of four in-

dependent execution paths (cyclomatic +4) re-

quires explicit enumeration and coverage to

maintain behavioral completeness.

• Security hardening — Strengthen security

across the updated entry architecture by re-

viewing firmware integrity mechanisms, code-

signing practices, and authentication strength

for EHL, keyfob, and telematics interfaces.

• CAN regression tests — Execute targeted re-

gression testing for subsystems communicat-

ing over the CAN bus, focusing on interfaces af-

fected by the introduction of EHL and TCU de-

pendencies.

• Telemetry & monitoring— Enable runtime

logging and telemetry capture for

authentication failures, retry counters, and

owner-notification events. These mechanisms

support post-deployment validation, fault

diagnosis, and assessment of alignment

between modeled behavior and observed field

operation.

• Trace updates & test-case mapping—

Update the requirements traceability matrix to

reflect new functions, states, and interfaces

introduced by the keyless entry change. Map

verification artifacts and test cases to

impacted elements.

Each recommended action links directly to engine

outputs: ranked list (priority), DSM hotspot (scope),

and metric deltas (test effort estimate).
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Figure 1. Functional Architecture – Baseline.

Figure 2. Functional Architecture – Updated.
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Figure 3. Logical Architecture – Baseline.

Figure 4. Logical Architecture – Updated.
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Figure 5. State Machine Diagram – Baseline.
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Figure 6. State Machine Diagram – Updated.
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Figure 7. Sequence Diagram – Baseline.
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Figure 8. Sequence Diagram – Updated.

Figure 9. Dependency Structure Matrix – Baseline
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Figure 10. Dependency Structure Matrix – Updated

Figure 11. Requirements Traceability Matrix – Baseline

Figure 12. Requirements Traceability Matrix – Updated

13



F. Summary of Case Study Findings

The keyless entry change measurably increased

structural and behavioral complexity and

concentrated propagation potential on a small set of

components. The impact engine produced an

interpretable ranking that directly maps to

verification, security, and architecture actions.

These outputs enable evidence-based prioritization

that reduces wasted test effort and focuses

engineering resources where they matter most.

VII. Discussion & Industrial
Utility

The engine translates model edits into measurable,

traceable consequences. In the EV case the replace-

ment of a mechanical key with a keyfob produced

three observable effects:

• Structural growth — +3 functions and +4

flows—these reflect more responsibilities dis-

tributed across components and thus higher co-

ordination cost (scheduling, interfaces, inte-

gration).

• Behavioral branching— +4 cyclomatic paths;

each independent path implies additional

tests and verification scenarios.

• Concentrated propagation potential— DSM

shows CAN remains a high-degree hub; adding

EHL/TCU increased local coupling. This

reveals where regression testing and

architecture hardening yield the largest

return.

These concrete outputs enable engineers to move

from intuition to prioritized action: focus verifica-

tion and security resources where the engine ranks

impact highest, and schedule architectural mitiga-

tion for high-degree nodes. We recommend the fol-

lowing minimal process to integrate the engine into

an MBSE practice:

• Model snapshot policy — Define reviewable

snapshots (milestones) with required SysML v1

exports.

• Automated run: — On each snapshot or

change request, run the pipeline to produce

metric deltas, DSM maps, and ranked impact

lists. Publish CSV + figures to the project

trace/regression board.

• Triage board — Systems engineers, archi-

tects and test leads review the ranked items

weekly—accept/adjust weights and decide mit-

igation (test, refactor, monitor).

• Feedback loop — Use telemetry and verifica-

tion outcomes to calibrate weights and validate

prediction quality.

This workflow keeps the model the single source

of truth, adds programmability via the pipeline,

and embeds impact assessment into engineering ca-

dence.

The approach is broadly applicable to cyber-physical

systems (automotive, aerospace, healthcare, de-

fense) that maintain SysML artifacts.

Key strengths:

• Tool-agnostic metrics—metrics are

representation-centric (FA/LA/SMD/SD) and

therefore portable.

• Transparent and auditable— all

calculations come from exported model

elements; results are reproducible.

• Action-oriented outputs— ranked

remediation items map directly to test plans

and architectural work.

Limitations and caveats:

• Model fidelity dependence— poor or incom-

plete modeling yields low-quality guidance.

Enforcement of modeling standards and mod-

eler training is necessary.

• Granularity sensitivity — while we demon-

strated robustness under reasonable perturba-

tions, organizations must standardize granu-

larity rules to avoid metric drift.

• Behavioral semantics complexity — deeply

nested/ orthogonal SMDs or complex sequence

interactions require careful flattening and may

demand manual review.

• Toolchain maturity — SysML v1 XMI seman-

tics vary between tools; our mapping reduces

friction but occasional manual mapping is re-

quired for site-specific exports.

Business & organizational value:

The engine creates measurable business value by:

• Reducing verification waste — by focusing

tests on highest-impact elements, organiza-

tions can reduce redundant testing and shorten

verification cycles.

• Risk visibility — DSM heatmaps and impact

rankings expose hidden coupling and help pri-

oritize architectural refactoring where it mat-

ters.
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• Faster change decisions — engineers and

managers can quantify the expected verifica-

tion burden and make cost-benefit decisions

about proposed features early.

• Auditability for safety/regulation — metric

artifacts (CSV + DSM) support compliance and

certification evidence by tracing requirement

changes to verification scopes.

Interpretation: the framework is practically useful:

it produces concrete, actionable intelligence from

the models engineers already author. Adoption re-

quires modest process changes (governance, tooling)

but yields higher-confidence decisions, better prior-

itization, and measurable reductions in verification

overhead.

VIII. Conclusion

Conclusion—This paper introduced a reproducible,

model-based impact-analysis framework that quan-

tifies structural and behavioral complexity from

SysML v1 artifacts and ranks the likely propaga-

tion of change using a combined metric + topol-

ogy score. By formalizing a compact set of met-

rics (function/flow counts, functional density, cyclo-

matic complexity, DSM coupling) and operationaliz-

ing them in a Python pipeline, we demonstrated how

a single requirement change (mechanical key→ key-

fob dual authentication) produces measurable incre-

ments in both structural interactions and behavioral

paths, and concentrates risk on a small set of compo-

nents (EHL, TCU, CAN). The outputs—metric deltas,

DSM maps, ranked impact lists—are directly action-

able for test planning, security hardening, and archi-

tectural mitigation.

Closing remarks — By making system complex-

ity measurable, traceable, and operationally action-

able from the authoritative SysML models that en-

gineers already create and maintain, this work ad-

vances Model-Based Systems Engineering from a de-

scriptive practice toward a prescriptive and decision-

enabling engineering discipline. Rather than re-

lying on intuition or post-hoc reasoning, the pro-

posed framework allows teams to quantitatively

assess the downstream consequences of require-

ment changes early in the lifecycle and to priori-

tize engineering effort where it delivers the high-

est value. This capability is particularly relevant

formodern cyber-physical systems, where increasing

connectivity and software-driven functionality am-

plify change-propagation risk. Embedding such an

impact-analysis engine into routine MBSE workflows

enables faster, evidence-based trade decisions, more

focused verification strategies, and improved trans-

parency for both technical and managerial stake-

holders. Ultimately, the approach supports a shift

toward more resilient architectures and more pre-

dictable development outcomes in complex engi-

neered systems.
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